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Abstract

Cancer diagnosis and characterization require integrating complementary evidence
from radiology, pathology, genomics, and clinical metadata. However, most medi-
cal large language model (LLM) and vision-language model (VLM) benchmarks
focus on isolated modalities or narrow image-text tasks, leaving patient-level on-
cology assessment across multiple evidence streams largely untested. We introduce
OncoTriad-QA, a patient-level radiology—pathology—genomics benchmark for pan-
cancer question answering. OncoTriad-QA contains 86.1k semantic questions
across 9,281 TCGA patient cases from 32 cancer cohorts, aligning CT/MRI radi-
ology, whole-slide histopathology, somatic mutations, copy-number alterations,
DNA methylation, bulk RNA-seq, and clinical metadata. Case-specific annotations
are constructed through a source-grounded LL.M-assisted pipeline using curated
labels, diagnostic reports, molecular profiles, and modality-derived evidence as
primary sources of truth, with automated consistency checks and clinician re-
view. We also introduce OncoVLM, a reference multimodal model that maps
modality-native radiology, pathology, DNA methylation, and RNA-seq evidence
into an LLM interface through learned projectors. Experiments show that existing
general-purpose and medical LLMs remain limited on comprehensive pan-cancer
QA, especially when questions require integrating imaging findings, tumor mor-
phology, and molecular evidence. After fine-tuning on OncoTriad-QA, OncoVLM
exceeds MedGemma-4B by an average of 10.7 points when using MCQ accuracy
and BERTScore-F1, with consistent gains across multiple-choice and open-ended
questions under radiology-only, pathology-only, and all-available settings. These
results demonstrate the benchmark’s value for training and evaluating models for
integrated cancer question answering.

() Code: OncoTriad-QA (¥ Dataset: ai-mind-lab/OncoTriad-QA

1 Introduction

Cancer exhibits substantial heterogeneity across organ systems, histologic subtypes, and molecu-
lar states, causing patients with superficially similar tumors to follow markedly different clinical
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Figure 1: Existing oncology datasets and multimodal medical resources typically cover only subsets
of the evidence used in cancer characterization. OncoTriad-QA supports patient-level integration
of radiology, pathology, genomics, clinical metadata, and instruction-style QA across pan-cancer
cohorts, enabling evaluation of modality-specific, cross-modal, and missing-modality performance.

trajectories [33, 19]. Clinical cancer characterization therefore relies on evidence across multiple
scales: macroscopic anatomy from computed tomography (CT) / magnetic resonance imaging (MRI),
microscopic architecture from whole-slide histopathology, and molecular alterations from genomic
profiling [5, 31]. These streams are complementary rather than interchangeable: radiology captures
lesion extent and anatomic context, histopathology captures cellular morphology and tissue orga-
nization, and molecular profiling captures subtype-defining alterations and treatment relevance. A
benchmark limited to one stream can measure modality-specific recognition, but not whether a model
can integrate heterogeneous evidence into a unified cancer interpretation.

Most medical large language model (LLM) and vision-language model (VLM) benchmarks still
evaluate isolated or narrow modality combinations. Recent medical VLMs, including Med-
Flamingo [34], LLaVA-Med [29], and MedGemma [38], and modality-specific foundation models
such as RadFM [45], TITAN [15], and MUSK [46], have shown strong transfer within radiology,
pathology, or biomedical image-text tasks. However, performance on pathology reports or captions,
radiology, or single-modality image understanding does not ensure patient-level oncology under-
standing: a model may recognize findings in isolation but still fail to determine whether imaging
appearance, tumor morphology, molecular alterations, and clinical context are concordant within
the same patient. As illustrated in Figure 1, existing oncology resources usually cover only partial
evidence streams: radiology datasets often lack pathology and molecular data, pathology—genomics
resources often lack radiology, and general medical instruction datasets rarely provide aligned patient-
level evidence across all three modalities plus clinical metadata. This creates an evaluation gap
between modality-specific recognition and the integrative interpretation required in oncology, mo-
tivating a unified case-level benchmark for modality-specific, cross-modal, and missing-modality

QA.

To address this gap, we introduce OncoTriad-QA, the first patient-level radiology, pathology,
and genomics benchmark for multi-cancer-type (pan-cancer) analysis. Across approximately 9,000
TCGA patient cases from 32 cancer cohorts, OncoTriad-QA links CT/MRI radiology from TCIA [12],
whole-slide histopathology from TCGA [44], and GDC [21] clinical and molecular profiles, including
somatic mutations, copy-number alterations, DNA methylation, and bulk RNA-seq. The benchmark
contains 86.1k semantic questions, which are then expanded into all-available, radiology-only, and
pathology-only versions to support evaluation under different evidence settings. Rather than treating
each evidence stream as a separate task, OncoTriad-QA frames cancer characterization as patient-
level QA, with MCQs and open-ended questions probing modality-specific recognition, molecular



grounding, subtype reasoning, staging and grading, cross-modal concordance, and missing-modality
robustness.

Because OncoTriad-QA uses LLM-assisted summarization and QA construction at scale, we make
reliability and auditability central to the benchmark design. Each case summary and QA item is
generated from structured modality-specific evidence, followed by automatic format and consistency
checks and medical expert review on a subset of cases. Specifically, the benchmark design rests
on the following safeguards: (1) fixed patient-level data splits, so that all evidence and questions
for a given patient fall entirely within either the training or the test partition, preventing case-level
leakage across splits; (2) evaluation protocols stratified by cancer cohort, so that performance can be
reported and compared per cancer type rather than masked by an aggregate score; and (3) evaluation
protocols stratified by modality availability, so that models are assessed separately under all-available,
radiology-only, and pathology-only conditions rather than assuming complete evidence is always
present. Together, these checks reduce unsupported claims and help assess whether models use the
available patient evidence rather than single-modality shortcuts.

To demonstrate how the benchmark supports both training and evaluation, we further introduce
OncoVLM, a reference multimodal language model trained on OncoTriad-QA. Consistent with
the fixed patient-level splits described above, OncoTriad-QA is partitioned into a training set, used
to instruction-tune OncoVLM, and a held-out test set, used exclusively for evaluation, with no
patient case appearing in both. OncoVLM connects frozen radiology, pathology, methylation, and
transcriptomic encoders to an LLM backbone through learned projectors and instruction tuning,
allowing heterogeneous patient evidence to be represented in a unified language-model interface. We
benchmark OncoVLM against general medical VLMs, and open- and closed-source multimodal LLM
baselines. Results show that existing models remain limited on pan-cancer QA, while fine-tuned
OncoVLM exceeds MedGemma-4B by approximately 10.7 points when using MCQ accuracy and
BERTScore-F1 across radiology-only, pathology-only, and all-available settings.

The main contributions of our work are:

* OncoTriad-QA, a clinician-guided patient-level benchmark for multimodal pan-cancer
assessment. We construct a multimodal oncology benchmark that aligns imaging, histologic,
molecular, and clinical evidence across approximately 9,000 patient cases from 32 cancer
cohorts, with medical-expert guided prompt/question design, and case-summary audit
for clinical validity. The benchmark includes MCQs and open-ended questions targeting
staging and grading, modality-specific recognition, molecular grounding, and cross-modal
concordance.

* OncoVLM, a novel multimodal model for oncology QA. Unlike many existing multimodal
medical VLMs restricted to low-resolution PNG proxies, OncoVLM ingests modality-native
clinical data, such as gigapixel whole-slide pathology, multi-slice radiology, and genomic
sequences, through modality-specific encoders and learned projectors, and can work with
multiple modality combinations and handle missing modalities.

* A universal evaluation framework of multimodal oncology. Designed to mimic real
clinical settings, our protocol evaluates multimodal cancer QA across arbitrary modality
combinations. It remains agnostic to VLM input design by providing fallbacks whenever
a model cannot consume original full-scale imaging or molecular profiles. Using this
protocol, we evaluate OncoVLM with state-of-the-art proprietary multimodal and open-
weight baselines and medical VLMs.

2 Related Work

Medical vision-language models. General-purpose medical VLMs have achieved strong transfer
across clinical imaging tasks, with systems ranging from contrastive pretraining on biomedical
figure-caption pairs [51] to few-shot multimodal learning [34] and GPT-supervised instruction
tuning [29, 6, 38]. Most of these systems, however, are evaluated on single-image VQA benchmarks
such as VQA-RAD, SLAKE, and PathVQA [52], which pair one radiology or pathology image with
a short question and provide no molecular or cross-modal context. Despite strong in-domain transfer,
such systems are trained on single modalities or narrow modality pairs and cannot jointly reason over
radiology, histopathology, and molecular data within a unified framework.



Modality-specific foundation models. Within individual modalities, large-scale pretraining has
produced capable specialists. In radiology, RadFM [45], CheXagent [10], and BioViL-T [4]
achieve strong performance on report generation and image interpretation. In pathology, UNI [9],
CONCH [32], MUSK [46], TITAN [15], GigaPath [48], and THREADS [42] encode rich slide-
level representations, with recent models incorporating molecular supervision. In genomics, Gene-
former [40], scGPT [13], and BulkFormer [28] capture transcriptomic and epigenomic structure at
scale. Yet none can jointly process imaging and molecular evidence at inference time, nor support
open-ended interpretation across all three modalities.

Patient-level oncology benchmarks. A separate line of work builds multimodal datasets directly
from TCGA/TCIA cohorts rather than from image-caption pairs. CT-RATE [17] and RadGenome [53]
pair chest CT with reports and grounded findings but stay radiology-only; TumorChain [30] introduces
interleaved chain-of-thought traces for tumor analysis but is similarly confined to imaging. On the
pathology side, TITAN [15], THREADS [42], HONeYBEE [41], and mSTAR [49] couple whole-slide
images with limited genomic or textual supervision for representation learning rather than open-ended
QA. Disease-specific multimodal benchmarks such as CoRe-BT [37] and MM-NeuroOnco [23]
integrate radiology, pathology, and text for brain tumor typing, but are restricted to a single cancer
type. M3FM [35] targets chest CT screening with instruction pairs, again within one modality. None
of these resources align radiology, pathology, and a comprehensive molecular profile (mutations,
copy-number alterations, methylation, and transcriptomics) at the patient level across a pan-cancer
cohort, which is the gap OncoTriad-QA is designed to close.

Multimodal fusion for oncology. Prior work has combined histopathology and molecular data for
tasks such as survival prediction and subtype classification [8, 7]. While these methods demonstrate
the value of cross-modal integration, they produce scalar task-specific outputs rather than general-
purpose language-grounded responses. Like prior medical VLMs, they too remain confined to a
subset of modalities, with none jointly incorporating radiology, pathology, and genomics.

Instruction tuning in medical AL Instruction tuning has proven effective for medical VLMs, as
shown by MedTrinity-25M [47] and similar efforts [15]. The complementary framework of learning
with privileged information (LUPI) [39], where auxiliary signals available only at training time guide
representation learning, has been applied in computational pathology via TriDeNT [18]. Our work
extends both paradigms to multimodal oncology. Here, the LLM observes full multimodal inputs and
structured clinical ground truth during dataset construction, while OncoVLM learns to replicate this
integrated interpretation from encoder-derived representations alone at inference time.

3 Dataset construction

OncoTriad-QA is a patient-level multimodal benchmark spanning 9,281 cases drawn from 32 TCGA
cancer cohorts. For every case we assemble all available evidence from three complementary sources
and align it under a single patient identifier: CT and MR radiology from The Cancer Imaging Archive
(TCIA) [12], whole-slide histopathology from TCGA [44], and molecular and clinical profiles from
the Genomic Data Commons (GDC) [21], the latter comprising somatic mutations, copy-number
alterations, DNA methylation, and bulk RNA-seq. Because the set of modalities available for any
given patient varies widely in routine clinical practice [43, 50], we do not assume complete data.
Instead, we record per-case modality availability and materialize each case under three evidence
settings—all-available, radiology-only, and pathology-only—so that the benchmark supports both
complete multimodal evaluation and realistic missing-modality scenarios.

Our central design goal is reliability at scale. Rather than asking a language model to answer
clinical questions from raw images, we use GPT-5.4 [36] only as a summarizer and question writer
conditioned on curated, structured evidence, so that every generated item is traceable to an explicit
source field. In total, OncoTriad-QA contains approximately 86.1k distinct semantic questions—43.2k
universal MCQs, 21.2k case-specific MCQs, and 21.7k case-specific open-ended questions—which,
after modality-condition expansion, yield 182.6k materialized question rows.

The remainder of this section describes the construction pipeline (Figure 2) in the order it is applied:
how per-patient evidence is aligned into a single detailed case summary, how the three question
streams—universal MCQs, case-specific MCQs, and case-specific open-ended questions—are gener-
ated from it, and finally the modality-condition expansion and quality-control steps that produce the
released benchmark.
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Figure 2: Overview of OncoTriad-QA construction. Clinical metadata, radiology, pathology, DNA
methylation, and bulk RNA-seq are converted into structured patient-level evidence. Clinical variables
generate universal MCQs, while modality-specific processing supports GPT-based case summaries
and QA generation. The final benchmark includes case-specific MCQs and open-ended QAs across
radiology, pathology, genomics, integrated findings, cross-modal synthesis, and uncertainty, with
physician audit for reliability.

Detailed case summary. We treat the patient case as the unit of the benchmark and convert each
patient’s heterogeneous evidence into a single structured case summary that serves as the canonical
context for all case-specific tasks. For each patient we resolve one canonical record per modality
(preferring tumor over normal samples for RNA-seq, masked ensemble MAFs for mutations, and
standardized copy-number outputs), and retain a case when it carries curated clinical ground truth plus
at least one processable modality. The summary then interleaves three deterministic, modality-specific
text blocks with this ground truth.

(i) Radiology. CT and MR tumor regions are segmented with Medical SAM3 [27] using a text prompts
applied uniformly across CT, MR, and all 32 cohorts. For each case, imaging series are ranked by
segmentation consistency and mean tumor area; we retain the top three (k=3) and two representative
slices per series (the middle and largest-tumor-area slices). Geometric, intensity, shape, and texture
biomarkers are computed per slice and aggregated to a single case-level vector by a quality-weighted
mean, rendered into a fixed-schema text block; masks are also converted to bounding boxes for
language-model annotation.

(ii) Pathology. Pathology reports and curated ground-truth labels provide the primary evidence for
tumor morphology, normalized into a text block via OCR and text processing. Because closed-source
LLMs cannot process gigapixel whole-slide images (WSIs), we additionally supply representative
ROI tiles from TCGA-UniformTumor-8K [15] rather than full WSIs, surfacing visual patterns the
reports may not capture.

(iii) Genomics. Raw GDC molecular data are converted into a structured genomics text block by a
deterministic, generation-free pipeline summarizing RNA expression, DNA methylation, somatic
mutations, copy-number alterations, pathway activity, immune and stromal signatures, molecular-
subtype indicators, driver-gene status, TMB, MSI status, and HRD score.

Universal MCQs. We procedurally generate universal MCQs from curated structured labels using
standardized templates instantiated whenever the required patient-level variable is available, covering
tumor stage, tumor grade, AJCC T/N category, mutation status, and joint stage—mutation profiles.
Because answers come directly from ground-truth fields, this stream (43.2k questions) is independent
of LLM question construction and gives a controlled evaluation setting with a fixed answer schema.



Case-specific MCQs. Case-specific MCQs are generated from the detailed case summary and
probe whether a model can match patient-specific evidence rather than rely on cancer-type priors
or answer style. To avoid the language-pattern shortcuts that arise when a model writes its own
distractors [16, 3], we never prompt GPT for distractors directly. Instead, we extract a contrastive
fingerprint for each case by showing GPT the target alongside three other cases from the same cohort:
the target’s fingerprint becomes the correct option and the others serve as distractors. Because all
options are drawn from real same-cohort patients, the task depends on discriminating patient-specific
evidence rather than stylistic cues. This stream (21.2k questions) spans single-modal radiology,
pathology, and genomics findings plus a multi-modal integrated-findings task.

Case-specific open-ended questions. For open-ended QA, GPT uses the case summary to produce
concise reference answers across four task categories: radiology description and pathology descrip-
tion (single-modal), and cross-modal synthesis and concordance and uncertainty (multi-modal).
Generation follows guidelines emphasizing evidence-grounded wording, explicit uncertainty when
information is incomplete, and avoidance of unsupported clinical conclusions. This stream contributes
21.7k questions.

Modality-condition expansion. Each semantic question is finally materialized under every evidence
setting whose required modalities are available for its case—the all-available setting and any single-
modality setting that still contains all the evidence the question depends on. This preserves a single
semantic intent while exposing models to it under different evidence configurations, yields 182.6k
materialized rows, and lets the evaluation protocol be stratified jointly by cohort and modality
availability.

Quality control. Before release, every summary and QA item passes automatic checks including
schema and format validation, agreement of MCQ answer keys with curated ground-truth fields,
distractor well-formedness, and rejection of answers referencing evidence absent from the summary.
To further assess quality, we obtained physician feedback on a subset of captions and MCQs. The
reviewer flagged cases with insufficient imaging context or incomplete stage, grade, lymph-node, or
genomic evidence, and we used this feedback to refine the generation guidelines toward evidence-
grounded wording, explicit uncertainty, and avoidance of unsupported conclusions.

4 OncoVLM Architecture

OncoTriad-QA supports both evaluation and supervised training of patient-level multimodal oncology
models. Alongside the benchmark, we introduce OncoVLM, a model designed to use modality-native
oncology evidence rather than only text summaries or low-resolution image proxies. OncoVLM
encodes multi-slice radiology series, gigapixel whole-slide pathology patch sets, DNA methylation
beta-value profiles, and bulk RNA-seq expression profiles, then maps these heterogeneous inputs into
a shared language-model interface.

Modality encoding and projection. For each patient case, the available evidence is processed
through frozen modality-specific encoders. Radiology inputs are encoded with MedSigLIP-448 [38];
Pathology WSIs are encoded with pathology foundation model UNI [9]; RNA-seq expression and
DNA methylation beta values are encoded with BulkFormer [28] and CpGPT [14], respectively.
Keeping these encoders frozen preserves modality-specific representations learned from large-scale
pretraining and reduces overfitting across heterogeneous cancer cohorts [29]. Each encoder is paired
with a learned projector that maps its outputs into the language model embedding space. Formally, for
a patient case with available modality set M C {RAD, PATH, RNA, MET}, each modality m € M has
a raw input x,,, a frozen encoder £, and a trainable projector Py, producing a block of modality
tokens

Zn = Po,, (Ep,, (Tr)) € R X4, (D

where d is the LLM embedding dimension and n,,, the number of tokens contributed by modality m.
Since pathology slides produce variable-length and long sets of patch embeddings, the pathology
branch uses a Perceiver-style resampler [26, 1] to compress slide-level evidence into a fixed number
of tokens npyry = K, rather than a simple MLP. Radiology, DNA methylation, and RNA-seq use
modality-specific MLP projectors for slice-level or case-level embeddings. The projected tokens
{Zm }mem are inserted into the instruction prompt with modality tags. Missing modalities are
handled by omitting the corresponding token blocks (i.e., restricting M), allowing the model to
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Figure 3: Overview of the proposed multimodal architecture (OncoVLM). Modality-specific encoders
map radiology, pathology, and genomic inputs into a shared representation space, which is processed
by a LoRA-tuned vision-language model to perform classification and multimodal tasks.

operate under the same evidence configurations used in OncoTriad-QA, including all-available,
pathology-only, and radiology-only settings.

Training objective. Both training stages share a single masked autoregressive next-token cross-
entropy objective and differ only in the supervision target and the subset of trainable parameters.
Let s = (s1,...,s7) denote the assembled token sequence (modality tokens, instruction prompt,
and target text) and let 1[¢t € T be a label mask that is 1 for supervised target tokens 7 and 0 for
conditioning tokens. The objective is

1 &
E:——Zl[teﬂ logp(st | s<t) - (2)
7=

Modality token blocks and prompt tokens are always masked out, so they act purely as conditioning
context and never contribute gradients to the language-model output.

Two-stage training. In the modality-alignment stage, each projector is trained independently on
modality-specific captions while the corresponding encoder and the language model remain frozen.
Concretely, for modality m with a paired caption ¢(™) = (c, ..., cr, ), only the projector parameters
6., are optimized under Eq. (2) with the caption tokens as targets:

L

Ealign (am) = - E(z"“c(m)) Z log pe (Ct |C<t; Zm) , Zpy = Pem (5¢m (xm)) , 3)
t=1

where the LLM parameters © and encoder parameters ¢,,, are held fixed. This maps each frozen
biomedical representation into the LLM embedding space before any joint VQA training, giving each
modality a stable language interface and reducing early cross-modal interference [25].

In the supervised fine-tuning (SFT) stage, the encoders and aligned projectors are frozen, and the
language model is adapted with low-rank adaptation (LoRA) [24] on the OncoTriad-QA training
split. Given an instruction prompt g, the available modality token blocks {2, } me a1, and a target
answer y = (y1,...,yrL,), only the LORA parameters A© are updated while ©, {¢,,}, and {0, }



remain frozen:
L

LSFT(A@) = IE(q,{zm},y) Z long)GBA@ (yt | Y<t, 4, {zm}meM) . 4

t=1

This is the standard autoregressive next-token cross-entropy loss over target answer tokens, with the
instruction prompt and modality tokens used as conditioning context. Training over varying modality
subsets M (all-available, pathology-only, radiology-only) lets a single set of LoRA weights serve
every evidence configuration without architectural changes.

5 Experiments

We use Qwen3.5-9B as the OncoVLM language model backbone and evaluate the following: (i)
GPT-5.4 [36], a proprietary general-purpose model used as a strong reference rather than a directly
comparable trainable system; (i) MedGemma-4B [38], a medical vision-language foundation model;
(iii) Gemma-4-E4B [20], a recent frontier open-weight model; (iv) OncoVLM-base, OncoVLM with
trained projectors but without the fine-tuning stage; (v) OncoVLM-finetuned, the OncoVLM-base
model fine-tuned on OncoTriad-QA. Baselines receive representative pathology ROI images, represen-
tative radiology slices, and structured molecular text summaries when available, whereas OncoVLM
receives encoder-derived modality representations. We evaluate on the held-out OncoTriad-QA test
split. MCQs use accuracy and macro-F1, while open-ended QAs use BERTScore-F1, ROUGE-L,
and an LLM-as-judge evaluation on BRCA. Claude Sonnet 4.6 [2] is used as the judge to compare
OncoVLM against GPT-5.4 pairwise. We report OncoVLM win rate, counting ties as half wins.
Table 1 results are averaged over three independent runs with standard deviations reported.

5.1 Main Results

Instruction tuning improves structured clinical prediction. Table 1 shows that fine-tuned On-
coVLM achieves a 21.8-point accuracy gain over the projector-only base model on Universal MCQs.
It also consistently outperforms open medical VLM baselines and surpasses the GPT-5.4 reference on
the average Universal MCQ score. This pattern is expected because Universal MCQs are generated
from curated clinical and molecular labels with a fixed answer schema. The largest gains occur on
structured and joint-profile tasks, suggesting that instruction tuning helps the model map patient-level
multimodal evidence to standardized oncology labels.

Case-specific MCQs require flexible evidence matching. Case-specific MCQs show a different
pattern from Universal MCQs. Although fine-tuned OncoVLM improves over the projector-only
model, GPT-5.4 remains strongest overall, and open-weight VLLMs are closer to OncoVLM than in
the universal tasks. This suggests that the difficulty is not simply a failure to learn fixed oncology
labels, but the low-structure nature of the case-specific MCQ task itself. Each option is a contrastive
fingerprint extracted by comparing the target case with same-cohort cases, so the discriminative
cue can vary across examples. Such heterogeneity offers fewer reusable templates for SFT, making
task-level adaptation difficult [11, 22].

LLM-as-judge reveals stronger evidence grounding in open-ended QA. For open-ended QA,
BERTScore-F1 is tightly clustered across models, while ROUGE-L and LLM-as-judge results show
clearer gains for OncoVLM. As shown in Table 4, the LLM judge prefers OncoVLM over GPT-5.4
on BRCA open-ended questions with an overall win rate of 0.702, with the strongest gains on
concordance and uncertainty, cross-modal synthesis, and radiology description. Further analysis
revealed that the judge often favors OncoVLM because GPT-5.4 introduces findings absent from the
case summary, whereas OncoVLM stays closer to the available patient evidence. This is consistent
with Table 3, where OncoVLM better preserves discriminative case-specific findings.

Cohort-level gains vary with supervision scale and heterogeneity. Table 2 shows that fine-tuned
OncoVLM improves MCQ performance across the reported cancer groups, but the gains are not
uniform. Larger cohorts show clearer improvements, while smaller cohorts show smaller margins
over GPT-5.4 and sometimes higher variation. This indicates that cohort-level performance is shaped
not only by modality availability, but also by the amount and consistency of paired supervision. For
example, Brain cancer remains competitive rather than clearly dominated, suggesting that additional
cohort-specific supervision may be as important as adding more modalities.



Table 1: OncoTriad-QA benchmark results by task category on the all-available modality setting.
Values are mean and standard deviation over three separate run, and using different seeds on non-GPT
model.

Name GPT-5.4 MedGemma Gemma-4 OncoVLM OncoVLM
- 4B E4B Qwen-3.5-9B Qwen-3.5-9B
Finetuned = = = = o
Use projector = = - (] o
Universal MCQ (Accuracy% / F1)
Mutation 51.5/0.515 46.0/0.317 11.5/0.190 44.2/0.344 58.2/0.577
+1.2/£0.01 +0.0/+0.00 +0.2/+0.00 +0.3/+0.01 +1.3/+0.01
Tumor grade 52.2/0.384 40.3/0.162 10.3/0.073 37.5/0.178 64.7/0.615
+27/40.03 +0.5/40.02 +1.3/4+0.01 + 0.8/ 0.00 +0.5/+0.05
Tumor stage 44.5/0.464 7.7/0.074 5.7/0.053 18.8/0.180 51.8/0.480
+ 1.0/ 4001 +0.3/+0.00 +0.8/+0.01 +1.3/+0.02 +2.5/+0.03
AJCCT/N 42.3/0.400 36.4/0.309 39.2/0.213 39.6/0.310 60.0/ 0.520
+1.5/40.02 4+ 0.2/ 4 0.00 4+ 0.1/ 0.00 +1.4/+0.01 +1.1/+0.00
Joint profile 38.9/0.388 28.9/0.246 18.2/0.197 31.9/0.314 62.4/0.623
+23/+0.02 +0.3/+0.00 +1.0/+0.01 +0.6/+0.01 +1.2/+0.01
Mean 46.0/0.449 36.0/0.267 17.9/0.177 37.6/0.306 59.4/0.571
+1.6/4+0.02 +0.2/40.00 +0.5/+0.01 +0.7/£0.01 +1.3/40.01

Case-specific MCQ (Accuracy% / F1)

Radiology 42.3/0.419 34.9/0.332 23.8/0.202 5.870.082 31.7/0.320
findings +8.1/40.08 +3.2/40.03 +1.6/+0.01 +0.9/+0.01 +4.2/40.04
Pathology findings ~ 63.2/0.630 24.3/0.224 24.0/0.235 24.2/0.222 32.1/0.319
+1.3/+001 +0.1/40.00 + 1.0/ 4001 +0.9/40.01 +1.0/+0.01
Genomics findings  30.5/0.305 23.6/0.231 27.4/0.263 26.1/0.268 29.4/0.293
+1.1/40.01 +0.5/40.00 +04/40.01 +0.6/+0.01 +2.5/40.02
Integrated findings ~ 47.8/0.478 25.7/0.260 27.9/70.272 24.470.242 36.0/0.359
+0.2/40.00 +0.2/40.00 +0.4/40.00 +0.8/£0.01 +2.0/40.02
Mean 47.0/0.470 25.0/0.243 26.3/0.254 24.0/0.236 32.5/0.323
+1.2/40.01 +04/40.00 +0.6/40.01 +0.8/40.01 +1.9/40.02

Case specific open-ended (BERT-F1 / ROUGE-L)

Concordance + 0.823/0.150  0.795/0.120  0.788/0.103 ~ 0.802/0.127  0.840/0.218
uncertainty +0.00/ %+ 0.00 +0.00/ + 0.00 +0.00/ =+ 0.00 +0.00/ %+ 0.00 +0.00/ =+ 0.00
Cross-modal 0.839/0.195 0.807/0.144  0.782/0.109  0.815/0.153  0.850/0.241
synthesis +0.00/ % 0.00 +0.00/ % 0.00 +0.00/ % 0.00 +0.00/ 4 0.00 +0.00/ %+ 0.00
Pathology 0.861/0.266  0.819/0.165  0.788/0.106  0.821/0.164  0.863/0.314
description +0.00/ %+ 0.00 +0.00/ + 0.00 +0.00/ =+ 0.00 +0.00/ %+ 0.00 +0.00/ =+ 0.00
Radiology 0.853/0.239  0.828/0.212  0.820/0.164  0.821/0.169  0.857/0.289
description +0.00/ %+ 0.00 +0.00/ % 0.00 +0.00/ % 0.00 +0.00/ 4 0.00 £ 0.00/ & 0.01
Mean 0.841/0.204  0.808/0.147  0.789/0.110 ~ 0.813/0.149  0.851/0.258

=+ 0.00/ £ 0.00 +0.00/ £ 0.00 +0.00/ £ 0.00 +0.00/ £ 0.00 4+ 0.00/ £ 0.00

Modality ablations show complementary evidence. Table 5 shows that different modalities support
different task types. The all-available setting performs best on integrative MCQ categories, supporting
the value of combining radiology, pathology, and molecular evidence. Pathology-only inputs preserve
much of the performance on grade and pathology-description tasks, while radiology-only inputs
are more competitive on radiology findings and remain useful for integrated findings. In contrast,
open-ended BERTScore-F1 changes only slightly when modalities are removed, again suggesting that
surface-level semantic metrics are less sensitive to missing-evidence errors than structured decisions.

6 Limitations

Interpretation of our results is constrained by the public retrospective cohorts underlying OncoTriad-
QA. These cohorts skew toward surgically resectable, treatment-naive disease and incompletely



Table 2: VQA benchmark results by cancer type on the all-available modality setting. Each cancer is
split into MCQ and open-ended rows. MCQ cells report Accuracy% and macro-F1; open-ended cells
report BERTScore-F1 and ROUGE-L F1. Values are mean and standard deviation over inference
repeats when available.

Name GPT-5.4 MedGemma Gemma-4 OncoVLM OncoVLM
- 4B E4B Qwen-3.5-9B  Qwen-3.5-9B
Finetuned - - - - (V]
Use projector — - - o o
Cancer Group Performance by model
Breast MCQ 38.3/0.345 26.4/0.217 24.2/0.278 32.2/0.279 55.6/0.543
(BRCA) +1.5/40.01 +0.4/40.00 +1.5/40.02 +1.4/40.02 + 1.4/ 4 0.02
Open- 0.842/0.205 0.811/0.150 0.791/0.111  0.816/0.151  0.855/0.274
ended +000/4£000  £000/4£000  £000/£000  £000/£000 = 0.00/=£0.00
Kidney MCQ 40.2/0.389 36.7/0.339 26.3/0.270 24.4/0.268 53.9/0.541
(KIRC) 427/ 0.03 4+ 0.8/ 0.01 + 1.1/ 0.01 + 0.8/ 0.01 +2.7/40.02
Open- 0.848/0.228 0.812/0.158 0.794/0.115 0.804/0.149  0.854/0.272
ended +0.00/4£000  £000/+£000  £000/4+000  +000/£000 = 0.00/%0.00
Brain MCQ 49.4/0.490 32.5/0.325 24.5/0.246 37.470.338 55.3/0.550
(LGG) +3.1/40.04 +0.2/40.00 +1.1/40.01 +1.6/40.03 +2.1/40.02
Open- 0.841/0.206 0.803/0.142  0.789/0.110  0.820/0.153  0.852/0.267
ended £0.00/ = 0.00 £ 0.00/ = 0.00 £ 0.00/ = 0.00 £ 0.00/ = 0.01 £ 0.00/ = 0.00
Thyroid MCQ 42.4/0.411 33.7/0.320 17.1/0.168 38.2/0.360 50.3/0.485
(THCA) +1.6/40.02 +0.6/40.01 +1.2/4001 +2.4/40.02 +3.0/£0.03
Open- 0.838/0.192  0.804/0.145 0.784/0.111  0.820/0.165  0.849/0.244
ended +000/4£000  £000/4£000  £000/£000 £ 0.00/=%0.01 +0.00/ 4 0.00

Table 3: Open-ended examples comparing GPT-5.4 and fine-tuned On-
coVLM. Red spans mark incorrect or weak GPT evidence, green spans
mark OncoVLM evidence aligned with the case, and underlined spans
mark the corresponding ground-truth evidence.

Table 4: LLM-as-judge on
BRCA open-ended. Win
rate is the OncoVLM pref-
erence rate over GPT-5.4,
ties counted as half win.

GPT-54 OncoVLM Ground truth
Question: Synthesize pathology and genomics. Lipan=niet LA
. A . . . task rate
...spindle-cell  neoplasm ...aggressive diffuse glial ...high-grade diffuse -
with a whorled to stori- malignancy, showing glioma with necrosis and Radiology 0.714
form architecture, bland necrosis, microvascular microvascular proliferation, description
cytology, and conspicuous proliferation, and marked a morphologic pattern con- Pathology 0.554
collagenized stroma, with- cellular atypia in a high- cordant with glioblastoma. d L
out obvious... grade astrocytic... The genomic... escription
g - - - Cross-modal 0.736
Question: Describe dominant histology. .
. . . synthesis
...overall low-power ap- ...papillary urothelial ...papillary to nested urothe-
pearance is that of a high- neoplasm with complex lial neoplasm with broad Concordance + 0.805
grade poorly differentiated branching fronds, fibrovas- fused epithelial  fronds, uncertainty
urothelial carcinoma, with cular cores, and crowded complex [...] hyalinized fi-  Qverall 0.702

relatively scant ... epithelial proliferation... brovascular stroma...

represent racial and ethnic minorities, older adults, and patients from low- and middle-income
countries. Inconsistent clinical annotation and uneven modality coverage further reduce per-cancer
statistical power and leave room for cohort-level confounding. Radiology introduces additional
heterogeneity through variation in scanner protocols, contrast use, resolution, artifacts, DICOM
metadata quality, and MRI sequence labels. Because the benchmark uses selected 2D slices rather
than harmonized 3D volumes, imaging biomarkers should be viewed as descriptive grounding signals
rather than IBSI-standardized radiomic measurements.
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Table 5: VQA modality ablation for OncoVLM on cases with pathology and radiology features.
MCQ cells report Accuracy% and macro-F1; open-ended cells report BERTScore-F1 and ROUGE-L

F1.
Universal MCQ Case-specific MCQ Case specific open-ended
Accuracy% / F1 Accuracy% / F1 BERT-F1 / ROUGE-L
. Path. Rad. Integrated Path. Rad. X-modal
pal RRMOHII Rk findings findings findings desc. desc. synth.
All 66.2 64.0 47.1 32.0 47.1 0.861 0.858 0.851
0.660 0.569 0.460 0.340 0.463 0.303 0.286 0.257
Path. only 50.7 64.0 39.2 24.0 37.3 0.860 0.855 0.848
0.505 0.617 0.371 0.237 0.366 0.295 0.283 0.242
Rad. only 55.9 43.2 29.4 329 42.5 0.848 0.854 0.842
0.559 0.231 0.285 0.328 0.424 0.259 0.275 0.224

‘ «

7 Conclusion

We introduce OncoTriad-QA, a patient-level radiology-pathology-genomics benchmark for integrated
oncology QA, together with OncoVLM, a reference multimodal VLM. Experiments show that
OncoVLM improves over general medical and base multimodal baselines, especially on structured
clinical tasks, while ablations show different modalities provide complementary signals. Future
work will extend the benchmark with volumetric and longitudinal radiology, stronger cross-modal
alignment, additional missing-modality settings, and physician-audited adversarial cases.
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