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Abstract

Agentic Al is currently being deployed across oncology by patients, caregivers, researchers, and healthcare providers to
compress analysis timelines, increase decision confidence, and provide reasoning support. The promise of agentic Al is
clear, but general deployment requires trusted evaluation benchmarks that mimic the clinical journey. We introduce
OncologyBench, a verifiable benchmark of 25 multistep-oncology evaluations that tests the ability of 31 Al model-harness
combinations. Each evaluation is built from a set of deterministically graded analytical questions (Tasks), that form the
input data to make a final clinically relevant conclusion (Decision), in prose, that is graded by a rubric. The data used for
these evaluations is from publicly available manuscripts, case studies, or databases. In addition, we utilized a consented
patient case study data for the express purpose of benchmarking. Evaluations span multiple decision categories that may
occur along a clinical oncology journey. To replicate this, multiple agents work through the Tasks in parallel and their
outputs are provided to a final agent to reason over and make a Decision. Our results indicate, highest performance scores
for Opus 5 & 5.5, Sonnet 5.5 at 29-40% and followed by Kimi K3 at 24% among the 31 Al model-harness combinations
that we tested.

We found that the models with the strong interpretation and analysis skills still showed weakness in reasoning. In a
separate experiment we found decision and answer quality varied depending on the persona of the question asker. With
the known limitations of our work, we believe our current Oncology Benchmark effectively measures the performance of
these frontier Al models being utilized by different personas.

Introduction scriptomic analysis, and a spatial report before recommending a
biomarker strategy to aid patient stratification for an upcoming

Research, diagnosis, treatments, and outcomes in oncology are trial. The ultimate decisions that these experts make are typi-

driven by reasoning across integrated analyses and interpretation cally a synthesis of multiple discordant data analyses that often

of multiple discordant data types. Importantly under the con- contradict each other. These experts may or may not have direct

straints of a resolved clinical journey, decisions are often made interactions, and experts can rarely transfer full context to others,

. . . L 1 often constrained by time, region, and regulation. In the creation
under time and economic constraints, in silos, and with incom-

plete information. A simple workflow for a cancer diagnosis may of OncologyBench we hoped to more closely replicate the inte-

be built on analysis based on blood screening, imaging, pathol- grated environment that characterizes modern oncology practice,

ogy, and sequencing. These data types are typically handled, an- including regulatorily constrained and siloed data analyses and

alyzed, and interpreted by their own experts, while an integrated interpretations. To this end, we stepped away from the typical

decision is made by another expert. A translational researcher singular evaluation structure that we have previously published.

might enlist the expertise of a molecular pharmacologist, a tran- Each of the evaluations we built requires a series of parallel data

analyses and interpretation allowing an agent to reason around



a final decision. Each evaluation is built from a set of determinis-
tically graded analytical questions (Tasks), that form the input
data to make a final clinically relevant conclusion (Decision), in
prose, that is graded by a rubric. We believe that this structure
provides a robust framework for evaluating the performance of
agentic Al that would be used by real people in a modern oncol-
ogy setting. The use of agentic systems in oncology is growing
and a robust, trusted, framework for categorizing their perfor-
mance and failure modes will provide a deep understanding of
current capabilities. A fulsome understanding is important for
researchers, clinicians and patients to ensure the highest level of
care.

Our group has developed multiple benchmarks that have been
released to evaluate agentic performance on biological tasks.
First, SpatialBench and scBench were released to evaluate per-
formance on deterministic spatial and single-cell transcriptomic
tasks, respectively [1,2]. Growing from this foundational work,
EpiBench [3] and VariantBench [4] were released for epigenomic
and variant analysis, respectively. This concept was expanded fur-
ther in SpatialBench-Long and scBench-Long to evaluate agents
on long-horizon tasks that require extended analysis from raw
data [5,6]. More recently, a suite of benchmarks has been re-
leased to evaluate agentic performance on therapeutic develop-
ment tasks: TxBench-PP [7], TxBench-Antibody Discovery [8],
and TxBench-Oligonucleotide Discovery [9] cover preclinical
pharmacology, antibody discovery and oligonucleotide discov-
ery, respectively. Although these single-agent benchmarks are
built on assay-specific or drug-development-specific determinis-
tic tasks, they form the foundation of OncologyBench.

Other groups have evaluated Al in oncology and across the sci-
ences. MTBBench [10] poses molecular tumor board questions
over multimodal and longitudinal patient records, answered in
multiple-choice or true/false form, and MEREDITH [11] com-
pared an LLM system’s treatment recommendations with those
of a molecular tumor board on ten fictional cases. Terminal-
Bench-Science [12] collects expert-written research workflows,
each completed by a single agent and graded deterministically.
Its tumor-immune interface task, for example, asks an agent to
annotate cell populations in imaging mass cytometry data from
pre-treatment melanoma biopsies and to compare immune in-
filtration around the tumor between patients who did and did
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not benefit from anti-PD-1 therapy. HealthBench [13] instead
scores open-ended health conversations with laypeople and clin-
icians against physician-written rubrics, and HealthBench Pro-
fessional [14] applies the same approach to real clinician chats,
including in hematology and oncology; neither requires analysis
of raw data.

OncologyBench builds on the foundation set by our previous
benchmarks and expands it to a multiagent, decision-centric
framework built to replicate the discordant data, the collabora-
tion between experts, and the high stakes of a clinically relevant
oncology decision. It requires agents not only to analyze and
interpret datasets with varied inputs, but also to synthesize those
analyses into final decisions with defensible reasoning under
realistic conditions.

Benchmark Construction

OncologyBench evaluations were constructed from indepen-
dently re-deriving consequential conclusions from both publicly
available oncology data sets and one patient’s data that was do-
nated for the express purpose of benchmarking. Specifically,
the open sourced scientific literature including research papers,
reviews, and case studies were used to identify deterministic
tasks and decision points for the majority of the benchmark eval-
uations (Figure 1a). Public data sets including TCGA [15-18]
and AACR Project GENIE [19], most widely known for their
pan-cancer genomic resources, DepMap/CCLE [20] and Cell
Model Passports/GDSC [21,22] for functional and pharmacoge-
nomic profiling, Beat AML [23] and MMRF CoMMpeass [24]
for deep longitudinal characterization of AML and myeloma,
CPTAC [25] for proteogenomics, HCMI [26] for patient-derived
model characterization, and TCIA [27] for radiologic imaging,
were used to rederive original findings and provide substrate
for agentic workflows spanning genomic, transcriptomic, phar—
macogenomic, proteomic, and imaging modalities across both
broad pan-cancer and disease-specific contexts (Figure 1b).

Additionally, a subset of evaluations were constructed from pa-
tient data that was donated to Latch for the express purpose of
benchmarking agentic workflows. This data proved extremely
valuable as a cornerstone example of messy, real-world data.

(b) Public datasets
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Figure 1: Data used in benchmark construction. (a) Data source types that were used to create evaluations. (b) Public datasets that were used to create

evaluations.



This set of evaluations was built to represent a useful evaluation
of the current state of model capacity in multi-agent decision
based oncology work. Independent experiments were also de-
rived by expanding one specific evaluation on two axes (1) the
setting (vide infra) and (2) model capability. These specific ex-
periments were extracted and run to explore the impact of the
persona of input user on multiagent performance, and to eval-
uate the level of information quality presented to a user across
free and paid LLM tiers.

These evaluations were built to evaluate some of the multiple pro-
fessional archetypes that practice oncology. Some of our evalua-
tions are built around a single patient’s data while others require
analysis across a cohort of patients, and others reason across
population level data sets. These various takes on evaluation
construction allow us to benchmark the multiple ways data is
utilized across an oncology practice and research organization.
Alongside multiple patient data types, we also explored multiple
settings for which the evaluations were centered on. This context
was provided to set the stage and stakes for the agent’s work and
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included settings such as an attending oncologist, a molecular
tumor board, or a translational researcher.

Benchmark Anatomy

Individual evaluations that make up OncologyBench are mapped
to a typical clinical flow. This mapping allows us to build tar-
geted evaluations across the various stages of a representative
oncology diagnosis and treatment. These evaluations can be
mapped to a primary stage that we defined as S0-S5 along this
flow (Figure 2a). While all evaluations map to a primary stage
most of them also map to a secondary stage, usually adjacent to
its primary stage. Although we worked to capture all the stages
that we defined, some stages are over-represented relative to
others. Treatment selection is the most represented stage of the
clinical flow because of high consequence to clinicians and pa-
tients. Translational and Program is the second most represented
as it encompasses a variety of early stage basic and translational
research that is enabling a clinical outcome or decision.

(b) Decision archetype
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Treatment-justification audit |G 5
Integrated tumor board _ 4
Selection-rule ruling [INEG__—__ 1
Patient allocation / triage [INEG__ 3

Operative planning readout Il 1
Outcome forecast Il 1
Trial-eligibility screen [l 1

0 2 4 6
Evaluations (count)

Figure 2: Benchmark anatomy. (a) Mapping of evaluations to stage in a clinical workflow. (b) Mapping of evaluations to a decision archetype.

Furthermore these evaluations can be decomposed and sorted on
the decision archetype that they necessitate (Figure 2b). These
types of decisions can be calls that a clinician, a molecular tumor
board, or a translational researcher would likely make. Each
decision is built from a synthesis of the provided data and sub-
analyses. Program advancement is the single most represented
evaluation type due to its high consequence to drug developers,
translationalists, clinicians, and ultimately patients.

Although the Decision is the capstone of the evaluation, each of
these decisions are built on a foundation of deterministic single-
data-type tasks. The benchmark is made up of 25 evaluations

Tasks by skill family

each supported by between 1-7 of these Tasks. These Tasks cover
a wide variety of the assays and analysis that would be encoun-
tered in a clinical oncology setting. Examples of these skills can
be broken into families that include calling somatic variants, clin-
ical record reasoning, statistics, and spatial imaging along with
others (Figure 3). Overall there are 92 Tasks that cover 35 distinct
assay types represented across nine skill families. Importantly,
evaluation Decisions in each stage of the clinical flow, in all cases,
test a diverse set of skill sets and assay types in their compo-
nent Tasks (Figure 4). This architecture is a result of an oncology
question being inherently multimodal in required data input.

Variant / genome interpretation [N 30 (33%)
Clinical-record reasoning e 15 (16%)
Statistical inference [INEGEGE 11 (12%)
Evidence & data integrity [INGGN 10 (11%)
Normalization & denominators |GGG 10 (11%)

Multi-omic concordance [INEGEG_G__ 7 (3%)
Pathology / THC reading NG 5 (5%)
Cohort construction & joins [l 2 (2%)
Spatial & imaging quantitation [l 2 (2%)
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Figure 3: Tasks by skill family. Mapping of tasks that make up an evaluation to the skill/assay families they test.
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Clinical-flow stage of the Decision

S0 Translational & program

7 evaluations / 6 data classes

S1 Risk & detection

2 evaluations / 3 data classes
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S5 Outcome & trial matching
3 evaluations
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Figure 4: Data used by Tasks in each evaluation. Data types required for evaluations mapped to the clinical flow of the evaluation decision.

Evaluation Design and Scoring

Our previous benchmarks have been built from a collection of
evaluations that test analysis and interpretation of single datasets
across single assays (Figure 5a). In this benchmark we expanded
this idea into parallel single domain tasks that guide a reasoning
based decision (Figure 5b). Examination Tasks are single, deter-
ministic analyses built around one data type and one method,
each graded against a fixed, machine-checkable answer. Deci-

(a) Prior evaluations

sions, by contrast, evaluate reasoning that is derived from a set
of intermediate Task interpretations. A Decision is an answer in
prose in which the agent must weigh the Task outputs feeding
it, resolve any discordance between them, and commit to a sin-
gle clinically or translationally meaningful conclusion. Because
a defensible Decision could admit more than one valid line of
reasoning, and because the same underlying evidence can be
phrased correctly in many different ways, decisions are graded
by rubric rather than by exact match.

(b) OncologyBench evaluations
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Figure 5: Evaluation construction comparison. (a) Information diagram from previous short horizon evaluations, (b) information flow diagram that

governs OncologyBench Evaluations.



Concretely, each evaluation is composed of the following pieces,
a Setting, a Data Node, a number of Tasks, a Decision, and a Grader.
The Setting sets the scene for the entire evaluation and is passed
to each of the Tasks and the Decision. An example setting could be
that you are a translational researcher assessing the strength of a finding
in receptive lymph nodes for use as a perioperative risk-stratification
signature. Each Task is composed of a Prompt, a link to Data Nodes
that provision the required data, and a pre-specified Answer for-
mat. Finally for each Task the Decision is provided the Answers,
the Prompt, and the resultant Trajectory.

This structure is deliberately distinct from the long-horizon eval-
uations from SpatialBench-Long and scBench-Long, in which a
single long-horizon task chains multiple analyses in series and
each step depends only on the one before it. Each of these Deci-
sions instead sits downstream of several parallel Tasks, typically
three to five but ranging as high as seven. These Tasks exist as
one per independent data type or analysis, so the agent must
reconcile discordant interpretations rather than carry a single
reasoning forward. This structure was created to mimic the path
an oncology journey may take, many times requiring input and
analysis from multiple experts to arrive at a single decision.

Each rubric pairs positive criteria, which reward the reasoning
a defensible decision requires, with penalty criteria for specific
errors, such as overstating what the data show or relying on
evidence the record does not support. In several evaluations
the conclusion is that the available data cannot settle the ques-
tion. There, the rubric rewards an agent that says so and names
the evidence that would settle it, rather than one that forces a
commitment the record cannot support. For example, a HER2
immunohistochemistry score of 2+ in breast cancer is equivocal
and cannot by itself show whether the tumor is HER2-positive,
which is what determines eligibility for standard HER2-targeted
therapy. A clinician would not start or rule out that therapy on
this result alone but would order in situ hybridization to test for
gene amplification, and the rubric rewards an agent that does the
same rather than treating the first result as settled. This construc-
tion allows us to test the agent reasoning in this decision setting
where correct outcomes can be correct along different lines of
reasoning.

In the current release, each rollout is scored as a binary pass or fail
against its evaluation’s grader, and topline results are reported
as pass rates across rollouts. In this rollout a failure of any single
Task or the Decision results in an evaluation fail. The underlying
results, including their separate Task and Decision components,

are recorded for every rollout, and we are evaluating their use
as a continuous secondary metric that can distinguish a near
miss from a complete failure. Scoring the two components sepa-
rately also serves a diagnostic purpose. It separates an agent that
analyzes correctly but decides poorly from one that reaches a de-
fensible call without having recovered the evidence that should
inform it, a distinction a single pass rate cannot make.

Multi Agent Orchestration and Inter-
action

These evaluations were designed such that each Task was com-
pleted by a single agent in isolation. In order to furnish the final
Decision, the Setting, and each Task Prompt, the Answer, and the
Trajectory were passed to the agent to solve the final Decision. We
chose to constrain the information flow this way to replicate the
way experts in a clinic or research team may interact. Specifically
by passing along high level answers as well as reports to the deci-
sion maker, while not expecting that final decision maker to per-
form the underlying analysis again. Although we are cognizant
that this is not a perfect representation of a real life interaction,
or an idealized multiagent workflow, we believe that this is a
useful way to reconstruct these interactions for benchmarking
purposes. To this point we also ran standalone experiments to
test if different formats of multiagent interactions, with more or
less constraints changed the overall scores or behaviors.

Results

The highest mean pass rate for any model / har-
ness pair was 40.00%

Ultimately we tested 6 model families and 4 execution harnesses
across our benchmark (Figure 6a). Opus 5 / Pi, Opus 5.5 / Claude
Code (CC), Opus 5 / CC, and Sonnet 5.5 / CC were the top per-
forming setups, all scoring >30% overall pass rate, followed
closely by Opus 5.5 / Pi and Sonnet 5.5 / Pi (29%). After this
set, Kimi K3 / Pi (24%) was the next highest performing model,
ranking higher than any of the GPT-6 and Grok class models.
Opus 5.5 had the highest refusal rate of any model that we tested
(Figure 6b). When run with the Pi harness it refused 48% of
attempts (36 of 75). Refusal rates dropped when run with the
CC harness (27%). These refusals may be dragging down the
overall performance of this model in our current study.
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Figure 6: Pass rate by configuration. (a) Mean pass rate with 95% intervals; colour indicates model family and marker indicates harness. (b) Evaluations
passed in zero to three attempts, with refusals and timeouts indicated.
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Cost to run the model impacts performance

Within model classes increased cost per eval typically increased
pass rate. In our current study the frontier Claude family of mod-
els systematically outperformed other models (Figure 7a). This
family tended to cost the most per evaluation and result in the
highest pass rates. Unsurprisingly within a model family cost
to run a model correlates with pass rate. This trend does not
hold between families and is demonstrated by the Pareto frontier
spanning GPT, DeepSeek, Kimi, and Claude models.

Token consumption was less correlated with pass rate (Figure 7b).
The Claude family of models were fairly consistent in their to-
ken consumption and spanned a wide range of pass rates. On
the other hand, the GPT family of models displayed opposite
behavior and spanned a wide range of token consumption which
resulted in a narrow band of performance. Unsurprisingly GPT-6
class models consumed more tokens than earlier GPT-5.6 models.

Agent turns did not correlate with pass rates and agent turn
numbers seem to be governed by model behavior (Figure 7c).

A Performance by task category (PI)

opus 5 T- v 20

GPT-6 Astra - 30 0 25 10
Gemini 3.7 Flash - 26 6 8 14
Grok 4.6 - 11 17 38 24
DeepSeek 4.1 Flash - 15 6 17 14
Kimi K3 - 22 28 17 21
Clinical-record Multi-omic Normalization & Variant / genome
reasoning concordance denominators interpretation
(n=9) (n=6) (n=8) (n=14)

B Performance by decision archetype (PI)

e * >

GPT-6 Astra - 17 11 o
Gemini 3.7 Flash - 42 6 0 [}
Grok 4.6 - 25 33 0 8
DeepSeek 4.1 Flash - 17 11 [} 8
Kimi K3 - 25 39 0 0
Integrated tumor Program Trial-eligibility Selection-rule
board advancement screen ruling
(n=4) (n=6) (n=1) (n=4)

Evidence & data

Specifically GPT class models typically produce the fewest turns,
while Claude class models result in moderate turns. Gemini mod-
els result in the greatest number of turns. Interestingly, Gemini’s
increased turn count did not result in increased pass rates.

Model performance across Task categories var-
ied with the model family

Opus 5 models perform best overall, with the highest pass rates
of the six models on clinical-record reasoning (44%) and pathol-
ogy/IHC reading (60%) (Figure 8a). In contrast to this behavior
Gemini 3.7 Flash underperformed across the board but did better
in Pathology/IHC and Spatial/Imaging. Grok, on the other hand,
was strongest in normalization and denominators but drastically
underperformed in the Pathology/IHC category. Interestingly,
Kimi K3 was second only to Opus 5 in four of the nine categories.
Comparing models by decision archetype is informative but as
some of the categories have limited representation, pass rate
comparisons are not significant across the entire set (Figure 8b).
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Figure 8: Performance by (a) Task category and (b) decision archetype. Pass rates for six models on Pi; n is the number of evaluations per category.

The gap that is exposed in this benchmark is
not analysis and interpretation, but reasoning
and decision making

Across the board these models performed well on the individual
tasks (Figure 9). Across configurations, the share of attempts
with every Task passed ranged from 37% to 69% and exceeded
50% for 24 of 31. The majority of models take a major hit in pass

rate upon applying decisions across the Tasks that it may have
solved correctly. Although all models displayed this behavior
the gap between analysis and reasoning performance is most
pronounced across the Grok models. Interestingly Opus 5.5 dis-
played the smallest gap in analysis and reasoning performance.
When deployed with both the Claude Code and Pi harness Opus
5.5 displays relatively minimal analysis to the reasoning gap.



Task eval and Decision eval pass rates
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Figure 9: Analysis versus decision. Share of attempts with every Task passed (open circles) and the Decision passed (filled circles), by configuration.

Persona and setting impact evaluation perfor-
mance

Cancer data such as imaging, genomic sequencing, biopsy stain-
ing, and therapeutic trial suggestions is no longer accessible only
to clinical experts. Most patients can now download their own
records, and many are beginning to upload them to commercially
available models to ask about their condition and treatment op-
tions. With this in mind, we constructed a constrained experi-
ment where we asked the same question in six voices: a mother,
a father, the patient, a patient advocate, the treating oncologist,
and the reporting pathologist.

This experiment uses one evaluation built from a donated pe-
diatric osteosarcoma case, a 10-year-old boy with lung relapse
whose resected tumor and saliva were sequenced. The Setting
gives the agent the vendor report and its tables, raw exome data

from the tumor and the saliva, and tumor RNA. Four parallel
Tasks are each completed by a separate agent: tumor suppressor
status, the origin of the TP53 change, HLA genotype and loss in
the tumor, and tumor ploidy with copy number. The Decision
agent receives the four Task answers and prompts, but not the
data, and replies to the person asking with one of three decisions:
start radiation now, hold it for a MAGE-A4 trial, or cannot de-
cide. The correct advice is to start radiation now. Comparing
tumor with saliva shows that the TP53 change arose in the tu-
mor, which satisfies the hospital’s rule for proceeding, and loss
of HLA-A*02:01 makes the trial too uncertain to wait for. We
crossed four models (Opus 5.5, Sonnet 5.5, Grok 4.7 and GPT-6
astra), two harnesses and the six voices, running 20 rollouts of
each combination. Only the Claude models passed. Opus 5.5
passed 83% of its rollouts and Sonnet 5.5 75%, while Grok 4.7
and GPT-6 astra never passed for any asker (Figure 10).
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Figure 11: The TP53 Task, family versus expert askers. Answers that called the change somatic (top) and answers that relied on the vendor report
(bottom), by model. An answer relied on the report when it cited the report’s variant calls and did not call the change somatic. Whiskers show Wilson
95% confidence intervals; p values are from two-sided Fisher exact tests within each model.

The models failed at different Tasks, and the Decision inherited
each failure. Because the Decision agent never sees the data, its
advice followed the TP53 answer in almost every rollout. GPT-6
nearly always concluded that the origin of the change could not
be established, and so never reached the correct advice. Grok
usually read TP53 as unchanged. That also gives no reason to
hold radiation, so Grok often reached the right advice on a false
premise.

The failing models erred in different ways. All four models
looked at the relevant data and recognised the TP53 fusion, but
drew different conclusions from it. Opus and Sonnet compared
the tumor with the saliva, saw that the saliva retains both copies
of the region the tumor had lost, and correctly called the change
somatic. Grok examined the same evidence just as thoroughly,
but judged TP53 by point mutations alone and accepted the
vendor report’s statement that it was unchanged, a failure of



interpretation rather than effort. GPT-6 did far less work, making
about a third as many tool calls as the other models and opening
the decisive allele table in fewer than half of its rollouts. It in-
sisted on a form of proof the sequencing could not provide and
left the question unsettled.

For Grok, the asker changed the analysis itself. Grok reached the
correct TP53 answer more than twice as often for expert askers
as for family askers (16% against 6%, p = 0.014). With family
askers, it was more than twice as likely to defer to the vendor
report (43% against 19%, p < 0.001). The other models analysed
the case the same way whoever asked. Opus 5.5 and Sonnet 5.5
called the change somatic in 478 of their 479 rollouts and never
deferred to the report. GPT-6 astra called it somatic in 1 of 240
and deferred to the report about as often for family as for expert
askers (68% against 59%, p = 0.20; Figure 11).
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For the other models, the asker shaped how the reply was written.
One of our rubric criteria asks whether the reply suits its reader.
This could be plain language and questions to bring to the oncol-
ogist for families, words a child can follow for the patient, and
precisely stated evidence for experts (Figure 12). Opus met this
criterion for nearly every asker, and roughly tripled its density
of technical terms from the child to the pathologist. GPT-6 wrote
to families in almost the same register it used for experts, failing
the criterion for the child in every rollout. Opus went from 3.1
technical terms per 100 words for the child to 9.4 for the patholo-
gist, and Sonnet from 3.9 to 10.4, whereas GPT-6 used 7.2 for the
child and 11.2 for the pathologist, writing to families in nearly the
register it used for experts. Grok adapted well for the mother but
almost never for the father, even though both received identical
instructions.

[ Sonnet 5.5
10.4 10.4
7.1
4.6 5.6
| i 3.9 .
" Mom  Dad  Pat.  Adv. Onc.  Path.
I GPT-6 astra
10.3 11.2
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L ) L )
Family askers Expert askers

Figure 12: Technical language in the Decision reply, by model and asker. Mean technical terms per 100 words for family askers (mother, father, patient
(Pat.), advocate (Adv.)) and expert askers (oncologist (Onc.), pathologist (Path.)). Error bars show 95% confidence intervals.

Discussion

Clinical and translational decisions in oncology are rarely made
by one person working from one dataset. They are built on sev-
eral analyses, each carried out by a specialist on a given data
type, whose reports are then weighed by someone who does not
typically repeat the underlying work. OncologyBench is built to
benchmark agents working in that setting.

Each Task isolates one analysis with a single correct answer, so it
can be graded deterministically and reproducibly. Several Tasks
run in parallel to support a Decision, which receives their prompts,
answers, and trajectories but not the data. This was modeled after
a clinician receiving specialist reports rather than raw files. The
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Decision is graded by rubric, because the right way to combine the
evidence varies from case to case and can be argued along more
than one line. Sometimes one assay may be inconclusive and
the agent must then shift its weight onto the remaining analyses.
Sometimes a single finding decides a decision and the others
only refine it, and sometimes every analysis supplies a different
part and none can be dropped. A benchmark built this way tests
whether an agent can weigh independent and sometimes discor-
dant evidence, not only whether it can compute. Scoring each
Task and the Decision separately allows failures to be traced either
to the analysis that produced it or to the reasoning that followed.

OncologyBench revealed that models with strong analysis
and interpretation performance still demonstrate weakness
in reasoning. The evaluation framework within OncologyBench



presents two challenges: a set of deterministic Tasks that evalu-
ate analytical computation on a specific dataset against a fixed
ground truth, and a clinical Decision that tests prose-based reason-
ing against a standardized rubric. Because an evaluation requires
all components to succeed to achieve a passing grade, aggregate
pass rates alone cannot isolate specific failure modes. Crucially,
analytical and reasoning capabilities can diverge in both direc-
tions. A sound clinical argument can rest on flawed data analysis,
or an accurate computation can be misapplied during the final
decision-making process. By independently scoring each Task
and Decision, the benchmark isolates agents that analyze well but
reason poorly from those that synthesize defensible conclusions
from flawed premises.

A sample evaluation that audits a hospital’s transplant-referral
rule for acute myeloid leukemia against the most recent risk
guidelines shows why analysis and decision must be scored sep-
arately. Agents had to decide whether a transplant-referral rule
still holds under the updated guidance, drawing on the analy-
sis from three analytical Tasks, and for the Decision, both failed
independently of each other. Rollouts that missed a guideline
exemption in the first Task still wrote convincing recommenda-
tions, because the wrongly reclassified patients resembled the
high-risk group. Seventeen of them passed the Decision while
referring 22 favourable-risk patients for transplant. Others an-
alyzed correctly but over-read a valid finding and abandoned
genetic risk altogether. A rubric on the final recommendation
alone would have rewarded the first error and could not have
traced the second to reasoning rather than analysis.

In other cases every Task was answered correctly and the De-
cision still failed, because reasoning presented a gap for these
models. In one evaluation, agents choose what a blood-based
cancer-screening program should fund next. All 87 rollouts with
every Task correct made the right investment, but 65 of them
failed the Decision. In this case they rejected the alternative, a
lower detection threshold, without quantifying the false positives
that would appear in the low signal samples. Here the analy-
sis supplied everything the Decision needed but reasoning skills
were lacking.

The same pattern held across tasks in the benchmarks. Only 19%
of rollouts passed every component. Importantly success at the
Task level was a poor guide to success at the Decision level. Two-
thirds (67%) of rollouts that completed every Task correctly still
failed the Decision pointing to a gap in reasoning performance,
not analysis. This fact is emphasized by the fact that most frontier
models passed the Tasks at a high rate, while the Decision is the
place where models separated most. Opus 5.5 lost 28% of its
correct analyses at the Decision, whereas GPT-6 astra and Grok
4.7 lost 69% and 72%. Analytical accuracy and decision reasoning
are therefore distinct capabilities.

Model performance increased with the cost to provision that
model. While this may be an obvious finding, we believe it is
important to highlight. As LLM usage becomes ubiquitous, more
people are turning to commercially available models to provide
insight, a second opinion, or serve as a primary health profes-
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sional. In our observations the more the model costs to run, the
higher quality the decisions become. We believe this is important
as it may contribute to a health information quality disparity be-
tween people using high cost and low/free models in high-stakes
health decisions.

The persona experiment was built around a situation that is
fast becoming routine. A patient or family member holds the
same reports and raw sequencing data as the clinician, and asks
a commercially available model what they mean. Only Opus
5.5 and Sonnet 5.5 recovered the decisive evidence reliably, and
three findings stand out.

Separate scoring exposed false positives, because the decision
agent sees only the task answers, its call followed the TP53 task
in almost every rollout, right or wrong. Judged on the decision
alone, Grok would have been credited in 61% of rollouts. Yet
121 of those 134 calls rested on an incorrect task, usually a TP53
answer that Grok’s own tumor-suppressor task contradicted. A
single pass rate cannot separate these false positives from a cor-
rect call reached on correct evidence; scoring the tasks and the
decision separately can.

The failing models broke down at different steps. Grok’s anal-
ysis was thorough: it examined the tumor and saliva data as
often as Opus and identified the fusion in every rollout. It then
misinterpreted what it found, judging TP53 by point mutations
and deferring to the vendor report’s claim that the gene was
unchanged. GPT-6 analyzed too little. It demanded proof the
sequencing could not provide and overlooked the comparison
the data did allow, so its decision to hold applied the hospital’s
rule correctly to an incorrect premise.

The asker shaped both the reply and the analysis. The Claude
models adapted their language to each reader, from plain words
for the child to precise evidence for the pathologist. GPT-6 wrote
to families almost as it wrote to experts, and Grok did not carry
the plain language it used for the mother over to the father, de-
spite identical instructions. Interestingly for Grok, the asker also
changed the analysis itself. Grok reached the correct TP53 answer
more often for clinicians than for families, and leaned more on
the vendor report when a family member asked. When families
may be the most frequent users, a model whose quality depends
on who is asking is a behaviour that should be highlighted.

Limitations

Like any benchmark, ours reflects design choices that define its
scope. No single benchmark can capture every task an oncologist
faces, and the current work focuses heavily on treatment selection
and translational decisions. Risk and detection, and response and
resistance, are represented by a smaller set of evaluations and are
natural areas to expand for future work. Roughly a third of Tasks
involve variant interpretation, and adding pathology, spatial and
imaging analyses would broaden the modalities covered. Future
versions could also include cancers not yet represented, such
as prostate, pancreatic, ovarian, melanoma and brain tumors,



and extend hematologic coverage beyond AML and myeloma
and pediatric coverage beyond a single patient. The benchmark
is intended as a representative sample of oncology work rather
than an exhaustive one.

We chose deterministic grading for the analytical tasks because
it is reproducible and transparent. The tradeoff is that it favors
specific analytical choices, and because an evaluation passes only
when every check passes, evaluations with many components set
a high bar. Decisions are graded by a single LLM grader against
rubrics derived from the primary literature, including research
papers and case studies, which keeps scoring consistent across
tested models. Scores still depend on how rubrics are worded,
and repeat grading occasionally differs. Measuring the grader’s
agreement with practicing oncologists is a valuable next step
because clinical decisions often have more than one defensible
answer.

To keep the benchmark openly reproducible, we built it from
public, retrospective data. We chose to use open-access research
cohorts and published datasets under non-commercial research
licenses, rather than controlled-access clinical data or licensed
resources. These cohorts are cleaner and less longitudinal than
real patient records. Prospective clinical utility is outside the
scope of this work. Because models may have encountered the
source findings during training, we followed our previous bench-
marking work in blinding identifiers, withholding annotations
that would reveal answers, and disabling internet access. Some
answers may still reflect recall as well as derivation.

Agents worked in an offline, static environment, without access
to guidelines, knowledge bases, trial registries, the literature or
some specialized bioinformatics tools, which isolates what they
can derive from the data in front of them. Each case asks for a
single decision which is effectively a simplified stand-in for multi-
turn conversations with patients and families. The benchmark
also defines the multiagent structure, fixing how each evalua-
tion is split into Tasks and what the Decision stage sees. Letting
agents choose their own division of labor, as real teams do, is
a natural extension. Our experiments on persona center on a
single donated pediatric osteosarcoma case. Many rollouts per
agent-harness pair give strong technical replication for that case,
and adding further cases would test how broadly the findings
generalize. Taken together, these choices give a reproducible,
controlled view of where agentic Al in oncology stands today,
and a foundation to build on.

Conclusions

Models that analyzed data equally well differed in Decision qual-
ity. Opus 5.5 was the only model to perform nearly as well at the
Decision as it did on the Tasks. Others, including GPT-6 astra and
Grok 4.7, matched it on the Task analysis but lost most of that ad-
vantage when asked to commit to a call through poor reasoning
and decision making. The most critical step in an oncology jour-
ney, weighing evidence and making a decision, is therefore the
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one where model capability currently lags. Evaluating models
on analytical accuracy alone would overstate their readiness to
support real oncology decisions for use by patients, clinicians,
and researchers.

Methods

Benchmark composition and data

OncologyBench includes 25 decision evaluations based on pub-
lished oncology research, experimental and clinical datasets, and
individual patient cases. Each decision evaluation includes one
or more foundational task evaluations. These task evaluations
test an agent’s ability to answer specific analytical questions using
provided data, such as detecting a molecular change, measur-
ing an imaging parameter, or interpreting a treatment response.
Building on this, decision evaluations determine whether the
agent can synthesize this evidence to make appropriate clinical or
research decisions, such as recommending a treatment, assessing
trial eligibility, or exploring an experimental approach.

Each task evaluation involves an agent-facing prompt, input data,
and deterministic grading criteria. These tasks are executed in
separate agent sessions. The outputs, such as the agent’s re-
sponses, generated artifacts, task prompts, and execution trajec-
tories, are then supplied to a final decision agent, along with the
specific inputs for the decision evaluation. The decision agent’s
final response is scored using a customized rubric tailored to
each evaluation.

Input materials for these evaluations encompassed clinical
records and reports, molecular profiles, imaging and pathology
data, and experimental measurements sourced from individ-
ual patients, clinical cohorts, and experimental models. Data
preparation protocols varied by evaluation. For instance, in lon-
gitudinal treatment-reassessment cases, records were restricted
to information clinically available at the designated review time,
whereas certain experimental datasets used remapped identifiers.
Throughout preparation, we deliberately retained critical clinical
and experimental context, including treatment timing, specimen
relationships, assay conditions, and replicate structures, to sup-
port robust, accurate interpretation.

Evaluation format and grading

Agents received an analytical or decision question, a structured re-
sponse specification, and the input materials assigned to that eval-
uation. Task agents analyzed staged data, while Decision agents
received upstream answers, generated artifacts, task prompts,
and execution trajectories. Task evaluations were graded deter-
ministically against predefined reference outputs, using exact
matches or predicates for categorical responses, reference-set
comparisons for set-valued responses, and specified tolerances
or ranges for numerical responses. Decision evaluations were
graded using evaluation-specific Al rubrics that assessed scien-
tific interpretation, integration of upstream evidence, and justifi-



cation of the final decision.

Agent runs and execution

We ran each evaluation three times across 31 model-harness
configurations, yielding 2,325 evaluation attempts (over 10,000
agent runs counting each Task and Decision session). Each con-
figuration paired a language model with the execution scaffold
that provided its tools and interaction protocol. The evaluated
harnesses included Claude Code, PI, OpenAl Codex, and Grok
Build.

We ran models at their maximum available reasoning-effort set-
ting in isolated environments without internet access. Agents
could inspect and analyze only the files staged for the evaluation.
We retained complete trajectories, including model messages,
tool calls, execution outputs, and final responses. We recorded
token usage, execution time, and estimated cost.

Outcomes and statistical analysis

We classified each run as correct, incorrect, or unevaluable. A run
was correct only if every required grader passed, and a gradable
answer that failed any required check was classified as incor-
rect. We classified runs that were refused, terminated by a plat-
form or execution error or timeout, produced an unsupported
answer-only guess, or whose trajectory could not be verified
as unevaluable. We detected infrastructure-level refusals via
provider or harness signals, while we identified model-initiated
refusals from the recorded trajectories. Tool denials that did not
prevent a gradable final answer were not counted as refusals.
Correct and incorrect runs together constitute the evaluable at-
tempts.

We calculated pass rates over all 75 scheduled attempts per con-
figuration (25 evaluations x 3 attempts), counting refusals and
timeouts as failures, so each attempt contributed equally. Error
bars represent 95% percentile confidence intervals obtained from
20,000 bootstrap resamples at the evaluation level, retaining all
three attempts within each sampled evaluation.

Data availability

Example evaluations and trajectories will be made available at:
https://github.com/latchbio/oncologybench
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