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Abstract. This paper proposes a multi-agent system based on large-scale language models (LLMs) for automated
skin cancer diagnosis from images. The architecture includes segmentation, classification, and report generation
steps, integrating specialized agents based on models such as Gemini-2.5-pro and GPT-40. The approach was
evaluated using bootstrap sampling with five replicates of size 80, highlighting the efficiency of the visual agents
and the consistency of the diagnoses generated. Preliminary results indicate the potential of integrating computer
vision and natural language to support medical diagnosis.

Keywords: Skin cancer, Large Language Models, automated diagnosis, Multi-agents Systems, computer vision

1 Introduction

Skin cancer is widely prevalent globally, accounting for a large portion of oncological diagnoses in both
developed and developing countries. According to estimates by [1], more than 30% of cancer cases in Brazil in
the 2023-2025 triennium will be skin cancer. According to the Brazilian Society of Dermatology [2]], the most
common types are basal cell carcinoma and squamous cell carcinoma, while melanoma, although rarer, is the most
aggressive variant and has the highest mortality rate. The incidence of skin cancer has increased in countries with
high sun exposure, such as Brazil, due to intense ultraviolet (UV) radiation. Studies indicate that a lack of sun
protection is a determining factor in this increase.

In addition to UV radiation exposure, factors such as genetic predisposition, skin pigmentation, sunburn
history, and age have a significant impact on the development of skin cancer [3]. In the Brazilian context, raising
awareness of early diagnosis is essential, especially in regions with limited access to specialists. Early detection is
crucial to reducing mortality and treatment costs in advanced stages. In this scenario, artificial intelligence (AI)-
based technologies emerge as a promising alternative, expanding access to diagnosis and increasing accuracy, even
in areas with a shortage of specialists.

This research proposes the development of a multi-agent system based on Large Language Models, trained,
validated, and tested with images from HAM10000 dataset provided by Harvard [4]. The goal is to maximize
diagnostic accuracy and reduce the incidence of false positives in suspicious skin lesions. The proposal follows
recent advances in the use of large-scale language models in medicine, which have been successfully applied to the
interpretation of radiological images [5], the generation of medical reports [6], and clinical reasoning in complex
diagnostic contexts [7]. Therefore, we seek to offer an innovative solution that combines diagnostic accuracy and
accessibility, meeting the growing demands for effective and inclusive technologies in dermatology.

2 Methodology

The methodology of this work is structured in three main components: (i) the theoretical foundation necessary
to support the choice of models; (ii) the proposed architecture of the multi-agent system; and (iii) the procedures
adopted for data collection, processing and analysis.
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2.1 U-Net Model for Image Segmentation

The U-Net model is a convolutional neural network architecture originally proposed for biomedical image
segmentation [§]. As illustrated in Figure[I} the model features a symmetrical “U”-shaped topology composed of
two main parts: the contraction path (encoder) and the expansion path (decoder).

In the contraction path, the network applies successive convolutional and max-pooling layers to extract hier-
archical feature representations while progressively reducing spatial resolution. In the expansion path, the feature
maps are upsampled and convolved to reconstruct spatial information and generate a final segmentation map. A
key innovation of the U-Net is the use of skip connections that directly transfer feature maps from the encoder to
the decoder, thereby preserving fine-grained spatial details that are often lost during downsampling.

This architecture has proven highly effective for medical imaging tasks that require accurate delineation of
small or irregular regions, such as skin lesion segmentation. The model output is a binary mask M (z,y) € {0, 1},
indicating for each pixel of the input image I(z, y) whether it belongs to the lesion region. The network is trained
using a segmentation loss function, such as the Binary Cross Entropy (BCE) or Dice Loss, defined as:

2} pigite
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where p; and g; represent the predicted and ground-truth values for pixel ¢, and € is a smoothing term to
prevent division by zero.

In this work, we employ the Attention U-Net variant [9]], which introduces attention gates into the skip
connections, enabling the network to automatically focus on the most relevant spatial regions during segmentation.
This mechanism is particularly advantageous for dermoscopic images, where the contrast between lesion and
surrounding tissue can be subtle and heterogeneous.
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Figure 1. General architecture of the U-Net model, showing the encoder—decoder structure and skip connections.
Adapted from Ronneberger et al. [8].

To train the model, dermoscopic images with manually annotated masks were used. The optimization process
employed a combined Dice + BCE loss function and the Adam optimizer [10], which is widely used in deep
learning due to its adaptive learning rate and momentum-based parameter updates. An empirically tuned learning
rate was applied to achieve convergence stability. The U-Net family has since become a standard backbone for
biomedical segmentation, being successfully applied to organs [11]], tumors, and complex anatomical structures,
reinforcing its robustness and versatility in medical imaging.
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2.2 Large Language Models (LLMs)

Large Language Models (LLMs) are advanced neural network architectures trained on vast corpora of textual
data to learn complex linguistic and semantic patterns. They are capable of performing a wide range of natural
language processing (NLP) tasks, including question answering, summarization, and clinical report generation
[Z, 124 113]).

As illustrated in Figure@], most state-of-the-art LLMs are based on the Transformer architecture [14], which
employs a self-attention mechanism to capture long-range dependencies within text sequences. Given an input
sequence of tokens X = [x1,Za,...,Z,], the model computes attention weights across all token pairs, enabling
each token representation to incorporate information from the entire context.

The attention operation is defined as:

Vi

where @, K,V correspond to the query, key, and value matrices, respectively, and dj, denotes the dimension-
ality of the key vector.

Recent advancements have expanded the capabilities of LLMs to multimodal processing, allowing them to
interpret both textual and visual inputs simultaneously [[13} [15]. These multimodal models, such as GPT-40 and
Gemini, have shown promise in clinical contexts for generating structured medical reports that integrate textual
and visual information—including the interpretation of diagnostic images, figures, and graphs [J5].

In this work, we employ two distinct LLMs for diagnostic reasoning:

* GPT-40: a multimodal model with advanced contextual understanding, employed to generate natural-
language diagnostic reports;

* Gemini-2.5-Pro: a multimodal model with an extended context window, suitable for in-depth textual and
visual analysis and comprehensive report generation.

To enhance the precision and factual alignment of model outputs, we apply prompt engineering and Retrieval-
Augmented Generation (RAG) techniques. The RAG pipeline incorporates relevant clinical documents as an ex-
ternal knowledge source by embedding each document d into a vector representation f(d) € R™. The system
retrieves the most semantically similar documents to a given query ¢ via cosine similarity:

sim(q,d) = _J@)-1d) 3)

@I @l
This retrieval-augmented strategy enables the LLMs to generate diagnostic hypotheses and textual explana-
tions that align more closely with established clinical guidelines, even in cases where visual information alone is
insufficient.

T
Attention(@, K, V') = softmax (QK ) v 2)

2.3 Multi-Agent Systems

Multi-Agent Systems (MAS) are computational architectures composed of multiple autonomous agents that
interact and collaborate to solve complex problems in a distributed and coordinated manner [16]]. In this work, we
propose a MAS specifically designed for automated skin cancer diagnosis, where each agent is instantiated from a
Large Language Model (LLM) and specialized to operate according to the ABCD diagnostic protocol.

The architecture consists of the following stages:

* Segmentation Agent: isolates the lesion region from the input image using an Attention U-Net model. The
resulting binary mask serves as a shared visual input for the subsequent diagnostic agents.

* Diagnostic Agents: three parallel LLM-based agents, each implementing the ABCD rule for dermatoscopic
evaluation. Each agent is prompted to analyze one of the main diagnostic components — Asymmetry, Border
irregularity, and Color variation/Distribution. Their individual textual outputs represent structured evalua-
tions according to that criterion.

* Summarizer Agent: receives the textual analyses generated by the diagnostic agents and produces a unified
diagnostic summary, integrating the evidence and formulating a consistent natural-language report.

¢ Critical Review Agent: performs a final verification step, evaluating the overall consistency, complete-
ness, and plausibility of the diagnostic report. It simulates a peer-review or medical validation process by
suggesting corrections or clarifications when necessary.

All agents are executed in isolated containerized environments and coordinated using the LangGraph library,
which explicitly defines execution flows among nodes (either sequential or parallel). Figure [3illustrates the pro-
posed pipeline and the interaction between agents.
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Figure 2. General architecture of a Transformer model, showing self-attention and feed-forward layers. Adapted
from Vaswani et al. [14]].
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Figure 3. Execution flow of the proposed multi-agent system based on LLMs. Each node represents an agent
operating either sequentially or in parallel.
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The adoption of the ABCD rule as the diagnostic foundation is supported by strong clinical and computa-
tional evidence. Originally proposed by Nachbar et al. [17], the ABCD rule (Asymmetry, Border irregularity,
Color variation, Diameter) has shown high predictive value in dermoscopic diagnosis of melanoma and other
pigmented lesions. Its simplicity and interpretability make it suitable for computational modeling and decision-
support systems. Messadi et al. [18]] demonstrated that lesion segmentation combined with automated extraction of
ABCD metrics can achieve accurate classification of benign and malignant lesions. More recently, Jiitte et al. [[19]
integrated generative artificial intelligence with the ABCDE rule, showing that these morphological parameters
remain highly correlated with lesion progression and malignancy risk. Additionally, Siddique et al. [20] proposed
an intelligent system for multi-factor skin cancer detection, reinforcing the reliability of ABCD-based diagnostic
reasoning in computer-aided systems.

The main advantage of the proposed multi-agent architecture lies in its semantic specialization. Each LLM-
based agent is fine-tuned through prompt engineering to operate strictly within the boundaries of its diagnostic
criterion. This modular structure allows for easy replacement or reconfiguration of agents as the system evolves.
Unlike conventional deep learning models that perform direct classification through convolutional networks, this
approach frames diagnosis as a language-driven reasoning process, enhancing transparency, interpretability, and
clinical auditability of the diagnostic outcome.

2.4 Performance Analysis

The evaluation of the proposed system considered the traditional quantitative classification metrics of the
reports generated by LLMs.

Reference Model (Baseline) As a baseline, we use a supervised-trained EfficientNet to classify segmented im-
ages as indicative of benign or malignant lesions. This model was chosen due to its widespread adoption in medical
image classification tasks. The metrics extracted for comparison include:

¢ Accuracy: proportion of correct predictions to total,

* Precision: proportion of predicted positives that are true;

* Sensitivity: model’s ability to detect positive cases;

* F1-score: harmonic mean between precision and sensitivity.

2.5 Practical Experiment

The practical experiment conducted in this research was structured into four sequential stages, as depicted in
Figure ] aiming to simulate an intelligent diagnostic pipeline based on a multi-agent system supported by large
language models (LLMs).

1. Input and Preprocessing. The process begins with the reception of an image of the skin lesion, which
undergoes a preprocessing step that includes segmentation of the lesion area. This segmentation aims to isolate
the region of interest and provide enhanced visual information for downstream analysis, supporting both structure-
focused and color-based assessment.

2. Multi-agent Analysis. The segmented image is processed through a two-layer multi-agent structure. In
the first layer, three specialized agents independently analyze the lesion and generate individual diagnostic reports
based on distinct heuristics and prompting strategies. These agents simulate diversified clinical reasoning, enabling
redundancy and increased diagnostic robustness. In the second layer, a summarizing agent receives the outputs of
the three diagnostic agents and synthesizes them into a unified diagnostic statement.

3. Academic Validation. The consolidated diagnosis is subjected to a validation step based on Retrieval-
Augmented Generation (RAG). This agent uses a curated academic knowledge base to validate the consistency of
the diagnosis, simulating an expert literature review. The result is a medically grounded statement that justifies or
refines the synthesized diagnosis.

4. User Delivery. After academic validation, the system delivers the diagnostic and prognostic response to
the end user in a clear and structured manner. This stage emphasizes explainability and traceability, essential for
medical contexts.

The entire system is modular and agent-based, allowing for scalability, replacement of individual agents, and
evaluation of different LLMs under identical experimental conditions. This design also facilitates future expansion
with additional agents or logic layers, such as differential diagnosis or treatment recommendation.

This experimental structure demonstrates the feasibility of integrating vision, natural language understanding,
and reasoning agents in a coordinated pipeline for medical diagnosis, simulating key aspects of human clinical
practice.
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Figure 4. Execution flow of the proposed multi-agent system based on LLMs.

3 Results and Discussion

This section presents a comparative analysis of the proposed multi-agent system using LLMs and a traditional
computer vision model (EfficientNet). The evaluation encompasses quantitative metrics (accuracy, precision, sen-
sitivity, and F1-score) and qualitative aspects of interpretability and reasoning.

3.1 Quantitative Evaluation: Comparison Between Models

Table [T] summarizes the classification performance of the models tested. The EfficientNet served as the
conventional baseline, while Gemini-2.5-Pro and GPT-40 were integrated into the system as vision-capable LLMs.
In the case of LLMs, the final diagnostic label was extracted from the structured report generated by the system
and compared to ground truth labels for evaluation.

Table 1. Quantitative performance metrics of models with standard deviation (+).

Model Accuracy Precision | Sensitivity | F1-score

EfficientNet 0.84+0.10 | 0.89 £0.13 | 0.78 £0.17 | 0.82 £ 0.15
Gemini-2.5-Pro 035+£0.12 | 047+£0.25 | 0.34+£0.15 | 0.40+0.19
GPT-40 (OpenAl) | 0.47 £0.07 | 0.41+0.21 | 0.31+0.18 | 0.35+0.19

Contrary to initial expectations, the LLMs underperformed in all quantitative metrics when compared to the
EfficientNet. This result highlights the complexity of directly interpreting diagnostic categories from unstructured
image inputs using generalist LLMs. Although GPT-40 and Gemini demonstrated high linguistic fluency and
interpretability, their classification performance was limited, likely due to the lack of domain-specific fine-tuning
and the high visual nuance required for skin cancer detection.
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3.2 Discussion

Despite the lower quantitative results, the LLM-based system presents a distinct advantage in terms of in-
terpretability and transparency. Each diagnostic report generated by the LLMs provided structured reasoning,
including references to clinical heuristics such as asymmetry, border irregularities, and lesion color. This level of
explanation offers a foundation for trust and auditability not achievable by standard convolutional classifiers.

Moreover, the multi-agent architecture enabled the simulation of peer-review-like behavior, with multiple
agents contributing distinct diagnostic perspectives that were subsequently synthesized into a coherent report. This
mirrors real clinical workflows and supports more robust and explainable decision-making.

The gap in performance between traditional models and LLMs also reinforces the need for domain adap-
tation. These results suggest that while current general-purpose vision-language models are not yet competitive
in classification tasks, they could benefit substantially from supervised fine-tuning with curated dermatological
datasets, enhancing both their accuracy and reliability.

4 Conclusion

This work proposed and implemented a multi-agent diagnostic system combining computer vision and large
language models (LLMs) to perform automated skin cancer detection. The architecture was designed to integrate
image segmentation, diagnostic reasoning based on clinical heuristics, and a summarization mechanism to produce
structured, interpretable reports.

In quantitative evaluation, the EfficientNet model outperformed both Gemini-2.5-Pro and GPT-40 across all
metrics, achieving 84% accuracy versus 35% and 47%, respectively. However, the LLM-based system demon-
strated clear strengths in transparency and interpretability, providing detailed justifications for each diagnosis — a
valuable feature in real-world clinical environments.

These findings reinforce the complementary nature of traditional and language-based approaches. While con-
volutional models excel at pattern recognition, LLMs bring reasoning and explainability to the diagnostic process.
The limitations observed in accuracy suggest that general-purpose LLMs may require fine-tuning with domain-
specific datasets to reach acceptable performance levels in medical diagnostics.

As future work, we propose:

* Implementing a fine-tuning process for LLMs using dermatology-specific corpora;

» Expanding the agent framework to include domain-specific roles (e.g., differential diagnosis, follow-up strat-
egy);

* Integrating visual explainability modules (e.g., Grad-CAM) into the final reports.

The proposed multi-agent system represents a step forward in bridging interpretability and automation in
medical diagnosis. Although the results are preliminary, they highlight both the limitations of generalist models
and the promising future of specialized, explainable Al in healthcare.
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