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ABSTRACT

Focused Ultrasound Ablation Surgery (FUAS) has emerged as a promising non-
invasive therapeutic modality, valued for its safety and precision. Nevertheless, its
clinical implementation entails intricate tasks such as multimodal image interpre-
tation, personalized dose planning, and real-time intraoperative decision-making
processes that demand intelligent assistance to improve efficiency and reliabil-
ity. We introduce FUAS-Agents, an autonomous agent system that leverages the
multimodal understanding and tool-using capabilities of large language models
(LLMs). By integrating patient profiles and MRI data, FUAS-Agents orches-
trates a suite of specialized medical AI tools, including segmentation, treatment
dose prediction, and clinical guideline retrieval, to generate personalized treat-
ment plans comprising MRI image, dose parameters, and therapeutic strategies.
The system also incorporates an internal quality control and reflection mechanism,
ensuring consistency and robustness of the outputs. We evaluate the system in a
uterine fibroid treatment scenario. Human assessment by four senior FUAS ex-
perts indicates that 82.5%, 82.5%, 87.5%, and 97.5% of the generated plans were
rated 4 or above (on a 5-point scale) in terms of completeness, accuracy, fluency,
and clinical compliance, respectively. In addition, we have conducted ablation
studies to systematically examine the contribution of each component to the over-
all performance. These results demonstrate the potential of LLM-driven agents in
enhancing decision-making across complex clinical workflows, and exemplify a
translational paradigm that combines general-purpose models with specialized ex-
pert systems to solve practical challenges in vertical healthcare domains. Our code
is available at: https://anonymous.4open.science/r/FUAS-7D56

1 INTRODUCTION

Focused ultrasound ablation surgery (FUAS) is a non-invasive technique that uses focused ultra-
sound to induce coagulative necrosis in targeted tissues through thermal and cavitation effects. Clin-
ical evidence supports its efficacy in treating a wide range of benign and malignant solid tumors,
including uterine fibroids, hepatocellular carcinoma, pancreatic and prostate cancers, and breast
fibromas, as well as certain non-neoplastic diseases CMA EC-CTSFUS (2020). Compared to con-
ventional surgery, FUAS offers advantages such as reduced trauma, faster recovery, and fewer com-
plications Liu et al. (2021), making it increasingly attractive to clinicians and patients. However,
challenges remain, including limitations in multimodal image analysis, reliance on operator expe-
rience for dose determination, and the lack of individualized treatment planning Zhou and Yufeng
(2017), which hinder its broader clinical adoption and application.

Previous studies have integrated AI techniques into FUAS to address key challenges in clinical
workflows. For image processing, Sun and Zhang (2018) combined GCN with the DMAC model
for automatic preoperative lesion segmentation. Zhang et al. (2020) proposed a 3D CNN-based
framework for non-rigid MRI-ultrasound registration using unsupervised learning. Intraoperative
monitoring using deep learning has been explored by Slotman et al. (2023) and Ning et al. (2020) to
support clinical decisions. For dose prediction, models like MLP and XGBoost estimate therapeutic
parameters Hu et al. (2023), while others use Deep Multimodal Teacher-Student (MMTS) frame-
works to predict thermal doses from ultrasound signals Luan et al. (2024). Machine learning models
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have also predicted non-perfusion volume reduction and tissue regeneration after FUAS Zhang et al.
(2022).

Despite these advancements, AI-based approaches in FUAS—such as image segmentation, dose
prediction, and intraoperative monitoring—often rely on task-specific, expert-driven models. These
models face challenges in generalization, dependency on annotated data, and poor adaptability, lim-
iting FUAS technology’s broader adoption. This highlights the need for a unified framework with
multimodal semantic understanding, autonomous reasoning, and cross-task generalization to ad-
vance automated and personalized treatment planning Zhang et al. (2025); AlSaad et al. (2024).

In recent years, multi-modal large language models (MM-LLMs) and agent-based technologies have
gained traction in healthcare Thirunavukarasu et al. (2023). These technologies, leveraging capabil-
ities in natural language understanding, multimodal integration, and autonomous reasoning Raiaan
et al. (2024) Han et al. (2024) Yao et al. (2025), position LLM-based medical agents as key enablers
to address real-world healthcare challenges Vrdoljak and Boban (2025) Yang et al. (2023).

To address practical challenges in the clinical application of FUAS, this study develops a FUAS-
Agents system, integrates medical image processing, radiomics, and machine learning to perform
MRI segmentation, predict treatment dosage, and generate surgical plans (Figure 1). The system is
designed as a MM-LLMs based multi-agents framework, where different agents specialize in tasks
such as plan, tool use, memory and optimize. The key contributions are as follows: (1) We propose
an AI agent framework for automated FUAS treatment planning, highlighting the potential of agent-
based technologies in concrete clinical scenarios; (2) By integrating foundation models with domain-
specific expert models, we formulate a hybrid architecture tailored to healthcare, providing a scalable
and generalizable framework for agent-driven clinical problem-solving; (3) The system optimizes
the FUAS treatment process, supports clinical decision-making, and enhances the precision and
personalization of therapy, contributing to the broader adoption and development of this technique.

2 RELATED WORK

2.1 MULTI-MODAL LARGE LANGUAGE MODELS IN HEALTHCARE AND MEDICINE

With the advancement of LLMs in natural language processing, their application in medicine and
healthcare has rapidly expanded. Early models such as BioBERT Lee et al. (2019); Alsentzer
et al. (2019) and ClinicalBERT, pre-trained on large-scale biomedical corpora, have significantly
enhanced performance in clinical, educational, and research tasksvThirunavukarasu et al. (2023).
More recently, domain-specific LLMs like GatorTron Peng et al. (2023), PubMedGPT, and Med-
PaLM Singhal et al. (2023) have demonstrated superior capabilities in medical text understand-
ing and generation, particularly in electronic health records (EHRs), clinical question answering,
disease prediction—showing increasing potential for interactive reasoning with clinicians. Never-
theless, their unimodal nature limits performance in real-world clinical settings characterized by
complex, heterogeneous data. To address this, researchers have shifted toward multimodal foun-
dation models, such as visual-language models. Cross-modal pretraining frameworks like CLIP
have enabled image–text alignment and facilitated the development of medical multimodal models
(e.g., BioMedCLIP, LLaVA-Med) Radford et al. (2021); Li et al. (2023) , advancing applications in
diagnosis, visual question answering, and automated report generation Hartsock and Rasool (2024).

2.2 AI AGENTS GENERATE MEDICAL PLANNING

Advances in LLMs have shown AI agents’ promise in healthcare, including clinical decision support,
disease diagnosis, and hospital management Kim et al. (2024b); Ferber et al. (2024). However,
their role in treatment planning remains underexplored. Early efforts, like cGAN-based agents for
radiotherapy planning Li et al., lacked foundation model integration, limiting their ability to process
complex language and multimodal data Dong et al. (2024).

With advances in LLMs, AI agents have shown promise in healthcare applications such as clini-
cal decision support, disease diagnosis, medical report generation, and hospital management Kim
et al. (2024b); Ferber et al. (2024). However, their use in treatment planning remains limited. Early
efforts, such as cGAN-based agents for head and neck radiotherapy planning Li et al., lacked integra-
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Figure 1: System overview of FUAS-Agents. The Planner coordinates inputs, the Executor performs
segmentation and dose prediction, the strategy generates treatment plans with knowledge support,
and the optimizer refines outputs.

tion with foundation models, restricting their ability to process complex language and multimodal
data Dong et al. (2024).

Recent systems like DOLA Nusrat et al. (2025) have incorporated foundation models, RAG, and
reinforcement learning to improve radiotherapy planning. DOLA simulates collaboration between
dosimetrists and physicists for automated planning, while Harvard’s TxAgent Gao et al. (2025) in-
tegrates medical tools for individualized treatment recommendations, focusing on drug interactions.
The Medical World Model (MeWM) Yang et al. (2025)uses a closed-loop decision-making frame-
work for tumor treatment planning through observation, simulation, and strategy optimization.

Despite advancements, AI-driven treatment planning remains challenging due to the need for robust
multimodal data fusion, clinical reasoning, and personalized adaptation Hsu et al. (2025). Develop-
ing AI agents for multimodal treatment planning is a promising research direction.

Compared with these research, FUAS-Agents differs in three key aspects. First, it implements an
end-to-end clinical processing simulation tailored to a specific interventional procedure (FUAS),
integrating segmentation, dose prediction, strategy generation, and optimization within a unified
multi-agent architecture. Second, it performs multimodal fusion across images, clinical variables,
structured reports, and domain knowledge, rather than relying solely on language-based reasoning
or single-modality vision cues. Third, FUAS-Agents offers a practical paradigm for vertical-domain
medical AI, showing that reliable clinical-grade systems require more than general-purpose LLMs
and prompt engineering: effective solutions must couple foundation models with domain knowl-
edge, specialized tools, and task-specific fine-tuning.

3
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Figure 2: Overview of FUAS-Agents’ data flow and data format.

3 METHODOLOGY

FUAS-Agents is a modular multi-agent system designed for personalized treatment planning in Fo-
cused Ultrasound Ablation Surgery. Inspired by clinical processes, it simulates the physician’s rea-
soning, enabling image interpretation, dose estimation, and treatment strategy development through
collaborative and knowledge-based interaction. FUAS-Agents follows an ”agent-tool-memory” ar-
chitecture, consisting of: (1) Agents, responsible for reasoning, planning, and validation; (2) Tool
Modules, which provide deterministic capabilities like image segmentation and dose prediction; (3)
Memory Module, a shared knowledge base accessed by all agents via a RAG interface, storing clin-
ical guidelines and prior cases. A detailed workflow of the FUAS-agent, focusing on the data flow
and data formats, is presented in Figure 2.

The Planner Agent decomposes tasks and coordinates downstream modules. The Executor Agent,
upon receiving instructions, selects tools. Segmentation and Dose Prediction Tools extract imaging
and quantitative parameters, which are passed to the Strategy Agent to generate a patient-specific
treatment plan. The Optimizer Agent conducts symbolic validation, triggering a reflection mecha-
nism for plan revision if inconsistencies arise. All agents access the shared knowledge base, support-
ing the Strategy Agent in generating consistent plans and the Optimizer Agent in plan refinement.

3.1 PLANNER AGENT

The Planner Agent is the entry module of FUAS-Agents, responsible for task orchestration and
coordination. It interprets clinicians’ instructions, organizes patient data, and decomposes treatment
planning into subtasks. Inputs include multimodal information and clinician requirements, while
outputs are structured task plans defining execution order, tools, and data formats. The Planner
Agent collaborates with the Executor Agent for segmentation and dose prediction, and with the
Strategy Agent for treatment generation, thus ensuring logical consistency and clinical relevance at
the process outset.In the subsequent text, the symbols for the formulas and the results of the data
input and output are shown in Appendix A.

3.2 EXECUTOR AGENT

The Executor Agent is the core execution module of FUAS-Agents, responsible for invoking tools
assigned by the Planner Agent. It primarily handles MRI segmentation and dose prediction. Inputs

4
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include task instructions, and imaging data, while outputs are tool-derived results such as lesion
masks and dose estimates, which are then passed to the Strategy Agent.

Segmentation Module is built on the SAM2 framework, it enables consistent 3D MRI lesion de-
lineation with minimal user input. Three prompt modes: Autonomy, Click, and BBox, to support
flexible application scenarios.

Dose Prediction Module is a radiomics-based pipeline combines imaging features with clinical
variables, using feature selection and XGBoost regression to predict individualized dose values.
Model performance is validated through cross-validation metrics.

3.3 STRATEGY AGENT

The Strategy Agent is the core reasoning module of FUAS-Agents, responsible for generating per-
sonalized treatment plans from multimodal inputs. It integrates segmentation and dose results from
the Executor Agent with patient records, MRI reports, and domain knowledge from the knowledge
base. The outputs are structured candidate treatment plans that combine imaging outcomes, dose
estimates, and FUAS procedural pathways. These plans are then passed to the Optimizer Agent for
validation and refinement.

3.3.1 ENSURING DATA QUALITY AND CLINICAL RELEVANCE IN MODEL FINE-TUNING

To ensure data quality and clinical relevance, this study uses real-world patient data, which better
reflect clinical practice complexities compared to synthetic datasets Xie et al. (2024). We selected
data from collaborating healthcare organizations, following IRB protocols and ensuring privacy pro-
tection. The dataset includes treatment reports for over 2,000 patients with hysteromyoma, covering
demographics, MRI reports, and ultrasound protocols. The data undergoes cleaning and safety
checks with GPT-4, and diagnostic information is extracted for fine-tuning. To ensure validity, five
independent experts review and annotate the reports, minimizing biases Zhou et al. (2024). The
dataset is split: 10% for validation and 90% for fine-tuning, ensuring relevance and data integrity
during training.

3.3.2 FUAS MODEL FINE-TUNING PROCESS

In the fine-tuning process, we utilize Qwen-3 14B as the base model for treatment strategy genera-
tion, leveraging its excellent text comprehension and generation capabilities. Additionally, we adopt
the LoRA fine-tuning method, which introduces a low-rank adaptation layer to the model, allowing
it to specialize in treatment planning while maintaining computational efficiency. The objective of
instruction fine-tuning is to minimize the expected loss for each pair (X,Y ) within the dataset D,
which is formulated in the equation below and optimized by adjusting the parameter set θAgent:

θ∗Agent = argmin
θAgent

E(X,Y )∈D [L(θAgent(X), Y )]

The key parameters in the fine-tuning process correspond to different input-output mappings, which
are described as follows: θM2F : The input data X consists of the pair (M,B), where M represents
3D MRI data with dimensions 3×25×1024×1024 (3 channels, 25 slices, 1024x1024 images), and
B contains structured patient data, such as demographics and medical history. The target output Y is
the feature vector F , which represents the extracted features used for treatment planning; θT2F : The
input X is composed of the pair (T ,B), where T refers to tool outputs (e.g., segmentation results
or dose predictions), and B is the structured patient data. The target remains the feature vector F ,
which is used for treatment planning; θF2I : The input data X is the pair (F ,G), where F is the
feature vector and G represents clinical guidelines (treatment rules and standards). The target output
Y is the interpretable output I, which consists of the final treatment recommendations or reports.

3.4 OPTIMIZER AGENT

The Optimizer Agent serves as the quality-control and reflection module of FUAS-Agents, ensuring
candidate treatment plans from the Strategy Agent meet clinical standards. It cross-checks dose pre-
dictions and strategies against clinical guidelines, principles, and prior cases stored in the Memory

5
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Module. If inconsistencies are detected, the plans are returned for regeneration. Should errors persist
beyond N > 2 iterations, physician intervention is triggered. This agent works by processing candi-
date treatment plans as inputs and producing finalized recommendations with revision feedback as
outputs.The optimization is modeled as a constrained objective function:

θ∗opt = argmin
θ

[
Ltask(θ) + λ · Lconstraint(θ,G)

]
,

Where Ltask measures the alignment between the generated treatment plan and task objectives, such
as clinical effectiveness and feasibility. It is computed by evaluating the plan’s clinical validity based
on the model’s internal assessment of expected outcomes. Lconstraint quantifies the deviation from
clinical guidelines G by retrieving relevant guidelines from the Memory Module and comparing
them with the treatment plan, ensuring compliance. λ is a coefficient that controls the extent to
which different guidelines and prior cases are referenced during the RAG process. By adjusting λ,
the model can iteratively adjust the weight given to various sources of information, such as expert
guidelines and historical cases, in the treatment plan generation.

Clinical guidelines G are encoded using the text-embedding-ada-002 model, transforming them into
high-dimensional vectors stored in the Memory Module and indexed with FAISS for efficient re-
trieval. The generated plan input to Ltask includes patient demographics, target regions (MRI),
treatment dosage, strategy, sequence, and post-treatment monitoring. An example is provided in
Appendix B.

3.5 MEMORY MODULE

The Memory Module is the core information support of FUAS-Agents, serving both as a structured
knowledge base and a dynamic memory store. It retains authoritative FUAS resources, including
clinical guidelines, annotated cases, and expert consensus, while also recording intermediate reflec-
tions and optimization feedback for future reuse. Its main function is to provide traceable medical
evidence and historical context to the Strategy Agent for plan generation and the Optimizer Agent
for compliance checks.The construction pipeline includes: (1) Curation of guidelines, consensus,
and labeled FUAS cases; (2) Preprocessing via OCR, noise filtering, and clinical entity recognition;
(3) Structuring into semantically tagged JSON entries; (4) Embedding and indexing in FAISS for
retrieval-augmented generation (RAG).

Queries (q) are information requests posed by the Strategy Agent, representing clinical questions
that require relevant evidence from the knowledge base. These queries are embedded into vectors
vi ∈ Rd. Documents (d) represent stored knowledge units such as clinical guidelines and expert
consensus. After preprocessing, they are embedded into vectors dj ∈ Rd and indexed in FAISS
for efficient retrieval.Formally, let the query set be Q = {q1, q2, . . . , qm}, with each sub-query
embedded as vector vi ∈ Rd. These vectors are matched against the document vector set D =
{d1, d2, . . . , dn} to retrieve the top-k relevant passages:

TopK(qi) = arg max
dj∈D

cos(vi, dj), j = 1, . . . , n

The retrieved results are merged into a unified evidence set:

E = Merge(TopK(q1),TopK(q2), . . . ,TopK(qm))

Finally, the Strategy Agent synthesizes a reasoning path S from the evidence E, which is passed to
the Optimizer Agent for quality verification.

4 EXPERIMENT

4.1 OVERVIEW

This section evaluates the FUAS-Agents framework. Section 4.1 covers the MRI-based segmenta-
tion model, Section 4.2 discusses dose prediction using radiomics, and Section 4.3 details treatment
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strategy generation with a multimodal large language model. It also presents expert evaluations
of the treatment plans for clinical validation, followed by ablation experiments to confirm system
effectiveness. An example of the treatment plan is provided in Appendix B.

4.2 SEGMENTATION MODULE

4.2.1 MODELS

In this study, we use Medical SAM 2 (MedSAM-2) as the foundational model, a robust segmentation
framework that extends SAM 2 for medical image segmentation in 3D medical images. We estab-
lishe baseline performance by evaluating MedSAM-2 on the validation dataset across three prompt
types : Autonomy, Click and BBox.

Segmentation experiments are performed on 3D MRI scans and the corresponding manual segmen-
tations of 702 patients undergoing FUAS treatment. The dataset is partitioned into training dataset
(n = 561) and validation dataset (n = 141) using an 8:2 split, ensuring comparable segmentation
difficulty distributions between sets.

Table 1: Quantitative evaluation of MedSAM-2 and our method across different prompt types. Our
method consistently outperforms MedSAM-2 across all prompt types, with the most significant
improvement observed for the “Autonomy” and “Click” prompt types. The bolded numbers indicate
the best performance for each metric.

Prompt Type Model Dice IoU Average
Autonomy MedSAM-2 0.1577 0.1170 0.1374
Autonomy Ours 0.6645 0.6245 0.6445

Click MedSAM-2 0.7670 0.7245 0.7458
Click Ours 0.8550 0.8085 0.8318
BBox MedSAM-2 0.7596 0.7391 0.7494
BBox Ours 0.7724 0.7574 0.7649

4.2.2 RESULT

The segmentation performance of our model, measured by Dice score and IoU, under different
prompt types is shown in Table 1. For the ”Autonomy” prompt, our model improves segmentation
by over 4.5× compared to the baseline, demonstrating strong zero-input generalization. The ”Click”
prompt yields an 11.5% improvement over MedSAM-2, while the ”BBox” prompt also shows mod-
est gains across all metrics. These results highlight our method’s superiority over MedSAM-2,
particularly in zero-input segmentation scenarios.The detailed segmentation results can be found in
Appendix C.

4.3 DOSE PREDICTION

4.3.1 BASELINES

MRI data from 149 FUAS-treated patients (Cases with poor image quality, combined treatment with
auxiliary drugs such as anhydrous ethanol, postoperative non-perfusion volume ratio less than 70%,
and other uterine or adnexal lesions were excluded, n=93) were analyzed (mean age 41.2 ± 11.3).
Each case included T2WI sequences and corresponding dose records (15–245 kJ). The dataset was
split 8:2 into training (n = 120) and validation (n = 29) sets, with no significant intergroup dose
distribution difference (P = 0.74, K-S test).

4.3.2 FEATURE EXTRACTION AND RADIOMICS ANALYSIS

Standardized 3D lesion annotations were performed using ITK-SNAP, followed by extraction of 107
radiomic features via PyRadiomics, including first-order statistics, shape, and texture descriptors
(GLCM, GLSZM, GLRLM). Lasso regression identified 10 key predictors (Shapley range: 0.08–
0.21), with the top three being: (1) GLCM ClusterShade (21.3%), (2) GLRLM LongRunEmphasis

7
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Figure 3: Comprehensive result of model performance in dose prediction. (A) AUC Curve
Analysis. (B) Dose Distribution Analysis. (C) Residual Analysis. (D) The bimodal probability
density curve.

(18.7%), and (3) GLCM ShortRunHighGrayLevelEmphasis (15.2%). Texture complexity showed a
positive correlation with dose (r = 0.62, P < 0.01).

4.3.3 MODEL RESULT

The dose prediction model performed well (AUC = 0.91), with ROC analysis confirming high sensi-
tivity and specificity. Ablation and baseline comparisons validate the design choice of the proposed
module. Predicted dose distributions closely matched ground truth (KS test P = 0.76), though the
model was slightly conservative in high-dose regions (χ2 = 5.32, P = 0.021), showing a minor
peak around 1500 kJ and underestimation above 300 kJ. Residuals were typically within ±50 kJ at
lower doses. Clinicians confirmed the current MAE is acceptable. Risk classification showed a clear
bimodal pattern (KL divergence = 0.83), supporting effective stratification.

Table 2: Model Performance Comparison

Model ROUGE BLEU
R-1 R-2 R-L B-1 B-2 B-3 B-4

GPT-4 0.3291 0.1339 0.2359 0.3572 0.1192 0.0551 0.0342
ChatGPT-4o 0.3535 0.1121 0.1713 0.2004 0.0660 0.0288 0.0163
Claude 3 Sonnet 0.3483 0.1004 0.1864 0.2198 0.0628 0.0258 0.0155
LLaMA 4 Scout 17B 0.3480 0.1159 0.1952 0.1952 0.2717 0.0830 0.0386
DeepSeek-V3 0.3655 0.1137 0.1927 0.2114 0.0651 0.0291 0.0172
DeepSeek-R1 0.3368 0.0942 0.1581 0.1672 0.0470 0.0181 0.0094
GLM-4-32B 0.3234 0.0934 0.1374 0.1219 0.0412 0.0169 0.0087
Moonlight 16B 0.3419 0.1174 0.1999 0.2431 0.0760 0.0343 0.0208
Yi-34B-Chat 0.3570 0.1130 0.1884 0.2265 0.0697 0.0298 0.0187
Qwen3-14B 0.3329 0.0823 0.1291 0.1191 0.0329 0.0129 0.0073
Doubao-1.5-pro 0.3102 0.0725 0.1298 0.1314 0.0344 0.0135 0.0076

FUAS 0.5512 0.3267 0.4269 0.4988 0.2765 0.1806 0.1300

4.4 REPORT GENERATION

4.4.1 BASELINES

We select multiple baseline models to evaluate the performance of our proposed FUAS model, cate-
gorized into closed-source and open-source. The closed-source models include ChatGPT-4o-Latest
and Claude-3-7-Sonnet-Latest, both of which excel in natural language understanding and gener-
ation. The open-source models consist of GLM-4-32B, Doubao-1.5-thinking-pro, Qwen3-14B,
DeepSeek-R1, DeepSeek-V3, Yi-34B-Chat, Llama-4-Scout-17B-16E-Instruct, and Moonlight-16B-
A3B-Instruct, which demonstrate strong performance in medical tasks. To ensure fairness, the se-
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Table 3: Ablation Study Results

Group Completeness Accuracy Fluency Compliance

Full-Function Group (Baseline) 82.5% 80.0% 87.5% 97.5%
Ablation Group 1 (No Executor) 36.3% 77.5% 82.5% 92.5%
Ablation Group 2 (No Optimizer) 82.5% 65.0% 77.5% 72.5%
Ablation Group 3 (No Memory) 76.3% 58.8% 73.8% 65.0%

lected baseline models are chosen to have parameters and functionalities similar to or higher than
those of our FUAS base model, allowing us to fully showcase the potential of each model.

4.4.2 TRAINING DETAILS

For fine-tuning, we use the LoRA method with a rank of 8 and a scaling factor of 16. The learning
rate is set to 5 × 10−5, with training conducted over 3 epochs. A maximum gradient norm of 1.0
ensures training stability. The batch size per GPU is 2, and the learning rate is adjusted with a cosine
scheduler. Training is done with BF16 precision to optimize memory usage, and a 4-step warm-up
period gradually increases the learning rate. The training is distributed across four NVIDIA A800
80GB GPUs for faster processing.

4.4.3 MODEL COMPARISON AND EVALUATION METRICS

To evaluate the performance of the FUAS model, we test it using 200 randomly selected samples
(10% of the dataset). All models are assessed under identical conditions and tasked with generating
structured treatment strategies. Their outputs are evaluated using standard metrics: ROUGE-1,
ROUGE-2, ROUGE-L, and BLEU-1 to BLEU-4, which measure recall and n-gram precision in
text generation. The results show that the FUAS model outperforms all baseline models, achieving
the highest ROUGE and BLEU scores. Compared to models like GPT-4 and GLM-4-32B, FUAS’s
performance is significantly better, demonstrating its ability to match or exceed larger models
even with fewer parameters. This highlights the FUAS model’s effectiveness and efficiency for
treatment strategy generation, making it a valuable tool for real-world medical applications. The
comparative results are shown in Table 2.

4.4.4 CASE STUDY

In this section, we assess the performance of several large models in generating treatment plans.
As shown in Appendix E, ChatGPT, GLM-4, DeepSeek-R1, and GPT-4O provide treatment frame-
works, but differ in refinement and personalization. ChatGPT and GLM-4 focus on standard pro-
cesses without adjustments, while DeepSeek-R1 offers preoperative preparation but overlooks com-
plex conditions. In contrast, FUAS excels in diagnosis accuracy, treatment adjustments, and risk
control, providing personalized plans that align more closely with patient needs in preoperative and
postoperative evaluations.

4.5 ABLATION STUDIES

We conducted an ablation study to evaluate the contribution of each module in FUAS-Agents. The
Full-Function Group (Baseline) includes all five parts: Planner, Executor, Strategy, Optimizer, and
Memory. In the ablation study, we removed one agent at a time: Ablation Group 1 removes the
Executor Agent, Ablation Group 2 removes the Optimizer Agent, and Ablation Group 3 removes
the Memory Module. Twenty test cases with over 90% completeness were selected, and four senior
FUAS experts evaluated the generated treatment plans based on completeness, accuracy, fluency,
and compliance. The results are shown in Table 3.
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Figure 4: Human evaluation across different models.

4.6 EFFICIENCY ANALYSIS

We evaluate the efficiency of FUAS-Agents by examining runtime, token usage, and success rate
across the Planner, Executor, Strategy, and Optimizer Agents. Runtime measures task completion
time, token usage reflects computational cost, and success rate indicates expert-validated task qual-
ity. Detailed results are reported in Appendix F.

4.7 HUMAN EVALUATION

To complement the quantitative analysis, four senior FUAS specialists independently evaluated 20
randomly selected cases based on standardized criteria. The assessments covered four dimensions:
completeness, accuracy, fluency, and compliance. Results, presented in Appendix G, show that
FUAS-Agents performed well across all metrics. Specifically, 82.5% of the plans were comprehen-
sive in completeness, over 80% were clinically appropriate for accuracy, 87.5% were coherent for
fluency, and 97.5% adhered to ethical, safety, and regulatory standards for compliance.

To further validate the robustness and clinical applicability of the proposed system, we also con-
ducted a comparative evaluation with three representative large-scale medical language models
(Baichuan-M2, Huatuo GPT, and LLaVA-Med). Each model was required to generate a complete
FUAS treatment planning. Subsequently, human experts scored the models. As shown in Figure
4, the comparison results indicate that FUAS-Agents consistently outperformed the other models,
highlighting its advantage in generating FUAS treatment planning.

5 CONCLUSION

In this work, we present FUAS-Agents, a modular multi-agent system powered by multimodal
LLMs for generating personalized treatment planning in Focused Ultrasound Ablation Surgery. The
system integrates image segmentation, dose prediction, and therapeutic strategy formulation into a
unified workflow that mirrors the physician’s reasoning process. Experimental results demonstrate
that FUAS-Agents achieves superior performance compared with open-source baselines and has
been positively evaluated by senior clinicians.

Despite these promising results, this study remains limited by its reliance on single-center data. Fu-
ture work will extend validation to multi-center cohorts to improve generalizability and robustness.
In addition, the deployment of agent systems in clinical practice involves ethical and operational
challenges. FUAS-Agents adopts a human-in-the-loop framework to ensure physician oversight un-
der uncertainty. Future work will incorporate self-monitoring and out-of-distribution detection to
enhance reliability and interpretability. Patient privacy remains a priority, with federated learning
envisaged to secure multi-center data. Fairness and accountability will be addressed through data
diversification and bias auditing.
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Ethics Statement. This study uses retrospective, anonymized single-center MRI data with institu-
tional approval, ensuring that no personally identifiable information is disclosed. FUAS-Agents is
designed under a human-in-the-loop paradigm, where physicians maintain oversight of automated
recommendations. Patient privacy, fairness, and accountability are prioritized, with future work
exploring federated learning and bias auditing to further safeguard ethical compliance.

Reproducibility Statement. We provide detailed descriptions of model design, training, and evalu-
ation in the main text and appendix. Source code is publicly available at the anonymous repository
(see abstract). Due to privacy restrictions, raw clinical data cannot be shared, but synthetic examples
and interfaces are provided to support reproducibility.
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A EXPLANATIONS OF FORMULA SYMBOLS

Table A1: Notation Definitions

Notation Description

M2F, T2F, F2I Transformation of different data types through the fine-tuning
process.

M2F Maps MRI data (M) and patient metadata to features (F) for treat-
ment planning.

T2F Maps tool outputs (e.g., segmentation results, dose predictions)
to features (F).

F2I Transforms feature representations (F) into interpretable outputs
(I), such as final treatment recommendations.

Table A2: Data Types and Structures

Data Type Input Description Output Description
Medical Image
Data (M)

3D MRI image data with dimensions
(3× 25× 1024× 1024)

Processed image data generating
segmentation masks or feature repre-
sentations (F) for treatment planning.

Dose Prediction
Data

Input: predicted dose (float), weight
(joblib), MRI image (nii), and mask
(nii).

Output: Predicted dose values and
associated weights.

Clinical Data (B) Structured patient data with ∼50 fea-
tures (demographics, medical his-
tory).

Integrated data for the Strategy
Agent.

Feature Vector
(F)

High-dimensional features (512 or
1024 dims) extracted from M or T.

Input for dose prediction or treat-
ment planning.

Treatment Plan
(T)

Structured parameters (10 key pa-
rameters: dose, area, etc.).

Final treatment plan.

Clinical Guide-
lines (G)

Expert-defined treatment standards
and rules.

Ensures optimized, compliant treat-
ment plans.

Interpretative
Output (I)

Model-generated treatment plans. Final human-readable recommenda-
tions or reports.
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B ILLUSTRATIVE EXAMPLE OF FUAS-AGENTS TREATMENT PLANNING

Input 

MRI report

Patient ***, female, 40 years old, diagnosed with uterine fibroids, no desire for fertility.
 Chief Complaint: Uterine fibroids detected during physical examination 2 years ago.
 Present Illness: The patient reports normal menstrual cycles with no obvious abnormalities. Uterine fibroids were 
discovered during a physical examination 2 years ago, and no special treatment was given. She has had annual follow-up 
checks. She is now seeking HIFU non-invasive treatment and consulted at our center. After successful preoperative 
positioning and being informed of the treatment plan and risks, the patient requested to try HIFU treatment. After 
completing the necessary checks and preoperative preparations, she was admitted today for HIFU treatment. Since the 
onset of her illness, her diet has been normal, and there has been no significant change in her weight or bowel habits 
recently.
 Past Medical History: The patient is generally healthy and denies a history of hypertension, coronary heart disease, 
diabetes, hepatitis, or other diseases. Denies a history of pelvic inflammatory disease, surgeries, transfusions, or allergies.
 Personal History: No special history.
 Menstrual History: Increased menstrual flow, prolonged menstrual periods, no dysmenorrhea. Last menstrual period 
(LMP): July 3, 2024. G0P0.
 Family History: No significant family history.
 Specialist Evaluation: No abnormalities.

The uterus is enlarged with an irregular shape and local protrusions. Multiple nodules and masses 
of varying sizes, resembling rounded shapes, are observed in the uterine myometrium, submucosa, 
and serosa. Compared to the myometrium, the lesions appear isointense or slightly hypointense on 
T1WI, and hypointense on T2WI. The largest lesion, approximately 3.5 cm × 5.3 cm × 4.3 cm, is 
located on the posterior wall. Another lesion in the posterior wall's lower portion shows a long T2 
signal. After contrast enhancement, the lesion demonstrates marked uneven enhancement. The size, 
shape, and signal of both ovaries are normal, and no abnormalities are observed. The bladder is 
generally filled, with smooth walls. No abnormal signals are noted in the rectouterine pouch, and 
no enlarged lymph nodes are found in the pelvic cavity. A small amount of fluid is present in the 
pelvic cavity.

① Med-sam2

③ Strategy② Radiomics RAG

FUAS planning

Decode

Feature Extraction decode

Patient info

3.Treatment Recommendations and Strategies
(1) Initial Diagnosis: Multiple fibroids in the uterus, partial degeneration with small amount of pelvic effusion.(2) Timing of Treatment: The patient was not 
menstruating, had no symptoms of fever or lower abdominal pain, no pressure pain in the uterus or bilateral adnexal areas on gynecological examination, no cervical 
lifting pain or pendulum pain, and no vaginal bleeding or fluid. Pelvic MRI showed multiple fibroids, partial degeneration, low signal in T2WI, marked uneven 
enhancement after enhancement, rich blood supply, medium difficulty in treatment, and HIFUA treatment was proposed today.(3) Treatment purpose and patient 
communication: treatment purpose: ablation of the lesion, control of disease progression, and alleviation of symptoms were the main objectives. Doctor-patient 
communication: Inform the patient and his family that HIFUA is a minimally non-invasive treatment, which is unable to remove the lesion, and that the lesion may 
need to be retreated or surgically treated if the lesion shrinks or shrinks inconspicuously after the operation. Inform the patient of intraoperative and postoperative 
precautions and sign to confirm. (4) Preoperative preparations and precautions: Dietary preparations: bowel preparations have been carried out in accordance with 
the doctor's instructions before the operation. Other preparations: Preoperative degreasing and degassing. Precautions: Preoperative examination to exclude 
contraindications to HIFUA treatment. Preoperative degreasing and degassing. Preoperative pregnancy should be excluded.  (5) Treatment analysis: the patient has 
multiple fibroids in the uterus, partial degeneration, low signal in T2WI, obvious uneven enhancement after enhancement, rich blood supply, medium difficulty in 
treatment, and it is proposed to perform HIFUA treatment tomorrow. During treatment, attention should be paid to intestinal extrusion, and during operation, the 
patient's bilateral lower extremity radiating pain should be closely observed and the rhythm of treatment should be controlled. During the operation, we need to pay 
attention to the patient's abdominal skin reaction and sacrococcygeal reaction to avoid skin damage and nerve damage.(6) Treatment sequence: treat the foot side first, 
then treat the head side, treat the center first, then spread to the surrounding. Pay attention to maintain a safe distance between the focal point and the endothelium and 
plasma membrane to avoid injury. (7) Intraoperative precautions: Use a small bladder to construct the acoustic channel during the operation. During treatment, treat 
the center area first, then spread to the surrounding area sequentially. Pay attention to the patient's complaints during treatment to avoid radiating pain.(8) Post-
treatment observation and treatment: After treatment, observe the patient's abdominal signs, vaginal bleeding and fluid, sensory movement of both lower limbs, etc., 
treat them in time, and follow up the reduction of the lesion.

FUAS
Agent

Output 

Prompt

2. Cross-sectional 
treatment dose prediction 

suggested irradiation:
214029.00 J

TOOL

1.MRI Image Segmentation

Figure 5: Illustrative example of FUAS-Agents treatment planning
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C SAMPLE

Figure E1.Sample 1

Figure E2.Sample 2

Figure E3.Sample 3

Figure E5.Sample 5

Figure E6.Sample 6

Figure E4.Sample 4

Figure C1: Comprehensive visualization for Appendix E

D SUPPLEMENTARY INFORMATION ON DOSE PREDICTION

1. Supplementary Dose Prediction Experiments
Model MAE(kJ) AUC R²

Lasso Grid Geometric Features (baseline module) 128.9 0.67 0.65
XGBoost Bayes FinFeat Radiomics 28.4 0.86 0.75
Support Vector Regressor Radiomics 37.9 0.82 0.70
Random Forest Radiomics 42.3 0.83 0.72
Lasso-XGBoost Radiomics Dose Predictor 27.0 0.91 0.82

2. Technical Details of the Dose Prediction Process
(1) Data preparation and feature extraction Experienced clinicians manually delineated the target
lesions on NIfTI-format medical images. Quantitative radiomic features were extracted from both
the images and segmentation masks using the pyradiomics toolkit.

(2) Feature preprocessing and selection All features underwent variance filtering and Z-score
normalization. To identify stable predictors, Lasso regression was repeatedly applied on random
data subsets, and features were ranked by their selection frequency. Based on this stability selection
process, a LassoCV model was further used to shrink coefficients and obtain the final feature set.

(3) Model construction A unified sklearn.pipeline.Pipeline connected feature selection,
normalization, and regression. The final predictor adopted an XGBoost regressor, whose
hyperparameters were optimized via grid-search cross-validation.
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(4) Hyperparameter settings StabilitySelector threshold: [0.5, 0.6]; LassoCV alphas: logspace(3, 1,
15); XGBoost:
maxdepth = [3, 5], learningrate = 0.01, regalpha = 0, reglambda = 1, gamma = 0.

(5) Definition of high-dose vs. low-dose groups The quartile cut-points of the training-set dose
distribution were used to define dose categories.

(6) Software and computational environment The workflow was implemented using pyradiomics,
XGBRegressor, SimpleITK, LassoCV, GridSearchCV, and StabilitySelector.
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E CASE STUDY OF TREATMENT PLANNING GENERATION BY DIFFERENT
LLMS

Figure E1: Treatment Plan Generated by FUAS-Agents
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Figure E2: Treatment Plan Generated by LLaMA
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Figure E3: Treatment Plan Generated by GPT-4
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Figure E4: Treatment Plan Generated by ChatGPT-4o
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Figure E5: Treatment Plan Generated by DeepSeek
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Figure E6: Treatment Plan Generated by GLM
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F EFFICIENCY ANALYSIS OF FUAS-AGENTS SYSTEM

Planner Agent Executor Agent Strategy Agent Optimizer Agent

Running Times 1.3 29.43 66.70 18.73
Token Usage (k) 131 0 6334 3178
Success Rate 100% 100% 75% 100%

G VALUATION RESULTS FROM FOUR SENIOR FUAS CLINICIANS

42.50%

40.00%

15.00%
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Fully complete
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Mostly complete

Incomplete
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25.00%

57.50%
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25.00%
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32.50%
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Non-compliant

Seriously 
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Figure G1: Valuation results from four senior FUAS clinicians

H LLM USAGE STATEMENT

We used large language models (LLMs) solely for minor language polishing, such as improving
grammar and clarity of some sentences. No LLMs were involved in research ideation, experimental
design, analysis, or drafting substantive content of this paper.
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