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Abstract. Thyroid cancer is the ninth most common malignancy glob-
ally, with Papillary Thyroid Carcinoma (PTC) representing the most
prevalent subtype. The BRAF V600E mutation has emerged as a de-
cisive diagnostic and prognostic biomarker of PTC, essential for risk
stratification and personalized therapy. However, its gold-standard de-
tection relies on complex and expensive sequencing technology. There-
fore, developing advanced deep learning methods to predict BRAF mu-
tation by integrating multimodal clinical data offers a cost-effective so-
lution to facilitate accurate diagnosis and individualized risk stratifi-
cation. In this paper, we present the first comprehensive multimodal
dataset for thyroid cancer BRAF V600E mutation prediction, MM-
BRAF dataset, integrating 3120 high-quality ultrasound images, an-
notated tumor regions, ultrasound reports, clinicopathological records,
and BRAF mutation status. Furthermore, we propose BRAF-MLLM,
a novel and first Multimodal Large Language Model (MLLM) frame-
work for thyroid cancer BRAF V600E mutation prediction. Given that
mutation-relevant signatures in ultrasound imagery are often subtle and
localized within minuscule tumor regions, we design the Tumor-centric
Multimodal Dual-scale Alignment (TMDA) module. During the train-
ing stage, TMDA explicitly decouples visual features into intra-tumoral
and extra-tumoral scales, aligning them with fine-grained clinical se-
mantics to suppress background noise and enhance the perception of
tumor-specific indicators. To validate the effectiveness of our approach,
we establish a comprehensive benchmark for this novel task using tra-
ditional multimodal fusion models and mainstream MLLMs. Extensive
experiments subsequently demonstrate that BRAF-MLLM consistently
outperforms all baseline methods, showcasing its significant potential for
precise clinical decision-making. The code and dataset are available at:
https://github.com/FiFi-HA0467/BRAF-MLLM.

Keywords: Thyroid Cancer - BRAF Mutation - Multimodal Large Lan-
guage Model

* Chunwang Huang and Lei Zhu are the corresponding authors of this work.


https://github.com/FiFi-HAO467/BRAF-MLLM

2 P. Hao et al.

1 Introduction

Thyroid cancer ranks as the ninth most common malignancy globally, with Papil-
lary Thyroid Carcinoma (PTC) representing the predominant subtype, account-
ing for approximately 84% of all cases [7]. Although PTC is generally considered
highly curable, its clinical management is complicated by a significant recur-
rence rate and potential mortality in advanced cases [31]. Crucially, the B-type
raf kinase (BRAF) V600E mutation has been identified as the most prevalent
genetic alteration in PTC, serving as a decisive driver of tumor aggressiveness
[26]. Given its strong correlation with poor progunosis, increased risk of recur-
rence, and diminished radioiodine uptake sensitivity [27/28], the BRAF V600E
status has become a cornerstone for precise risk stratification. Consequently,
precise assessment of this mutation is of paramount importance for prognostic
evaluation and the formulation of adjuvant therapeutic strategies.

Currently, BRAF mutation detection relies on invasive surgical or fine-needle
aspiration specimens analyzed via Sanger sequencing or other sequencing tech-
nology [24]. Many clinical studies have confirmed that the BRAF V600E mu-
tation is significantly associated with aggressive clinicopathological features,
such as extrathyroidal extension and lymph node metastasis [I3]. Furthermore,
despite minor discrepancies in specific indicators, existing studies consistently
demonstrate the correlation between BRAF V600E mutation and the tumor’s
morphological phenotypes in ultrasound (US) images [16/17]. However, translat-
ing these clinical insights into accurate mutation prediction is highly challenging.
Manual statistical evaluations often fail to integrate diverse data sources effec-
tively, while early Al explorations remain restricted to single-modal US anal-
ysis [30] . Neither approach fully exploits the complex synergy between visual
phenotypes and clinicopathological narratives, which often manifests as latent,
high-dimensional correlations. Consequently, a multimodal framework capable of
comprehensively understanding US images and clinical information is essential to
transcend the limitations of single-source analysis for precise BRAF prediction.

Driven by these insights, we present the first large-scale and comprehensive
dataset, MM-BRAF dataset, specifically curated for BRAF V600E mutation
prediction, integrating 3120 high-quality US images with their corresponding
US reports, expert-annotated tumor regions, clinicopathological records, and
ground-truth BRAF mutation status. Building upon this foundation, we propose
BRAF-MLLM, a novel and first Multimodal Large Language Model (MLLM)
[29] framework meticulously designed for thyroid cancer BRAF V600E mutation
prediction. Precisely predicting BRAF mutation is a cognitively demanding task
that requires not only a thorough understanding of clinical semantics and visual
characteristics but also the logical reasoning capability to decipher the subtle,
deep-seated correlations between them. Recognizing this inherent complexity, we
actively employ MLLM as our foundational architecture, leveraging its robust
cross-modal reasoning [9] and inference capabilities [TOJIT]| to bridge the gap
between heterogeneous clinical data and molecular genotypes.

However, general MLLMs often lack expertise in understanding US images
and specialized clinical terminology. Moreover, clinical experience indicates that
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mutation-relevant visual signatures are typically confined to minuscule tumor
regions, which are frequently obscured by the inherent speckle noise and blurred
margins of US images. Consequently, these subtle diagnostic signals are often
overwhelmed within global image representations, making it difficult for MLLMs
to accurately align subtle visual cues with their corresponding clinical descrip-
tions, thereby limiting the precision of BRAF prediction [22]. To overcome these
limitations, we design the Tumor-centric Multimodal Dual-scale Align-
ment (TMDA) module. During the training stage, by explicitly decoupling
visual features into intra-tumoral and extra-tumoral scales and precisely align-
ing them with clinical semantic descriptions, the TMDA module effectively sup-
presses background noise and focuses on localized pathological signatures. This
fine-grained perception improves the MLLM’s capability to interpret nuanced
US manifestations, ultimately enabling a more robust mapping from imaging
phenotype to BRAF genotype and markedly improving prediction performance.
The main contributions of this work are summarized as follows: (1) we present
the first comprehensive multimodal dataset, MM-BRAF dataset, for thyroid can-
cer BRAF V600E mutation prediction, integrating ultrasound images, annotated
tumor regions, ultrasound reports, BRAF mutation status, and clinicopathologi-
cal records; (2) we propose BRAF-MLLM, a novel and first MLLM framework for
thyroid cancer BRAF V600E mutation prediction; (3) we design a Tumor-centric
Multimodal Dual-scale Alignment (TMDA) module that enhances the capture of
subtle signatures through fine-grained dual-scale cross-modal alignment; (4) we
establish a comprehensive benchmark for this novel task. Extensive experiments
demonstrate that our proposed BRAF-MLLM achieves state-of-the-art perfor-
mance, showcasing its significant potential for precise clinical decision-making.

2 Methodology

2.1 Overview of BRAF-MLLM Framework

The BRAF-MLLM framework is designed to comprehend multimodal clinical
data for the precise prediction of BRAF V600E mutations. As illustrated in
Fig. [I} the overall architecture follows a three-stage pipeline: multimodal fea-
ture extraction, tumor-centric dual-scale alignment, and MLLM-based reason-
ing. Specifically, for each case, the input consists of a US image along with its
corresponding US report and clinicopathological records. We employ the pre-
trained vision encoder and tokenizer of the MLLM to extract the visual features
and text embeddings, respectively. Subsequently, these features are processed by
the TMDA module, where intra-tumoral and extra-tumoral signatures are ex-
plicitly decoupled and aligned with fine-grained clinical semantics. The aligned
multimodal representations are then fused and fed into the MLLM. To adapt the
model to the specific domain of thyroid oncology, we utilize Low-Rank Adapta-
tion (LoRA) [14] for efficient fine-tuning of the MLLM. Leveraging its enhanced
cross-modal reasoning and logical inference capabilities, the model processes the
integrated clinical context to output the final BRAF mutation prediction.
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Dataset Construction
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Fig. 1. Overview of our proposed method. The left part shows the construction pipeline
of our MM-BRAF dataset. The middle part illustrates the BRAF-MLLM framework,
where US images are aligned with clinical text and subsequently input into the MLLM
for BRAF V600E prediction. The right part details the Tumor-centric Multimodal
Dual-scale Alignment (TMDA) module, designed to explicitly decouple visual features
into intra-tumoral and extra-tumoral scales and align them with fine-grained clinical
semantics to enhance tumor-specific perception.

2.2 Dataset Construction

The construction of our MM-BRAF dataset follows a structured pipeline com-
prising data acquisition, expert annotation, and automated curation. As illus-
trated in the left part of Fig. [T} we first collect a comprehensive set of raw data for
each patient, including US images, original medical records, and gold-standard
BRAF gene mutation status. Subsequently, experienced clinicians perform pro-
fessional annotations on the US images to generate precise tumor regions. To
transform the unstructured medical forms into standardized clinical insights, we
employ GPT-4o as a Large Language Model (LLM) [32] agent to synthesize and
structure the raw data. Guided by task-specific prompts, the LLM Agent au-
tomatically collates and categorizes these records into two distinct components:
clinicopathological information and US reports. Clinicopathological information
integrates clinical demographics (e.g., age and gender) with pathological findings
(e.g., histopathological diagnosis and lymph node metastasis). US reports include
tumor shape, sonographic features, and so on. This hybrid curation approach en-
sures the generation of high-quality, fine-grained multimodal data, providing a
robust foundation for the subsequent training of BRAF-MLLM.

2.3 Tumor-centric Multimodal Dual-scale Alignment

Clinical experience suggests that BRAF V600E mutations are intrinsically linked
to specific tumor phenotypic characteristics [I6/17]. While general MLLMs ex-
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hibit robust reasoning in natural domains, they often encounter "domain blind-
ness" when interpreting thyroid US images. This is primarily attributed to two
factors: the inherent complexity of sonographic patterns coupled with special-
ized clinical terminology, and the fact that the lesion typically occupies only a
small fraction of the image, where mutation-relevant signatures are frequently
obscured by speckle noise. Traditional global alignment methods tend to bridge
textual cues with the entire visual field [2]; consequently, irrelevant background
features interfere with the modeling of subtle clinical indicators, causing the
sparse but critical diagnostic signals to be obscured or lost in the global feature
space.

To surmount these challenges, we design the TMDA module, which imple-
ments the decouple-then-align strategy. From a clinical perspective, indicators
of BRAF mutations are distributed across two scales: intra-tumoral features
(e.g., microcalcifications and solid composition) and extra-tumoral signatures
(e.g., cervical lymph node and peritumoral morphology). By leveraging clinician-
annotated tumor regions, TMDA explicitly decouples the US images into intra-
tumoral and extra-tumoral visual features. Simultaneously, we utilize an LLM
agent to categorize text from US reports into intra-tumoral medical entities and
extra-tumoral medical entities based on predefined clinical rules. Finally, through
contrastive learning, these dual-scale visual features are aligned with their corre-
sponding semantic entities. This mechanism compels the model to perform focal
precision sensing on the lesion itself while maintaining contextual awareness of
the surrounding tissues [20]. Such fine-grained alignment ensures that the MLLM
can bypass extraneous noise and focus on the genotype-phenotype associations
within the tumor region, thereby enhancing the accuracy of BRAF prediction.

Specifically, the visual representations are extracted via a pre-trained vi-
sion encoder and a learnable adaptor, which are explicitly decoupled into the
intra-tumoral visual feature fii;» and the extra-tumoral visual feature foxira.
Concurrently, the US report Ty is partitioned by an LLM agent into two sets of
semantic entities, Tintra and Textra, representing intra-tumoral and extra-tumoral
clinical descriptions. These entities are processed by the tokenizer to generate
the corresponding semantic embeddings tintya and textra. The mathematical for-
mulations are as follows:

T = Yrim(Tus, 8), (1)
fs = &(P, (I, My)), ts= Tokenizer(Ts), s € {intra, extra}, (2)

where Wi\ represents the LLM agent, @, denotes the vision encoder and ¢
represents the learnable adaptor.

To bridge the genotype-phenotype gap, we formulate a dual-scale contrastive
learning objective. For a batch of N samples, the intra-tumoral alignment loss
Lintra and the extra-tumoral alignment loss Leytra are independently defined as:

N

1 i %,in ravti intra
ﬁintra = — = Z log ]\?Xp (Slm(.f’ i At )/T) y (3)
i=1 Zj:l €xp (Slm(fi,intrm tj,intra)/T)
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N

Z GXP Slm(fz extra, ti extra)/T) (4)

= ] 1 €xXp (Slm(fz extras tj extra)/'r)

extra =

The total multimodal alignment loss Lalign is then computed as a weighted
combination of the two scale-specific alignment objectives:

‘Calign = aLintra + Bﬁextraa (5>

where « and 3 are weighting coefficients that control the relative contributions
of the intra-tumoral and extra-tumoral alignment losses, respectively. sim(-, )
denotes cosine similarity, and 7 is the temperature hyper-parameter.

3 Experiments and Results

3.1 Dataset and Implementation Details

Dataset. The MM-BRAF dataset consists of 3,120 multimodal samples from
a clinical cohort of 1,258 patients, each of whom has a single confirmed lesion
with several multi-view US images. To capture complementary spatial informa-
tion, these distinct US views are treated as individual samples. Specifically, each
sample integrates a US image, its associated clinical report, annotated tumor
region, clinicopathological record, and the BRAF mutation status. To prevent
data leakage, all data from the same patient were assigned to the same sub-
set, and the dataset was split into training and test sets at a 7:3 ratio. After
patient-level splitting, the training set was kept approximately balanced, with
56.36% BRAF VG600E-positive cases and 43.64% negative cases, while the test
set retained its natural distribution, with 66.99% positive cases.
Implementation Details. For performance evaluation, we employ standard
classification metrics for MLLM, including Accuracy (Acc) [12], F1-Score [12],
and Recall [12]. Our framework is implemented in PyTorch and trained for 2
epochs on a cluster of 8 NVIDIA RTX 4090 GPUs. Utilizing Qwen2.5-VL-7B as
the base model, we apply LoRA for efficient MLLM fine-tuning. The learning
rate is set to 1 x 10~° with a per-device batch size of 1 and gradient accumulation
steps of 16.

3.2 Experiment Results

As illustrated in Table [I, we evaluate the performance of our BRAF-MLLM
against several baseline models on the MM-BRAF dataset. The comparison cov-
ers two main categories: traditional multimodal fusion methods and MLLMs.

Comparisons with Traditional Multimodal Fusion Methods. As shown
in Table [T} our proposed BRAF-MLLM consistently outperforms all traditional
multimodal fusion baselines across all evaluation metrics. Specifically, compared
to the strongest traditional baseline, GPT2, our model achieves an accuracy of
0.7735, representing a 2.78% absolute improvement over GPT2’s 0.7457. Re-
garding F-Score and Recall, BRAF-MLLM yields 0.6979 and 0.7129, surpassing
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Table 1. Performance comparison of traditional multimodal fusion methods, Multi-
modal Large Language Models, and our proposed BRAF-MLLM on the MM-BRAF
dataset. SF'T denotes Supervised Fine-Tuning.

Method Acc F-Score Recall
Traditional Multimodal Fusion Methods
VisualBERT [19] 0.7382 0.6632 0.6701
BlockTucker [6] 0.7040 0.6462 0.6510
MUTAN [5] 0.7115 0.6588 0.6534
GPT2 [25] 0.7457 0.6644 0.6529
Multimodal Large Language Models
GPT-4o [15] 0.6049 0.6346 0.6185
Qwen3-VL [3] 0.5695 0.6443 0.6521
Gemini 2.5 [§] 0.6128 0.5884 0.6005
Claude 3.7 Sonnet [I] 0.5591 0.6640 0.6418
Qwen-VL-Max [2] 0.6004 0.6400 0.6127
LLaVA-Med [18] 0.4280 0.3971 0.4795
LLaVA-1.5-7B [23] (SFT) 0.7211 0.6371 0.6215
Qwen2.5-VL-7B [4] (SFT) 0.7443 0.6598 0.6383
BRAF-MLLM (Ours) 0.7735 0.6979 0.7129

the category leaders (GPT2 at 0.6644 and VisualBERT at 0.6701) by 3.35%
and 4.28%, respectively. These results demonstrate that our MLLM-based ar-
chitecture possesses a superior capability for multimodal reasoning and feature
integration compared to traditional fusion methods.

Comparisons with MLLMs. We further evaluate BRAF-MLLM against a
range of outstanding MLLMs. First, compared to mainstream general-purpose
MLLMs such as GPT-40, Qwen3-VL, Gemini 2.5, Claude 3.7 Sonnet, and Qwen-
VL-Max, our model demonstrates a substantial superiority across all metrics.
This indicates that despite their vast pre-training knowledge, general MLLMs
struggle with the specialized diagnostic reasoning required for BRAF mutation
prediction. Second, although LLaVA-Med is specifically tailored for the medical
domain, it underperforms on the BRAF mutation prediction task. This sug-
gests that broad medical knowledge alone is insufficient to capture the unique
multimodal patterns inherent in BRAF prediction, thereby underscoring the
formidable challenge of this specialized diagnostic objective. Finally, while su-
pervised fine-tuning (SFT) significantly boosts the performance of LLaVA-1.5-
7B and Qwen2.5-VL-7B, our BRAF-MLLM still consistently outperforms these
fine-tuned MLLMSs. In summary, these results demonstrate that our proposed
BRAF-MLLM achieves significant advantages over both zero-shot and fine-tuned
MLLMs in the precise prediction of BRAF mutations.
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Table 2. Ablation studies of different components in our BRAF-MLLM. “US-Img”
and “Text” denote the inclusion of US images and clinical text. “TMDA” refers to our
proposed Tumor-centric Multimodal Dual-scale Alignment module.

Method US-Img Text Alignment Acc F-Score Recall

M1 v - - 0.7254 0.6432 0.6107
M2 - v - 0.7115 0.6260 0.5924
M3 v v X 0.7443 0.6598 0.6383
M4 v v CL 0.7610 0.6825 0.6779
Ours v v TMDA 0.7735 0.6979 0.7129

3.3 Ablation Studies

To validate the effectiveness of the components in BRAF-MLLM, we conduct
a series of ablation experiments as presented in Table 2l We first evaluate the
necessity of utilizing multimodal data by comparing unimodal baselines, M1
(utilizing only US images) and M2 (utilizing only clinicopathological text), with
the multimodal fusion approach M3. The superior performance of M3 over both
M1 and M2 demonstrates that neither modality in isolation provides sufficient
diagnostic information, confirming that multimodal integration is essential for
capturing the complex genotype-phenotype associations required for accurate
BRAF mutation prediction.

Furthermore, we evaluate our alignment strategy by comparing BRAF-MLLM
against M3, which lacks explicit cross-modal alignment, and M4, which em-
ploys traditional global contrastive learning (CL) between the US images and
the entire US reports. BRAF-MLLM significantly outperforms both baselines,
demonstrating the superiority of the TMDA module. The results indicate that
by aligning specific semantic entities with local regions, our approach learns a
more discriminative representation of subtle diagnostic features that global con-
trastive alignment tends to obscure. This leads to more robust and accurate
BRAF mutation predictions.

4 Conclusion

In this work, we introduce the MM-BRAF dataset, the first comprehensive mul-
timodal dataset specifically designed for thyroid cancer BRAF V600E mutation
prediction. Building upon this, we present BRAF-MLLM, a pioneering frame-
work that leverages a TMDA module to align dual-scale visual features with
fine-grained clinical semantics. By explicitly decoupling intra-tumoral and extra-
tumoral signatures, our method effectively suppresses background noise and en-
hances the perception of subtle, mutation-relevant morphological indicators. Ex-
tensive experiments demonstrate that BRAF-MLLM consistently outperforms
all baseline methods across all metrics. Future work will focus on expanding the
dataset to include multi-center cohorts, aiming to further validate the model’s
robustness and generalizability across diverse clinical settings.
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