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Abstract

Recurrent epidemics and pandemic threats from respiratory viruses demand a deeper understanding of disease mechanisms and rigorous
ways to evaluate vaccines and therapeutics. AI agents could support the molecular, cellular, and population analyses underlying this work,
but their reliability across these tasks remains uncertain. We introduce BioSecBench-RespiratoryVirus-Countermeasures, a benchmark
of 64 evaluations spanning viral structure and function, immunity and antigenic variation, host response and disease biology, antiviral
activity and resistance, and clinical and population outcomes. Each evaluation pairs a scientific question and source materials with
task-specific grading criteria for numerical, categorical, or structured outputs. Across 22 model–harness configurations spanning 18
models, the highest observed overall pass rate was 30.2% (Gemini 4 Carbon / PI), followed by Claude Sonnet 5.5 / PI (18.8%) and Claude
Fable 5.2 / Claude Code (17.7%). Seven models led or tied for the lead in at least one of the 17 displayed evidence-source, decision-type,
or failure-class groups, and the highest mean pass rate among the seven failure classes was 10.6%. These results identify limitations in
current agents' reliability on the evaluated tasks and provide a baseline for assessing future improvements.

Introduction
Effective vaccines and therapeutics against respiratory viruses remain
an urgent need, as these viruses drive recurrent epidemics and can
spark pandemics [1, 2]. Developing and evaluating them rests on
several kinds of evidence: how viruses cause disease, how immunity
provides protection, whether candidate compounds have antiviral
activity, and whether interventions improve outcomes. For example,
structural biologists use viral protein structures to inform vaccine
and drug design [3, 4], while immunologists characterize immune
responses and antigenic variation [5, 7]. Pharmacologists evaluate
antiviral activity and resistance [4, 8], and clinical researchers and
epidemiologists assess whether interventions reduce infection and
severe disease [9, 10].
AI agents that combine planning, specialized tools, and code execu-
tion could support these analyses [11]. Existing benchmarks evaluate
agents on biological data analysis [12] and therapeutic discovery
and assessment [13, 14, 15], but their reliability across respiratory-
virus disease biology and countermeasure analyses remains uncer-
tain. To assess this, we introduce BioSecBench-RespiratoryVirus-
Countermeasures, a benchmark of 64 evaluations spanning viral struc-
ture and function, immunity and antigenic variation, host response
and disease biology, antiviral activity and resistance, and clinical and
population outcomes. Each evaluation asks agents to answer a scien-
tific question and assesses their outputs against task-specific grading
criteria. Across 22model–harness configurations spanning 18models,
the highest observed overall pass rate on these tasks was 30.2%. By ex-
posing failures in how agents interpret and verify scientific evidence,
this work can guide improvements toward dependable AI assistance
in respiratory virus research and countermeasure development.

Benchmark Construction
The benchmark contains 64 evaluations across five scientific areas:
viral structure, function, and engineering (11); immunity and anti-
genic variation (16); host response and disease biology (13); antiviral
activity and resistance (11); and clinical and population outcomes

(13). Tasks concern SARS-CoV-2, influenza, respiratory syncytial
virus, and other respiratory viruses. They draw on sequencing, struc-
tural and functional measurements, transcriptomics, and clinical and
population records. Figure 2 summarizes the cohort by scientific area,
viral surveillance targets, evidence source, and requested decision.
Each evaluation asks agents to answer a scientific question using a
published dataset available online. We tested 22 model–harness con-
figurations spanning 18models, with three offline runs per evaluation
using PI, Claude Code, and Codex. We graded the requested outputs
using task-specific numerical tolerances, categorical matching, and
structured-output checks. We report pass rates overall and by scien-
tific category, evidence source, decision type, and observed failure
class.

Results
Leaderboard and efficiency
The highest observed mean pass rate was 30.2% (Gemini 4 Carbon /
PI), and all other model–harness configurations scored below 20%
(Figure 1A). Claude Sonnet 5.5 / PI followed at 18.8%, then Claude
Fable 5.2 / Claude Code at 17.7%. These three models accounted for
the five highest-scoring configurations, with Sonnet and Fable each
represented under both PI and Claude Code.
Among the four models evaluated under two harnesses, the higher-
scoring harness differed by model. Claude Code exceeded PI by 0.8
percentage points for Claude Fable 5.2 and 1.0 point for Claude Opus
5.5. Conversely, PI exceeded Claude Code by 2.1 points for Claude
Sonnet 5.5 and Codex by 3.6 points for GPT-6 Astra.
The highest-scoring configuration used fewer output tokens and tool
calls than the runner-up, but cost more and took longer (Figure 1B–E).
Among completed, non-refused runs, Gemini 4 Carbon / PI averaged
84.8 thousand output tokens and 25.9 tool calls, compared with 142.3
thousand tokens and 46.7 calls for Claude Sonnet 5.5 / PI. Carbon’s
mean reported cost and runtime were $4.96 and 72.5 minutes per run,
compared with $2.97 and 41.6 minutes for Sonnet.
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Figure 1: Pass rate by configuration. (A) Mean pass rate over the 64 evaluations, with 95% Student’s t intervals calculated across per-evaluation pass
rates; color identifies the model’s lab. Refusals and errors count as failures. (B–E) Pass rate against mean reported cost, output tokens, wall-clock time
and tool calls per completed, non-refused run, on log scales. The dashed line marks the efficiency frontier.
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Figure 2: Benchmark anatomy. All 64 selected evaluations by (A) scientific category, the area of disease biology or countermeasure analysis; (B) viral
surveillance targets, named viruses or defined surveillance groups; (C) evidence source, the types of observations or measurements analyzed; and (D)
decision type, the requested analytical endpoint. Categories and decision types have one label per evaluation. Targets and evidence sources permit
multiple labels, with each evaluation counted once per applicable label. Other includes targets represented in only one evaluation, unresolved viral
targets, and evaluations without a virus-specific endpoint.
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Figure 3: Pass and refusal rates by scientific category. (A) Pass rate. (B) Refusal rate. Bars show the mean across 18 models, pooling available harness
counts within each model and evaluation before averaging evaluation rates. Dots show individual model–harness configurations. In both panels,
color highlights the best configuration from each of the top four labs, ranked by overall pass rate; other configurations are gray. Category labels give
evaluation counts. Refusals and errors count as failures in A.

Performance by category
Mean pass rates were low across all five scientific categories (7.0–
15.4%), with the highest mean in host response and disease biology
(Figure 3A). The remaining four categories had mean pass rates of
7.0–9.0%. Even within host response and disease biology, the highest
configuration-level pass rate was 48.7%, achieved by Claude Fable 5.2
/ Claude Code.
Lowpass rates persisted in scientific categorieswith few or no refusals
(Figure 3A,B). Clinical and population outcomes had a mean pass
rate of 9.0% despite having no refusals. Host response and disease
biology had a mean pass rate of 15.4% and amean refusal rate of 6.3%.
Refusal rates were higher in the remaining three categories: 21.9% for
antiviral activity and resistance, 16.7% for immunity and antigenic
variation, and 16.3% for viral structure, function, and engineering.

Across evidence sources and decision types, Gemini 4 Carbon led or
tied for the highest pass rate in four of six evidence-source groups and
three of four decision-type groups (Figure 4). Claude Fable 5.2 led on
bulk transcriptomics and tasks assessing relationships or attribution.
On functional assays and screens, however, Mistral Large 4.0 scored
22.2%, compared with 5.6% for Gemini 4 Carbon.
Performance was highest on transcriptomic evaluations among the
displayed evidence-source groups (Figure 4). Mean pass rates were
16.5% for bulk transcriptomics and 13.5% for single-cell/spatial tran-
scriptomics, compared with 6.0–9.0% across the other four groups.
The highest model scores in the two transcriptomic groups were
55.6% and 53.3%, respectively; no model exceeded 26.7% in any other
evidence-source group.
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Figure 4: Pass rate by evidence source, decision type and failure class. All 18 models, with available harnesses pooled within each evaluation, ordered
by overall pass rate. Evidence sources and failure classes can overlap; decision type assigns one label per evaluation. Each evaluation belongs to every
failure class observed in its reviewed failed runs. Outlined cells mark column leaders, including ties, and the bottom row is the mean over models.
Columns with fewer than five selected evaluations are omitted and cells with fewer than five observed evaluations are blank. Refusals and errors count
as failures.
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Failure decomposition
Mean pass rates were below 11% across all seven overlapping failure
classes (Figure 5). Group means ranged from 9.1% for signal mis-
interpretation to 10.6% for criterion substitution. In every group, at
least 15 of the 18 models had pass rates below 20% (Figure 4).
Gemini 4 Carbon led every failure class, but its pass rates remained be-
low 32% (Figure 4). Claude Sonnet 5.5 ranked second in every group,
with pass rates of 16.9–21.6%. Carbon’s lead over Sonnet ranged from
8.0 percentage points for signal misinterpretation to 14.3 points for
unused evidence.
Failures to act on contrary evidence and verify conclusions occurred
throughout the benchmark. Ignored contrary evidence and ineffec-
tive verification each appeared in failed runs from all 64 evaluations,
whereas the other five classes appeared in 44–62 evaluations (Fig-
ure 5). Agents sometimes submitted an answer despite having identi-
fied a better approach or a reason to doubt their result. In other cases,
agents tried to verify their answers by repeating calculations with the
same faulty assumptions, or omitted contradictory results from the
final report. 0% 10% 20% 30%

Mean pass rate
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Figure 5: Mean pass rate by failure class. Mean over the 18 models of
each model’s pass rate on the evaluations in the class, with available har-
nesses pooled within each evaluation. Evaluations can belong to multiple
classes; n is the number of evaluations in each class. Refusals and errors
count as failures.

Discussion
BioSecBench-RespiratoryVirus-Countermeasures measures whether
AI agents canmake the analytical decisions required to study diseases
caused by respiratory viruses and evaluate countermeasures against
them. Across 64 evaluations, the highest observed overall pass rate
was 30.2%, indicating that reliable completion remains difficult on
these tasks. Refusals contributed to low scores but did not fully ex-
plain them: clinical and population outcomes had a mean pass rate of
9.0% despite having no recorded refusals. Review of failed executions
also showed that some agents submitted answers despite recognizing
problems with their analyses or computing better-supported alterna-
tives. In other cases, agents tried to verify their answers by repeating
calculations that relied on the same faulty assumptions. These ob-
servations motivate evaluating whether agents can use contradictory
evidence to revise their conclusions and perform checks capable of
detecting errors in their analyses.
A main limitation in this benchmark is the number and breadth of
tasks within each scientific category. Each category contains 11–
16 evaluations, and coverage was constrained by the availability
of suitable published datasets. Some respiratory viruses, evidence
sources, and analytical decisions are therefore less represented than
others. More tasks drawn fromdifferent datasetswould help establish
whether observed weaknesses recur across analyses or reflect difficul-
ties specific to individual evaluations. Broader viral coverage would
also allow us to examine whether agents can apply similar analytical
methods across biological systems with different properties.
This benchmark provides a tool for researchers assessing AI agents
for respiratory virus disease biology and countermeasure evalua-
tion. Task-level results show how agents perform on specific scientific
analyses, while failure analysis characterizes the errors observed in
unsuccessful runs. As agents improve, the benchmark can help re-
searchers assess whether those advances translate into more reliable
analyses of disease biology, immunity, vaccines, and therapeutics in
respiratory virus research.
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