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Abstract

Vascular anomalies (VAs), including hemangiomas and vascular malformations, present a significant
diagnostic challenge due to their high prevalence, complex classification (nearly 100 subtypes), and
visual mimicry. Current Multimodal Large Language Models (MLLMs) struggle in this specialized
domain, often failing to capture fine-grained visual features or lacking evidence-based reasoning. To
address these limitations, we introduce HevaDx, an agentic diagnostic system that explicitly decouples
visual perception from clinical reasoning. Leveraging a newly constructed large-scale dataset of VA
patients, HevaDx employs a lightweight visual specialist for precise feature extraction and a reasoning
specialist equipped with Retrieval-Augmented Generation (RAG) for therapeutic planning. This
cooperative architecture mitigates the “reasoning gap” observed in end-to-end models by grounding
decisions in up-to-date clinical guidelines. Experimental results demonstrate that HevaDx markedly
outperforms state-of-the-art open-source MLLMs, achieving a top-3 diagnostic accuracy of 94.8% and a
treatment recommendation accuracy of 83.3%. By bridging visual precision with transparent, verifiable
logic, HevaDx offers a reliable framework for Al-assisted management of vascular anomalies.

Keywords: deep learning; vascular anomalies; Al-assisted diagnostics; large language models;
retrieval-augmented generation; agentic system; evidence-based reasoning

1. Introduction

Vascular anomalies (VAs), represented by hemangiomas and vascular malformations, include a
broad spectrum of disorders that, despite a high prevalence of approximately 2.2% worldwide, present
a significant diagnostic challenge [1-3]. These disorders encompass nearly 100 distinct subtypes with
vastly different pathogenic mechanisms and clinical courses [4]. However, they often exhibit strikingly
similar visual appearances. For example, it could be a severe challenge for clinicians to distinguish
between a deep infantile hemangiomas and a venous malformation, particularly in primary care and
resource-limited settings. Misdiagnosis is critical, as therapeutic approaches differ markedly; a strategy
effective for a tumor may be ineffective or harmful for a malformation [5-8]. Consequently, there is an
urgent need for intelligent systems capable of assisting clinicians in both precise differentiation and
evidence-based treatment planning.

The recent surge in Multimodal Large Language Models (MLLMs/LLMs) [9-12] has sparked hope
for automated “generalist” medical assistants [13,14]. Ideally, such models would ingest lesion images
and patient history to output comprehensive clinical decisions. However, current state-of-the-art
(SOTA) open-source models struggle in this specialized domain. Our preliminary investigations reveal
that generic MLLMs fail to capture the subtle, fine-grained visual features required to distinguish VA
subtypes. Furthermore, direct post-training of these large models on medical data faces two hurdles:
first, the scarcity of high-quality, aligned image-text pairs in this niche field limits effective feature
alignment [15]; second, aggressive instruction tuning [16] carries the risk of catastrophic forgetting,
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where the model’s inherent reasoning and generalization capabilities are degraded in favor of rote
memorization of the training set with formatted instructions [17-19].

Most critically, clinical decision-making is not merely a classification task; it must be evidence-
based and transparent. Standard “black-box” end-to-end models (e.g. static tuned MLLMSs) cannot
dynamically interact with updated clinical guidelines. A reliable diagnostic system requires the
visual acuity to identify the disease and the cognitive flexibility to retrieve and apply current medical
standards.

To address aforementioned challenges, we propose HevaDx, an evidence-based agentic system
bridging perception and reasoning, for the diagnosis and treatment recommendations of hemangiomas
and vascular malformations. Our core insight is that visual diagnosis and clinical reasoning, while
related, require different optimization strategies. Visual diagnosis relies on high-fidelity feature
extraction [20], while treatment recommendation relies on logical deduction and knowledge retrieval
. Therefore, rather than forcing a single MLLM to handle both, we design a cooperative agentic
system. We employ a lightweight, visually-specialized model (DINOv2) [21] to extract subtle lesion
features for precise diagnosis. This diagnostic output, combined with patient history, is then fed into
an LLM (Qwen2.5-7B-Instruct) [22] equipped with Retrieval-Augmented Generation (RAG) [23-25].
This allows the LLM to leverage its superior reasoning capabilities to synthesize the diagnosis, patient
history and retrieved clinical guidelines, ensuring recommendations are both accurate and clinically
grounded. Experimental results demonstrate that HevaDx achieves a top-3 accuracy of 94.8% for
diagnosis and 83.3% for treatment recommendations.

Our contributions are threefold:

*  We construct a high-quality, expert-annotated cohort of 7,565 VA cases to conduct a comprehensive
evaluation of SOTA open-source MLLMs. This large-scale benchmarking empirically exposes the
significant limitations of generalist models in specialized diagnostics.

¢ We introduce HevaDx, a novel modular system that explicitly decouples the clinical workflow
into a visual specialist and a reasoning specialist. By combining a lightweight, adaptable visual
encoder with a knowledge-augmented LLM, we achieve superior diagnostic accuracy.

¢  We establish a rigorous pipeline for dataset construction, incorporating strict quality control,
Region of Interest (ROI) annotation, and class balancing strategies, mitigating the long-tail
distribution problem inherent in clinical data. We also validate that a Retrieval-Augmented
Generation (RAG) mechanism enhances clinical safety by transforming opaque model outputs
into transparent, evidence-based reasoning chains grounded in medical guidelines.

2. Materials and Methods

2.1. The Large-Scale VA Dataset
2.1.1. Data Collection and Annotation

The dataset used in this study is independently curated by the Departments of Plastic Surgery
and Laser Aesthetics at the Ninth People’s Hospital, Shanghai Jiao Tong University School of Medicine.
All images were collected from patients with vascular anomalies who attended the outpatient clinic
between January 2019 and August 2025. Clinical photographs were acquired using a Canon EOS
80D DSLR camera equipped with an EF 50 mm f/1.4 USM prime lens in a standardized photography
studio under controlled lighting, ensuring high-resolution and consistent visualization of lesion areas.
All samples were obtained retrospectively from routine clinical practice. Each case was confirmed
by pathological examination or by senior clinicians in accordance with the Guidelines for Diagnosis
and Treatment of Hemangiomas and Vascular Malformations (2024 Edition) [5]. For each patient,
lesion images were paired with corresponding patient history, diagnostic information, and treatment
recommendations. Diagnostic labels and treatment recommendations were independently annotated
by at least two senior plastic surgeons or dermatologists. In instances where the two experts provided
inconsistent diagnostic categories or treatment suggestions, a third senior expert adjudicated and
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issued the final annotation. All data were anonymized prior to analysis, ensuring that no patient-
identifiable information was retained.

2.1.2. Quality Control and Dataset Statistics

After initial data collection, all images and corresponding patient information underwent a rig-
orous quality control process. Images with poor resolution, blurring, improper framing, or incorrect
labeling were excluded from the dataset. Cases with incomplete clinical records or formatting inconsis-
tencies were also removed to ensure that the final dataset maintained high integrity and reliability
for downstream analysis. This quality check process was performed independently by five trained
research staff members, and any discrepancies were resolved by a senior clinician.

Following quality control, the final dataset comprised a total of 7565 patients with various vascular
anomalies. The distributions of diagnosis and treatment options are summarized in Figure 1. The most
common diagnosis was infantile hemangioma (6395 cases, 84.5%), followed by port-wine stain (601
cases, 7.9%), venous malformation (287 cases, 3.8%), and other low-frequency categories (combined
as 282 cases, 3.7%)'. Top treatment options included topical medication (3232 cases, 42.7%), laser
therapy (1105 cases, 14.6%), oral medication (1005 cases, 13.3%), and injection/sclerotherapy (933 cases,
12.3%). Surgical interventions, interventional therapies, electrocoagulation, and observation/follow-up
accounted for the remaining cases. Additionally, females (5213, 68.9%) outnumbers males (2352, 31.1%)
in our dataset.

Diagnosis Distribution Treatment Distribution
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Venous Malformation I287
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Verrucous Hemangioma
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Figure 1. Diagnosis and treatment distributions. The dataset encompasses samples from 7565 patients, covering
14 VA subtypes and 8 treatment options, exhibiting a clinically typical long-tailed distribution.

By applying this systematic processing and annotation workflow, we ensured the accuracy,
completeness, and reliability of the dataset for subsequent benchmarking and method development.
Table 1 presents the complete summary of the dataset statistics.

Table 1. Statistical summary.

Patients 7,565 Cases
Disease 14 Types
Treatment 8 Options
Gender Male & Female
Age 0 ~ 70 (Years)
Lesions 154 Body Sites

2.2. Evaluations on Advanced Open-source MLLMs

The diagnosis of VA relies on the precise interpretation of fine-grained visual cues—specifically
color depth, texture patterns, boundary morphology, and anatomical correlation—features often

! Low-frequency categories (less than 25 cases) were grouped into an “Rare Types” category.
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underrepresented in the massive, web-crawled datasets used to train generalist models. Given that
these models lack domain-specific instruction alignment, a systematic evaluation of their zero-shot
inference capabilities is critical. The evaluations serves two purposes: first, to establish a rigorous
performance baseline and identify potential hallucinations in specialized contexts; and second, to
provide empirical evidence guiding the architectural design of our proposed system.

We randomly sampled 480 cases from our VA dataset for evaluation, ranging from common
hemangiomas to rare vascular malformations and simulating the challenging long-tail distribution
encountered in real-world clinical practice. Our model selection criteria balanced SOTA performance
with clinical deployability. We restricted the parameter space to the 4B-32B range, which facilitates
practical clinical deployment”. We evaluated two distinct categories of model architectures: (1) general-
purpose models including Qwen2.5-VL series [26], Kimi-VL-16B [27] and LLaVA-v1.5-7B [28]; (2)
medical-specialized models like MedGemma series [29] and LLaVA-Med-v1.5-Mistral-7B [30]. We
report the top-1 and top-3 accuracy for both diagnosis and treatment recommendations. See Section 4.1
for detailed results.

2.3. The HevaDx System

To address the limitations identified in the previous evaluation—specifically the trade-off between
visual precision and reasoning capability—we propose HevaDx, a modular agentic system. Unlike
traditional end-to-end architectures that attempt to optimize a single network for both perception
and logic, HevaDx decouples the clinical workflow into two specialized components: a lightweight
visual specialist for precise disease identification and a knowledge-augmented reasoning specialist
for evidence-based treatment planning.
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Figure 2. Overview of the HevaDx agentic system. HevaDx decouples the clinical workflow into two specialized
components: a lightweight visual specialist for precise disease identification and a knowledge-augmented
reasoning specialist for evidence-based treatment planning.

2.3.1. The Visual Specialist: Efficient Perception with DINOv2

The diagnosis of vascular anomalies hinges on the detection of subtle morphological cues, such
as the depth of red discoloration, the texture of the lesion surface, and boundary distinctness. MLLMs
often struggle with these details due to the domain gap [31] between natural and medical imagery. To
overcome this, we employ DINOv2 [21], a self-supervised vision transformer, as our dedicated visual
backbone.

We selected DINOv2-base to harness the powerful visual feature extraction capabilities it obtained
from massive pre-training. By fine-tuning this lightweight model with our VA cases, we ensure the

2 The selected range and open-source nature enable local deployment on standard enterprise-grade hardware (e.g., single
NVIDIA A100 or RTX 4090), facilitating data privacy compliance within hospital intranets.
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model captures the fine-grained pathological visual features. Furthermore, the lightweight nature of the
model (86M parameters) offers a critical practical advantage: adaptivity. As clinical data accumulation
is a continuous process, medical Al systems require frequent updates. Retraining a massive MLLM
is computationally expensive, whereas our decoupled visual specialist can be rapidly iterated and
re-trained as new patient data becomes available, ensuring the diagnostic module remains current
with minimal computational cost.

2.3.2. The Reasoning Specialist: Transparent, Evidence-Based Decision Making

Once a high-confidence diagnosis is established by the visual specialist, the focus shifts to
therapeutic management—a task requiring logical deduction rather than visual pattern recognition.
For this, we utilize an LLM (Qwen2.5-7B-Instruct’®) [22] as our reasoning specialist.

Our approach diverges from standard methods by strictly avoiding instruction-tuning on the
LLM. Aggressive fine-tuning on limited medical data often degrades a model’s general reasoning
capabilities (catastrophic forgetting). Instead, we leverage the model’s inherent in-context learning (ICL)
capabilities [32-34]. The system operates by feeding the diagnostic output from the visual specialist,
along with the patient’s clinical history, into the LLM. Crucially, we augment this input with relevant,
up-to-date clinical guidelines retrieved from an external knowledge base. This design ensures two
key clinical requirements: evidence-based reasoning and transparency. Specifically, by grounding the
generation process in retrieved guidelines, the system minimizes hallucinations [35,36] and ensures
recommendations align with current medical standards. Also, unlike “black-box” end-to-end models,
HevaDx produces explicit reasoning chains. Clinicians can verify exactly how a reasoning trajectory
reach a specific treatment recommendation, fostering trust and safety in the clinical decision-making
process.

3. Data Preprocessing and Setup
3.1. Dataset Stratification and Balancing

To prevent model bias toward high-prevalence diseases and ensure robust evaluation across the
spectrum of vascular anomalies, we implemented a strict data balancing strategy. From our full dataset,
we selected six representative disease categories with sufficient sample sizes: Port-wine Stain (PWS),
Infantile Hemangioma (IH), Venous Malformation (VM), Verrucous Hemangioma (VH), Verrucous
Venous Malformation (VVM), and Nevi.

We employed stratified sampling to construct an independent test set that reflects the diversity of
the disease spectrum. Specifically, we randomly selected a fixed number of cases for each category,
resulting in a total of 96 test samples: PWS (n = 17), IH (n = 17), VM (n = 18), VH (n = 12), VVM
(n = 15), and Nevi (n = 17). The remaining images constituted the training set. To address the
long-tail distribution inherent in medical data, we applied a class balancing strategy during training
set construction. For common disease categories exceeding 200 samples, we performed Random
Undersampling to cap the count at 200. For minority classes with fewer than 200 samples, we retained
all available high-quality images and applied Random Oversampling (duplication) to approximate a
balanced distribution.

3.2. Data Preprocessing

Prior to training, we performed rigorous data cleaning and fine-grained annotation to maximize
signal-to-noise ratio.

e Region of interest (ROI) annotation: We manually annotated bounding boxes for all lesion
images. This step forces the model to focus its attention on the relevant pathological features,
eliminating interference from background factors (e.g., clothing, medical equipment, or unrelated
skin areas).

3 The reasoning specialist receives textual diagnostic results from the visual specialist.
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®  Quality control: We conducted a secondary review to filter out low-quality samples. Images
where the lesion location was ambiguous, or the diagnosis was clinically controversial, were
excluded to prevent label noise.

Following this curation process, the final verified training set comprised the following distribution:
PWS (n = 200), IH (n = 196), VM (n = 200), VH (n = 176), VVM (n = 148), and Nevi (n = 175).

3.3. Implementation Details

*  Visual Specialist Training: We trained the DINOv2-base model as our visual specialist. The
training process was accelerated using a single NVIDIA A100 GPU (80GB). We utilized the
AdamW optimizer [37,38] with a learning rate of 5 x 107°. The model was trained for 20 epochs
with a batch size of 16.

¢  Reasoning Specialist Setup: For the reasoning component, we employed a Retrieval-Augmented
Generation (RAG) framework. We constructed a specialized external knowledge base derived
from the physician-summarized Guidelines for Diagnosis and Treatment of Hemangiomas and
Vascular Malformations (2024 Edition) [5]. This ensures that the LLM’s (Qwen2.5-7B-Instruct)
treatment recommendations are grounded in the latest clinical evidence.

®  Metrics: To comprehensively assess system performance, we report the top-1 and top-3 accuracy
for both the diagnosis task and the treatment recommendation task. The evaluation was conducted
using the independent test set described in Section 3.1. Note that since the reasoning specialist
need to receive diagnostic results from the visual specialist to make further actions, the top-1 and
top-3 accuracy for treatment recommendations are both based on the top 1 diagnosis.

4. Results
4.1. Results of Evaluations on MLLMs

The evaluation results shown in Table 2 reveal that while general-purpose models demonstrate a
stronger baseline than specialized medical variants, current architectures remain insufficient for clinical
deployment. Surprisingly, the generalist Qwen2.5-VL-32B outperformed the medically pre-trained
MedGemma-27B by a obvious margin in diagnostic accuracy (58.1% vs. 35.6%), suggesting that the
advantages of tuning in general medicine dataset cannot be generalized to specific disease areas (e.g.
VA). A diagnostic accuracy of roughly 58% implies that nearly half of the cases are still misclassified,
highlighting the inability of standard visual encoders to resolve the fine-grained morphological details
necessary for differentiating complex vascular anomalies.

Table 2. Comprehensive evaluations on diverse open-source models.(%) We report the top-1 and top-3 accuracy
for both diagnosis (DiagAcc) and treatment recommendations (TreatAcc). Advanced MLLMs perform poorly on
the task of diagnosis and treatment recommendations for VA.

Model DiagAcc@1 DiagAcc@3 TreatAcc@1 TreatAcc@3
General-purpose models
Qwen2.5-VL-7B-Instruct 48.8 61.9 10.6 30.6
Qwen2.5-VL-32B-Instruct 58.1 67.5 16.3 35.6
LLaVA-v1.5-7B 144 40.6 8.8 15.6
Kimi-VL-16B 43.1 62.5 15.6 38.1
Medical-specialized models
MedGemma-4B 6.3 26.9 11.9 26.9
MedGemma-27B 35.6 66.9 13.1 36.9
LLaVA-Med-v1.5-Mistral-7B 22,5 53.1 10.6 28.1

Moreover, a critical capability collapse occurs when shifting from visual diagnosis to therapeutic
planning. Despite achieving moderate diagnostic success, the best-performing model could only
recommend the correct treatment in 16.3% of cases. This steep decline underscores a fundamental
reasoning gap: existing end-to-end models often fail to translate visual findings into evidence-based
management strategies. This disconnect between perception and logic empirically validates the
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necessity of our proposed HevaDx system, which explicitly decouples visual feature extraction from
clinical reasoning to bridge the divide between accurate diagnosis and reliable treatment.

4.2. Results of Evaluations on HevaDx
4.2.1. Main Results

As shown in Table 3, our proposed HevaDx achieved superior performance across all metrics,
significantly surpassing the capabilities of the advanced MLLMs evaluated in Section 4.1*. Specifically,
the system attained a top-1 diagnostic accuracy of 75.0% and a remarkable top-3 accuracy of 94.8%,
demonstrating that the specialized DINOv2 backbone effectively resolves the fine-grained visual
ambiguity of vascular anomalies. Most notably, the system bridged the previously identified reasoning
gap in therapeutic decision-making: Treatment top-1 accuracy surged to 62.5%, and top-3 accuracy
reached 83.3%. These results confirm that decoupling visual perception from clinical reasoning,
when augmented with retrieved guidelines, provides a far more reliable foundation for medical
decision-making than standard end-to-end approaches.

Table 3. Main experimental results of the proposed HevaDx agentic system.(%) HevaDx demonstrates a
markedly performance improvement in accuracy for the tasks of diagnosis and treatment recommendations.

Method DiagAcc@l DiagAcc@3 TreatAcc@1 TreatAcc@3
HevaDx 75.0 94.8 62.5 83.3

4.2.2. Ablation Study on Data Preprocessing

To quantify the impact of our rigorous data curation pipeline—specifically the region-of-interest
(ROI) annotation and class balancing—we conducted a comparative analysis between a model trained
on raw, noisy data and one trained on our refined dataset.

* Resolution of Clinical Mimicry: The normalized confusion matrices further elucidate how

preprocessing mitigates phenotypic confusion. As shown in Figure 3 A (Before Preprocessing),
the baseline model struggled with clinical mimicry, appearing unable to distinguish intrinsic
lesion features from background noise. For instance, in the raw setting, PWS was frequently
misclassified as VM (8 out of 17 cases), resulting in a recall of only 0.29. Similarly, VVM was
heavily confused with PWS and VH, achieving a recall of just 0.13.
In contrast, Figure 3 B (After Preprocessing) demonstrates strong diagonal dominance, indicating
robust correct classification. The rigorous ROI annotation forced the visual encoder to attend to
fine-grained texture and boundary features rather than background artifacts. Consequently, the
confusion between PWS and VM was drastically reduced (only 2 misclassified), raising the PWS
recall to 0.82. Although some confusion persists between the highly similar “verrucous” subtypes
(VH and VVM), the overall class separability has been significantly enhanced, confirming that
high-quality data curation is a prerequisite for resolving the long-tail distribution in vascular
anomaly diagnosis.

e  Enhancement of Discriminative Capability: The quantitative improvement is visualized in
Figure 4. The model trained on preprocessed data exhibited dramatic performance gains across
all disease categories. Notably, the F1-score for PWS surged from 0.39 to 0.88, and IH improved
from 0.50 to 0.88. Even for morphologically complex subtypes like VH, which previously suf-
fered from extremely low recognition (F1=0.21), the preprocessing strategy restored the model’s
discriminative capability, raising the F1-score to 0.64.

4 Note that due to data balancing (Section 3.1), we have narrowed down the range of diseases that need to be identified for the

diagnostic task.
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Figure 3. Resolution of clinical mimicry via data preprocessing. The model trained on preprocessed data
demonstrates strong diagonal dominance, indicating robust correct classification.
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Figure 4. Enhancement of Discriminative Capability via data preprocessing. Through data preprocessing, the
model’s ability to distinguish various diseases is enhanced, as evidenced by a markedly increase in the F1-score.

4.2.3. Qualitative Analysis on Reasoning Specialist

To strictly isolate and evaluate the logical deduction capabilities of our reasoning specialist, we
conducted a controlled experiment where the ground-truth diagnostic labels were directly provided
to the reasoning specialist. This setup effectively bypasses visual perception errors, allowing us to
assess HevaDx’s ability to map a confirmed diagnosis to an appropriate therapeutic regimen based on
retrieved guidelines.

As illustrated in Figure 5, HevaDx demonstrates high efficacy in disease categories with highly
standardized treatment protocols. For Nevi (N = 17), it achieved 100% accuracy (17/17 hits). Since
surgical excision is the dominant gold standard for Nevi, the model easily aligned with clinical
consensus. For VM and PWS, HevaDx achieved 94.4% (17/18) and 94.1% (16/17) accuracy, respectively.
Specifically, for PWS, the guideline recommendation is overwhelmingly “Laser Therapy”, and for VM,
it is “Injection / Sclerotherapy”. The system’s high success rate here confirms its ability to correctly
retrieve and apply strong evidence from the provided guidelines.

In contrast, IH represents a complex decision boundary, achieving a significantly lower top-1
accuracy of 35.3% (6/17). This discrepancy is not a failure of reasoning, but a reflection of clinical
complexity. The ground truth for IH varies widely among “Oral Medication” (n = 7), “Topical
Medication” (n = 3), “Surgery” (n = 2), and “Observation / Follow-up” (n = 3), often depending on
subtle patient-specific factors (e.g., age, tumor depth, growth phase) that may be detailed in the medical
history. The model displayed a distinct preference for “Oral Medication” (Propranolol) (predicting
14/17 cases), which is the first-line systemic therapy in current guidelines. While this lowered top-1
accuracy against a diverse ground truth, it reflects a safe and guideline-adherent baseline. Importantly,
when expanding the evaluation to top-3 accuracy, the system achieved a remarkable 95.8% success
rate across all categories. This indicates that even when the model’s primary recommendation differs
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from the specific clinical choice, the correct treatment is almost invariably captured within its top
candidates.

To summarize, unlike “black-box” end-to-end models that might hallucinate treatments based on
statistical correlations, our reasoning specialist grounds its decisions in explicit textual evidence. The
high top-3 accuracy confirms that the system effectively narrows the search space to clinically valid
options. For complex cases like IH, the system serves as a “safety net”, proposing the standard-of-care
(e.g., oral medication) while allowing the clinician to refine the final choice based on specific patient
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Figure 5. Performance analysis of the reasoning specialist on treatment recommendations. The reasoning
specialist demonstrates high efficacy in disease categories with highly standardized treatment protocols.

5. Discussion

Our study provides a critical reassessment of the application of Multimodal Large Language
Models (MLLMs) in specialized medical domains. The comparative evaluation in Section 4.1 revealed
that current “generalist” state-of-the-art models, despite their massive parameter counts, struggle
significantly with the fine-grained visual classification of VAs, achieving a diagnostic accuracy of only
roughly 58%. More concerning was the “reasoning gap”, where treatment recommendation accuracy
plummeted to 16.3% due to a lack of domain-specific grounding. In contrast, our proposed HevaDx
system demonstrates that a modular, agentic architecture is superior for this task. By decoupling
perception from reasoning, HevaDx achieved a top-3 diagnostic accuracy of 94.8% and a treatment
accuracy of 83.3%. This validates our core hypothesis: specialized visual encoders (DINOv2) are
necessary to resolve clinical mimicry, while Retrieval-Augmented Generation (RAG) is essential for
bridging the gap between identifying a lesion and prescribing an evidence-based therapy.

Furthermore, our ablation studies underscore that high-quality data curation is as critical as model
architecture. The dramatic improvement in F1-scores across all disease categories—particularly for
morphologically complex subtypes like Verrucous Hemangioma (improvement from 0.21 to 0.64)—con-
firms that rigorous Region of Interest (ROI) annotation and class balancing are prerequisites for
handling long-tail medical distributions. Beyond accuracy, the qualitative analysis of the reasoning
specialist highlights the system’s value as a transparent clinical assistant. While the model exhibited
lower top-1 agreement in complex, multimodal treatment scenarios like Infantile Hemangioma (35.3%),
its high top-3 accuracy and strict adherence to first-line guidelines (e.g., oral medication) indicate
that it functions effectively as a safety net. Unlike opaque end-to-end models, HevaDx provides
verifiable reasoning chains grounded in established guidelines, fostering the trust required for clinical
collaboration.

Despite these promising results, several limitations must be acknowledged. First, while HevaDx
has significantly improved diagnostic accuracy compared to baseline AI models, it still lags behind
the nuanced diagnostic and treatment planning capabilities of experienced board-certified clinicians,
particularly in handling edge cases. Second, our experiments were conducted retrospectively on a
curated dataset; the system has not yet been deployed in a real-world clinical setting. Prospective
testing is required to validate its efficacy in live workflows, which also necessitates a thorough
discussion of the ethical implications surrounding Al-assisted diagnosis and liability. Third, the
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current iteration covers only six major disease categories. For the system to be comprehensively useful,
further continuous data collection and model iteration are needed to encompass the full spectrum of
vascular anomalies. In summary, this work proposes a complete methodology for Al-assisted clinical
diagnosis—f{rom dataset construction to data cleaning and agentic systems development—providing
valuable empirical insights and an effective framework for future research in medical AL

6. Conclusions

In this study, we addressed the critical gap between general-purpose Al capabilities and the
specialized requirements of diagnosing vascular anomalies. Our comprehensive evaluation revealed
that while large foundation models possess strong general reasoning, they falter in the specific tasks of
distinguishing VA subtypes and formulating safety-critical treatment plans. We proposed HevaDx,
a novel agentic system that decouples perception and reasoning to overcome these bottlenecks. By
combining a dedicated visual encoder with a guideline-retrieving language model, our system achieves
state-of-the-art performance while ensuring the transparency and interpretability essential for clinical
adoption. Furthermore, our experimental results demonstrate that a rigorous pipeline for dataset con-
struction and data cleaning is essential for medical diagnostic tasks. Ultimately, HevaDx demonstrates
that a modular, evidence-based approach is superior to "black-box" end-to-end paradigms for complex
medical decision-making, paving the way for trustworthy Al assistants in dermatology and plastic
surgery.
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Abbreviations

The following abbreviations are used in this manuscript:

VA Vascular Anomaly

PWS Port-wine Stain

IH Infantile Hemangioma

VM Venous Malformation

VH Verrucous Hemangioma

VVM Verrucous Venous Malformation

LLM Large Language Model

MLLM  Multimodal Large Language Model
RAG Retrieval-Augmented Generation
SOTA  State-of-the-art

ICL In-Context Learning

ROI Region of Interest
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