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Abstract

Multimodal Large Language Models (LLMs) hold promise for biomedical reason-
ing, but current benchmarks fail to capture the complexity of real-world clinical
workflows. Existing evaluations primarily assess unimodal, decontextualized
question-answering, overlooking multi-agent decision-making environments such
as Molecular Tumor Boards (MTBs). MTBs bring together diverse experts in
oncology, where diagnostic and prognostic tasks require integrating heterogeneous
data and evolving insights over time. Current benchmarks lack this longitudinal
and multimodal complexity. We introduce MTBBench, an agentic benchmark
simulating MTB-style decision-making through clinically challenging, multimodal,
and longitudinal oncology questions. Ground truth annotations are validated by
clinicians via a co-developed app, ensuring clinical relevance. We benchmark
multiple open and closed-source LLMs and show that, even at scale, they lack
reliability—frequently hallucinating, struggling with reasoning from time-resolved
data, and failing to reconcile conflicting evidence or different modalities. To ad-
dress these limitations, MTBBench goes beyond benchmarking by providing an
agentic framework with foundation model-based tools that enhance multi-modal
and longitudinal reasoning, leading to task-level performance gains of up to 9.0%
and 11.2%, respectively. Overall, MTBBench offers a challenging and realistic
testbed for advancing multimodal LLM reasoning, reliability, and tool-use with a
focus on MTB environments in precision oncology.

1 Introduction

Recent advances in large multi-modal and language models have opened the door to general-purpose
clinical agents capable of reasoning across diverse biomedical tasks (Moor et al., 2023). Vision-
language models can describe pathology images (Lu et al., 2024a; Dai et al., 2025; Lu et al., 2024b),
LLMs can summarize clinical notes (Choudhuri et al., 2025; Yang et al., 2024), and medical agents are
increasingly able to query tools, retrieve knowledge, and even hold multi-turn clinical conversations
(Schmidgall et al., 2024; Wang et al., 2025a). These developments have prompted growing interest
in using agents to support complex workflows (Wang et al., 2024a, 2025b; Gao et al., 2024; Lee
et al., 2024; Yue et al., 2024; Fallahpour et al., 2025) like those seen in molecular tumor boards
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Figure 1:The MTBBench benchmark and agent framework. a. MTBBenchsimulates molecular tumor

board work ows, presenting agents with longitudinal, multi-modal patient data (H&E, IHC, hematology, and
genomics) along with temporally distributed clinical events. Agents are tasked with integrating this information
to support complex decision-making. MTBBenchallows benchmarking agents on their ability to reason
across modalities and time in order to accurately tackle clinical questions concerning diagnosis, prognosis, and
biomarker interpretation. Lastly, we introduce an agentic framework that enables querying both external tools
and pretrained foundation models, allowing agents to more effectively reason over complex, multi-modal and
temporally resolved clinical information.

(MTBSs) (Tsimberidou et al., 2023), where oncologists, radiologists, pathologists, and geneticists
jointly analyze a patient's evolving case (Fig. 4).

However, the evaluation of such agents remains underdeveloped. Existing benchmarks typically
frame tasks astatic, uni-modal, single-turn question-answering problewtsere the model is given

all necessary inputs at once and evaluated on its ability to predict a discrete answer. This setup
diverges sharply from how clinical decisions are made in practice. Real-world oncology reasoning
is interactive, temporal, and multi-modahysicians accumulate information over time, integrate
ndings from multiple data types (e.g., hematoxylin and eosin (H&E) staining, immunohistochemistry
(IHC) staining, radiology, blood values, genomics), and make provisional decisions that are updated
as new evidence emerges (Fig. 1a). To be useful in these settings, Al agents must not only understand
each modality, but alsquery, contextualize, and reconcitdormation across modalities and time—
capabilities rarely assessed in current evaluations.

Recent works such adedAgentBenclfliang et al., 2025MediQ(Li et al., 2024), andedJourney

(Wu et al., 2024) take steps toward interactive or longitudinal evaluation, but typically in limited or
uni-modal contexts (e.g., textual EHRS) (Kweon et al., 2024) (Table 1). Likewise, emerging studies on
multi-modal agents demonstrate strong promise but lack standardized evaluatioriawisdinal
patient trajectorieqLi et al., 2024). Most importantly, these agents are not tested under the cognitive
demands of tasks that mirror MTB decision-making: questions involving partial data, sequential
updates, con icting information, highly heterogeneous and different modalities, and high-stakes
outcomes.

To address this gap, we introdukE BBench, an oncology-focused benchmark for evaluating Al
agents inongitudinal, multi-modal clinical reasoningnspired by the structure and decision ow of

real molecular tumor boards, MTBBench simulates patient case reviews where agents must process
heterogeneous patient data across time—including pathology slides, lab data, pathological, surgical
and genomic reports—and answer clinically meaningful questions at each step. Questions span
diverse task types, including diagnostic classi cation, spatial biomarker interpretation, and outcome,
progression, or recurrence prediction (Fig. 1b). Importantly, the benchmeakidsated by clinicians

using a custom-built expert annotation platform (Fig. 5, for details see Appendix C.1), ensuring both
the clinical plausibility of the data and the correctness of model evaluation.



	Introduction
	MTBBench: A Multimodal Sequential Clinical Decision-Making Benchmark in Oncology
	Motivation and Positioning
	A Benchmark for Molecular Tumor Boards
	MTBBench-Multimodal
	MTBBench-Longitudinal

	Agent System
	Foundation Model-based Tools
	Digital Pathology Foundation Models
	Analysis and Knowledge Database Tools


	Empirical Evaluation
	Results on MTBBench without Tools
	Results on MTBBench with Tools

	Conclusion
	Acknowledgements
	Background on Molecular Tumor Boards
	Related Work
	Clinical Validation
	Companion App for Clinical Validation
	Expert Validation

	Additional Details on MTBBench
	Agentic Workflow

	Details on Experiments
	Details on Foundation Models and Downstream Tasks
	Details on Resource and Knowledge Database Tools
	Details on Large Language and Vision Language Models
	Details on Evaluation Metrics
	Details on Computational Resources

	Examples of MTBBench Agentic Interactions
	Further Experimental Results
	Other Prompts

