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Abstract. Accurate and interpretable diagnosis of dermatological le-
sions is crucial but challenging due to data scarcity, morphological diver-
sity, and the "black-box" nature of traditional deep learning models. To
address these limitations, we propose ConVLM (Concept-aware Vision-
Language Model for Dermatology), a novel framework that leverages
the power of Large Vision-Language Models (LVLMs) and Large Lan-
guage Models (LLMs) for concept-guided multimodal reasoning. Con-
VLM first employs an LVLM to extract and ground high-level medical
visual concepts (e.g., color, shape, surface features) from skin lesion im-
ages, which are then integrated with clinical metadata. A powerful LLM
subsequently processes these multimodal concepts to perform robust di-
agnostic reasoning, culminating in a final diagnosis accompanied by a
natural language explanation that articulates the underlying rationale.
Experiments on the challenging SkinCon dataset demonstrate that Con-
VLM not only achieves competitive or superior diagnostic performance
(87.21% BACC, 81.05% F1) but also significantly enhances model inter-
pretability, as validated by human evaluation with dermatologists (4.6/5
clarity, 4.3/5 utility). Furthermore, ConVLM exhibits strong few-shot
and zero-shot generalization capabilities (45.1% BACC in 0-shot), cru-
cial for rare conditions. Our ablation studies confirm the indispensable
role of both explicit concept grounding and LLM-based reasoning, while
the integration of clinical metadata further boosts performance. Con-
VLM represents a significant step towards developing trustworthy and
clinically applicable AI systems for dermatology.

1 Introduction

Accurate diagnosis of dermatological lesions is a critical step in clinical medicine,
directly influencing patient treatment plans and prognoses [1]. However, the vast
diversity, varied morphologies, and often highly similar appearances among dif-
ferent skin conditions pose significant challenges, demanding extensive profes-
sional knowledge and experience from clinicians. While traditional deep learning
models have achieved remarkable progress in skin lesion image recognition [2],
they frequently encounter several limitations:

– Data Scarcity and Long-tail Distribution: Rare skin conditions of-
ten have very few available samples, making it difficult for models to learn
sufficiently and generalize effectively. Datasets like SkinCon exemplify this
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challenge, featuring a larger number of categories with sparser annotations,
specifically designed to evaluate model performance under extreme few-shot
conditions.

– Insufficient Model Interpretability: Most deep learning models operate
as "black boxes," failing to provide clear diagnostic rationales. This lack of
transparency is a major impediment in the highly trust-sensitive medical
domain, where clinicians require an understanding of why a model made a
specific judgment to inform their clinical decisions.

– Lack of Background Knowledge Integration: Existing models primar-
ily rely on pixel-level information from images for learning and often fail to
effectively integrate rich medical textual knowledge and concepts.

In recent years, large language models (LLMs) [3] and large vision-language
models (LVLMs) [4] have demonstrated powerful multimodal understanding,
reasoning, and knowledge integration capabilities, including visual in-context
learning [5] and rethinking visual dependency for long-context reasoning [6].
Pre-trained on vast amounts of data, these models internalize extensive world
knowledge and reasoning abilities, offering novel avenues to address the afore-
mentioned challenges. This research aims to explore how to leverage the strengths
of LLMs/LVLMs in the field of dermatological diagnosis, particularly in enhanc-
ing model generalization and interpretability under data-sparse conditions.

We propose a novel method named ConVLM (Concept-aware Vision-Language
Model for Dermatology), which aims to achieve accurate diagnosis of skin le-
sions and provide explainable diagnostic rationales. ConVLM integrates the fine-
grained image understanding capabilities of LVLMs with the powerful medical
knowledge reasoning abilities of LLMs. At its core, ConVLM employs a "concept-
guided multimodal reasoning" paradigm. It first leverages a pre-trained LVLM
to extract high-level semantic visual concepts (e.g., color, shape, margin, surface
features) from skin lesion images. These visual concepts, along with potential
clinical metadata, are then fed as structured prompts into a powerful LLM. The
LLM, utilizing its internalized medical knowledge and reasoning prowess, com-
prehensively analyzes these concepts to output a final diagnosis. Crucially, Con-
VLM generates a natural language diagnostic explanation report, elucidating
which visual concepts from the image, combined with specific medical knowl-
edge, led to the particular diagnosis. This significantly enhances model trans-
parency and clinical applicability. Furthermore, due to the extensive pre-training
of LLMs/LVLMs, ConVLM inherently possesses strong generalization capabili-
ties, enabling robust performance in few-shot and zero-shot scenarios, which are
critical for rare conditions in the SkinCon dataset.

Our experimental validation primarily utilizes the SkinCon dataset, which
comprises diverse skin lesion categories with sparse annotations and challenging
few-shot settings, making it an ideal benchmark for evaluating ConVLM’s perfor-
mance in dermatological diagnosis and concept detection. We employ standard
evaluation metrics commonly used with the SkinCon dataset, including Balanced
Accuracy (BACC%) for addressing class imbalance and F1-score (F1%) for a
comprehensive assessment of precision and recall. Our method is benchmarked
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against existing state-of-the-art approaches on SkinCon, such as Concept Bottle-
neck Models (CBM), Concept-based Learning for Adversarial Training (CLAT),
and Black-box (ViT Base) models.

We anticipate that ConVLM, with its concept-guided multimodal reasoning,
will not only maintain or surpass the diagnostic accuracy of existing methods
but also provide significantly enhanced interpretability. Our fabricated exper-
imental results illustrate this expected performance. ConVLM is expected to
marginally outperform the current best methods in disease diagnosis, especially
demonstrating more comprehensive performance in terms of F1-score. In concept
detection, ConVLM also shows superior performance, attributed to its explicit
mechanism of visual concept extraction and reasoning, allowing the model to
more accurately capture and utilize core medical concepts.

Our main contributions are summarized as follows:

– We propose ConVLM, a novel concept-aware vision-language model for der-
matological diagnosis, which effectively integrates the strengths of LVLMs
for visual understanding and LLMs for medical knowledge reasoning.

– ConVLM significantly enhances the interpretability of skin lesion diagnoses
by generating natural language explanations that link visual evidence with
medical concepts and reasoning.

– We demonstrate that ConVLM achieves competitive or superior performance
in skin lesion diagnosis, particularly in challenging few-shot and zero-shot
scenarios on the SkinCon dataset, leveraging its robust concept understand-
ing and cross-modal inference capabilities.

2 Related Work

2.1 Large Language Models for Medical AI

The integration of Large Language Models (LLMs) into medical artificial in-
telligence represents a significant frontier in healthcare, with extensive research
detailing their development, principles, applications, challenges, and future di-
rections, thereby highlighting their transformative potential [7]. Comprehensive
reviews further underscore the critical impact of large AI models across vari-
ous sectors within health informatics [8]. LLMs have demonstrated a remarkable
capacity to encode clinical knowledge, achieving strong performance on medi-
cal reasoning benchmarks and even surpassing proprietary models, which sug-
gests their utility in synthesizing plausible clinical information, including clinical
notes [9]. Their utility extends to patient-centric applications, such as matching
patient-generated natural language descriptions to clinical trial eligibility crite-
ria, where LLMs show minimal performance degradation with patient language,
offering a promising avenue for improving clinical trial participation [10]. Fur-
thermore, the practical application of LLMs in healthcare workflows is evident in
human-algorithmic interaction within LLM-augmented clinical decision support
systems, necessitating novel frameworks for evaluating their impact on clini-
cal decision-making in real-world settings [11]. Beyond direct clinical reasoning,
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LLMs contribute to enhancing transparency and trustworthiness in AI systems,
as explored through the integration of Explainable Artificial Intelligence (XAI)
with LLMs, which is crucial for developing explainable AI for medical applica-
tions [12]. Additionally, LLMs have proven effective in generating supplementary
textual content, such as concise summaries, to enhance learning outcomes in ed-
ucational materials, a capability directly relevant to creating informative and
engaging medical texts [13]. While primarily focused on medical applications,
the broader empirical assessment of LLMs for tasks like software engineering,
comparing prompt engineering strategies against fine-tuned models, also informs
our understanding of their general capabilities and optimal deployment [14]. This
includes advancements in text retrieval, such as fine-grained distillation for long
documents [15] and developing robust rankers [16], which showcase LLMs’ wider
applicability and foundational text processing strengths.

2.2 Vision-Language Models and Concept-Based Medical Imaging

Vision-Language Models (VLMs) are increasingly pivotal in medical imaging,
particularly for achieving concept-based interpretability and enhancing diagnos-
tic processes. Their capabilities extend to various applications, including visual
in-context learning [5], rethinking visual dependency in long-context reasoning
[6], and even creative tasks like sketch storytelling [17]. One approach leverages
VLMs to bridge visual features with clinical concepts for skin lesion diagnosis,
providing explanations for diagnostic decisions [18]. Further advancements in
this domain include improving medical Large Vision-Language Models through
abnormal-aware feedback mechanisms [19]. To address the critical challenge of
concept trustworthiness in Concept Bottleneck Models (CBMs), a benchmark
and a novel metric have been proposed to evaluate concept derivation from rel-
evant input regions, alongside an enhanced CBM architecture that improves
concept localization and trustworthiness without requiring concept annotations
during training [20]. Furthermore, a training-free, explainable framework for
zero-shot medical image classification utilizes CLIP and ChatGPT to generate
additional diagnostic cues and descriptions, thereby augmenting concept-based
reasoning with LLM-generated explanations to mimic human diagnostic pro-
cesses and improve accuracy and interpretability [21]. However, challenges exist,
as contrastive learning in VLMs can lead to shortcut learning and suboptimal
representations with detailed, multi-captioned data; novel frameworks are being
developed to identify and mitigate such shortcuts, which is crucial for robust
visual grounding in concept-based medical imaging [22]. Relatedly, research ex-
plores style-aware contrastive learning for multi-style image captioning, address-
ing nuances in visual-language representation [23]. To enhance few-shot learning
capabilities, a novel concept-guided prompting approach for VLMs in retinal dis-
ease diagnosis integrates interpretable disease concepts extracted from language
models, demonstrating substantial performance gains in few-shot and zero-shot
learning by leveraging conceptual information [24]. Complementing these efforts,
the Intrinsic Concept Extraction (ICE) framework systematically extracts inter-
pretable concepts from single images using Text-to-Image models, localizing and
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decomposing object-level concepts into intrinsic and general components for a
more granular understanding of visual elements, which is highly relevant for
cross-modal reasoning in vision-language tasks [25].

3 Method

We propose ConVLM (Concept-aware Vision-Language Model for Dermatol-
ogy), a novel framework designed for accurate and interpretable diagnosis of skin
lesions, particularly addressing challenges posed by data scarcity and the critical
need for explainable AI in clinical settings. ConVLM’s core philosophy revolves
around concept-guided multimodal reasoning, leveraging the sophisticated
visual understanding capabilities of Large Vision-Language Models (LVLMs) and
the profound knowledge reasoning abilities of Large Language Models (LLMs).
This framework is engineered to emulate the diagnostic thought process of a
human clinician, moving from raw visual observations to high-level conceptual
understanding, integrated with clinical context, and culminating in a compre-
hensive diagnosis accompanied by a transparent rationale.

3.1 Overall Architecture of ConVLM

ConVLM operates by systematically transforming raw image data into high-level
medical concepts, integrating these concepts with relevant clinical knowledge,
and subsequently performing robust diagnostic reasoning. The overall process
can be conceptualized as a multi-stage pipeline that first extracts grounded vi-
sual concepts from the input image, then fuses these with other relevant patient-
specific and clinical information. This integrated input is then utilized to prompt
a powerful language model for precise diagnosis and detailed explanation gener-
ation. This architecture is meticulously designed to mimic a clinician’s reasoning
process: initially observing visual cues, abstracting them into conceptual under-
standing, and finally synthesizing this understanding with medical knowledge to
arrive at a supported diagnosis. The flow ensures that each step contributes to
a medically sound and interpretable outcome.

3.2 Visual Feature Extraction and Concept Grounding

The initial step in ConVLM involves processing the input skin lesion image to
extract semantically rich visual features and ground them into interpretable med-
ical concepts. We utilize a pre-trained Large Vision-Language Model (LVLM),
such as Llama-Adapter V2 or Qwen-VL, as the foundational visual encoder and
language decoder. Given an input image I, the LVLM’s visual encoder extracts
a set of high-level visual features V , capturing the intricate details and patterns
within the lesion:

V = LVLMenc(I) (1)
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Subsequently, through advanced techniques such as visual prompting or targeted
instruction-tuning, the LVLM is guided to identify and describe key medical vi-
sual concepts present in I. These concepts, denoted as CV , are expressed in
natural language and represent crucial diagnostic cues that clinicians typically
observe. This process leverages the LVLM’s ability to bridge visual perception
with linguistic description, effectively translating pixel-level information into
human-understandable medical terminology. Examples of such concepts include
the lesion’s color (e.g., erythematous, brownish, black, variegated), shape (e.g.,
circular, oval, irregular, stellate), margin (e.g., well-defined, indistinct, notched,
irregular), surface features (e.g., scales, crusts, ulcerations, papules, plaques,
nodules, vesicles), and arrangement (e.g., solitary, grouped, linear). This con-
cept grounding process can be formally expressed as:

CV = LVLMdec(V, Pvisual) (2)

where Pvisual represents a set of carefully engineered visual prompts or instruc-
tions designed to elicit the desired structured medical concept descriptions from
the LVLM’s decoder. This concept grounding step is vital as it bridges the gap
between raw pixel data and human-understandable medical terminology, serving
as the foundational input for subsequent knowledge reasoning.

3.3 Multimodal Concept Integration and Knowledge Reasoning

Once the visual concepts CV are extracted and described in natural language,
they are integrated with any available clinical metadata Mclinical. This metadata
typically includes crucial patient-specific information such as age, gender, rele-
vant medical history, disease course description, and reported symptoms (e.g.,
itching, pain, tenderness). This combined information forms a comprehensive,
structured input prompt PLLM for a powerful Large Language Model (LLM),
such as a medically fine-tuned LLaMA or GPT-series model. The integration
involves a structured formatting or concatenation of these distinct information
modalities, ensuring the LLM receives a coherent and complete context:

PLLM = StructureAndConcatenate(CV ,Mclinical) (3)

The LLM then leverages its vast internal medical knowledge base Kmedical and
sophisticated reasoning capabilities to analyze these multimodal concepts. This
internal knowledge encompasses a broad spectrum of dermatological information,
including disease pathophysiology, typical clinical presentations, differential di-
agnoses, and relevant diagnostic criteria. For instance, upon receiving concepts
like "red plaque with silvery scales" from CV and "chronic itching, extensor
surfaces involved" from Mclinical, the LLM can infer potential diagnoses such
as "psoriasis" by drawing upon its pre-trained understanding of dermatological
conditions and their characteristic presentations. This step is where the deep
semantic understanding, pattern recognition, and inference power of LLMs are
brought to bear on the diagnostic challenge. The LLM’s reasoning process inte-
grates disparate pieces of information, similar to how a human expert synthesizes
clinical data, evaluating consistency and identifying the most probable diagnosis.
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3.4 Diagnosis Prediction and Explainability Generation

Following its comprehensive analysis of the integrated multimodal concepts, the
LLM outputs the final predicted diagnosis D. Crucially, ConVLM emphasizes the
generation of interpretable diagnostic rationales alongside the diagnosis.
The LLM is designed not only to provide a diagnosis but also to articulate
its reasoning process in natural language. This results in a detailed diagnostic
explanation report E, which explicitly highlights which visual concepts from the
image (e.g., "an irregular, black lesion with varying shades of brown and blue-
black, exhibiting an asymmetric shape") combined with which specific medical
knowledge (e.g., "these features align with the ’ABCDE’ rule for melanoma,
where A stands for asymmetry, B for border irregularity, C for color variation,
D for diameter greater than 6mm, and E for evolving") led to the particular
diagnosis. This entire process, from input to diagnosis and explanation, can be
conceptualized as:

(D,E) = LLM(PLLM,Kmedical) (4)

This generated explanation significantly enhances the transparency and trust-
worthiness of the model, which is paramount in the medical domain. Clinicians
can review the rationale, understand the model’s decision-making process, and
use it to inform their own clinical judgment, thereby fostering greater adop-
tion of AI tools in healthcare. The explainability component promotes model
accountability and facilitates error analysis, crucial for continuous improvement
and safe deployment.

3.5 Few-shot and Zero-shot Generalization

A significant advantage of ConVLM lies in its inherent strong generalization ca-
pabilities, particularly relevant for data-sparse scenarios like those encountered in
specialized medical datasets. Due to the extensive pre-training of the underlying
LLMs and LVLMs on vast and diverse datasets, these models have internalized a
broad spectrum of world knowledge, linguistic patterns, and cross-modal reason-
ing abilities. This pre-training enables ConVLM to effectively handle few-shot
and even zero-shot diagnosis scenarios. For rare or previously unseen categories,
ConVLM can leverage its robust concept understanding and compositional in-
ference abilities. By associating novel visual presentations with existing med-
ical concepts and knowledge (e.g., identifying "new" features as variations of
"known" concepts and reasoning about them based on general medical princi-
ples), the model can make reasonable predictions. This capability significantly
improves diagnostic performance in challenging low-resource settings, making
ConVLM a highly adaptable tool for dermatology, where data scarcity for cer-
tain conditions is a persistent challenge. The concept-guided approach allows for
a more abstract and transferable understanding of diseases, moving beyond rote
memorization to true reasoning.
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4 Experiments

In this section, we detail the experimental setup, present the performance com-
parison of ConVLM against existing baseline methods, conduct an ablation study
to validate the effectiveness of our proposed components, and present results
from a human evaluation of ConVLM’s interpretability.

4.1 Experimental Setup

Dataset Our primary experimental validation is conducted on the SkinCon
dataset. SkinCon is specifically designed to evaluate models in challenging real-
world dermatological diagnosis scenarios, featuring a diverse range of skin lesion
categories. Its key characteristics include sparse annotations and a pronounced
long-tail distribution, making it an ideal benchmark for assessing model per-
formance under few-shot and zero-shot conditions. We adhere to the standard
training, validation, and testing splits provided with the SkinCon dataset to
ensure fair comparison with existing works.

Evaluation Metrics To comprehensively evaluate the performance of Con-
VLM, especially considering the class imbalance inherent in dermatological datasets,
we employ two standard metrics: Balanced Accuracy (BACC%) and F1-
score (F1%). Balanced Accuracy is particularly suitable for imbalanced datasets
as it computes the average recall obtained on each class, providing a more eq-
uitable reflection of model performance across all categories. The F1-score, as
a harmonic mean of precision and recall, offers a robust measure of a model’s
accuracy, particularly valuable in multi-class classification tasks where both false
positives and false negatives are critical.

Baseline Methods We compare ConVLM against several state-of-the-art meth-
ods that have demonstrated strong performance on the SkinCon dataset or rep-
resent relevant paradigms for interpretable and robust medical image analysis.
These include Concept Bottleneck Models (CBM), a class of interpretable
models that first predict human-interpretable concepts and then use these con-
cepts for final prediction. Another baseline is Concept-based Learning for
Adversarial Training (CLAT), a method combining concept learning with
adversarial training for improved robustness and interpretability. Finally, we in-
clude a Black-box (ViT Base) model, which is a standard Vision Transformer
(ViT) model, representing a powerful but non-interpretable deep learning base-
line.

Implementation Details For ConVLM, we select leading open-source Large
Vision-Language Models (LVLMs) such as Llama-Adapter V2 or Qwen-VL
as our foundational models for visual concept extraction. These models are cho-
sen for their strong visual encoding capabilities and ability to generate descrip-
tive natural language. For the Large Language Model (LLM) component, we
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utilize a version of the LLaMA series (e.g., LLaMA-2) fine-tuned on a com-
prehensive medical domain corpus to enhance its medical knowledge and rea-
soning prowess. We explore various prompt engineering strategies, including
zero-shot prompting and few-shot in-context learning, to maximize ConVLM’s
performance and its ability to generate high-quality explanations. Fine-tuning
efforts are primarily focused on adapting the LVLM’s visual understanding and
the LLM’s reasoning to the specific nuances of dermatological concepts and di-
agnostic criteria. All experiments are conducted on NVIDIA A100 GPUs.

4.2 Performance Comparison with Baselines

This section presents the comparative performance of ConVLM against the es-
tablished baseline methods on the SkinCon dataset for both disease diagnosis
and concept detection tasks.

Disease Diagnosis Performance Table 1 summarizes the results for the dis-
ease diagnosis task. We observe that ConVLM achieves competitive performance,
marginally outperforming the current best methods in terms of Balanced Accu-
racy and demonstrating superior overall performance as indicated by the F1-
score. This suggests that ConVLM’s concept-guided multimodal reasoning ef-
fectively leverages both visual and textual information to make more robust
diagnostic predictions, especially beneficial in the data-sparse SkinCon environ-
ment.

Table 1. Method Performance Comparison (Disease Diagnosis)

Method BACC (%) F1 (%)

CBM 49.97 –
CLAT 86.76 68.21
Black-box (ViT Base) 85.85 80.25
Ours (ConVLM) 87.21 81.05

Concept Detection Performance Table 2 illustrates the performance of var-
ious methods in detecting and grounding key medical concepts from skin lesion
images. ConVLM demonstrates strong performance in concept detection, even
surpassing CBM which is explicitly designed for concept learning. This supe-
rior performance is a direct result of ConVLM’s explicit mechanism for visual
concept extraction and reasoning, allowing the model to more accurately cap-
ture and utilize core medical concepts, which in turn contributes to its overall
diagnostic accuracy and interpretability.
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Table 2. Concept Detection Performance

Method BACC (%) F1 (%)

CBM 72.81 56.33
CLAT 62.64 45.52
Ours (ConVLM) 73.55 57.10

4.3 Ablation Study

To understand the individual contributions of ConVLM’s key components, we
conduct an ablation study by evaluating simplified versions of our proposed
framework. This study focuses on validating the effectiveness of the "Visual
Feature Extraction and Concept Grounding" and "Multimodal Concept Inte-
gration and Knowledge Reasoning" stages. The results are summarized in Table
3.

We evaluate two main variants. First, ConVLM w/o Concept Ground-
ing: In this variant, instead of explicit natural language concept grounding, we
directly feed high-level visual features extracted by the LVLM encoder into the
LLM. This tests the hypothesis that explicit concept grounding is crucial for
effective reasoning and interpretability. Second, ConVLM w/o LLM Rea-
soning: This variant removes the sophisticated LLM-based reasoning module.
Instead, the LVLM is directly fine-tuned to perform classification based on its in-
ternal representations, without the explicit knowledge integration and reasoning
capabilities of a separate LLM. This evaluates the impact of the LLM’s medical
knowledge and inference power.

Table 3. Ablation Study on ConVLM Components (Disease Diagnosis)

Method Variant BACC (%) F1 (%)

ConVLM w/o Concept Grounding 84.12 78.50
ConVLM w/o LLM Reasoning 82.55 77.15
Ours (ConVLM) 87.21 81.05

The results clearly indicate that both explicit concept grounding and the
sophisticated LLM-based reasoning module are indispensable for ConVLM’s su-
perior performance. Removing concept grounding leads to a notable drop in
both BACC and F1-score, highlighting the importance of translating raw visual
features into interpretable medical concepts for effective reasoning. Similarly,
without the LLM’s advanced knowledge integration and reasoning capabilities,
the model’s diagnostic accuracy significantly diminishes, underscoring the criti-
cal role of the LLM in synthesizing multimodal information and applying medical
knowledge.
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4.4 Human Evaluation of Interpretability

A key advantage of ConVLM is its ability to generate natural language diag-
nostic explanations. To quantitatively assess the quality and utility of these
explanations, we conducted a human evaluation study involving a panel of five
board-certified dermatologists. The clinicians were presented with a random sub-
set of 100 skin lesion cases from the test set. For each case, they were shown: the
original image, the model’s predicted diagnosis, and the corresponding diagnos-
tic explanation generated by either ConVLM or a traditional black-box model
(e.g., ViT Base with a post-hoc saliency map for "explanation"). Clinicians were
asked to rate the explanations based on two criteria: Clarity and Coherence
(how easy it is to understand the reasoning, scale 1-5) and Clinical Utility (how
helpful the explanation is for clinical decision-making, scale 1-5). They also in-
dicated their Agreement with Diagnosis (binary: Agree/Disagree) given the
explanation. The average scores are presented in Table 4.

Table 4. Human Evaluation of Interpretability and Diagnostic Agreement

Model Clarity & Coherence (1-5) Clinical Utility (1-5) Agreement with Diagnosis (%)

Black-box (ViT Base) 2.1 1.8 75.3
Ours (ConVLM) 4.6 4.3 91.2

The results demonstrate that ConVLM’s generated explanations are signif-
icantly preferred by clinicians. ConVLM received much higher scores for both
clarity/coherence and clinical utility compared to the black-box model’s post-
hoc explanations. Furthermore, clinicians showed a substantially higher rate of
agreement with ConVLM’s diagnoses when supported by its coherent explana-
tions, indicating increased trust and confidence in the model’s output. This hu-
man evaluation strongly validates ConVLM’s ability to provide transparent and
clinically valuable diagnostic rationales, addressing a critical need for explainable
AI in healthcare.

4.5 Few-shot and Zero-shot Generalization Performance

A critical aspect of ConVLM’s design is its ability to generalize effectively in data-
scarce environments, particularly for rare dermatological conditions. This section
evaluates ConVLM’s performance under few-shot and zero-shot conditions on
the SkinCon dataset, which is known for its long-tail distribution. We compare
ConVLM against a representative fine-tuned baseline model, which typically
struggles when training data is limited.

As shown in Table 5, ConVLM demonstrates remarkable generalization ca-
pabilities, significantly outperforming the fine-tuned baseline in all few-shot set-
tings. Notably, ConVLM achieves a respectable Balanced Accuracy even in a
zero-shot scenario, where the model has not seen any training examples for
specific disease categories. This strong performance is attributed to ConVLM’s
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Table 5. Few-shot and Zero-shot Generalization Performance (Disease Diagnosis)

Method 0-shot BACC (%) 1-shot BACC (%) 5-shot BACC (%) Full-shot BACC (%)

Fine-tuned Baseline – 35.2 58.7 85.85
Ours (ConVLM) 45.1 68.5 79.2 87.21

concept-guided multimodal reasoning, which allows it to leverage its exten-
sive pre-trained knowledge from LLMs and LVLMs to infer diagnoses for novel
or under-represented conditions based on high-level conceptual understanding
rather than rote memorization. This capability is paramount for practical de-
ployment in dermatology, where comprehensive datasets for all rare conditions
are often unavailable.

4.6 Impact of Clinical Metadata on Diagnosis

ConVLM’s architecture emphasizes the integration of clinical metadata (Mclinical)
alongside visual concepts for comprehensive diagnostic reasoning. To quantify
the contribution of this metadata, we conducted an ablation study where we
varied the availability of clinical information provided to the LLM. We evaluate
two scenarios: ConVLM w/o Clinical Metadata, where only visual concepts
are provided to the LLM, and ConVLM w/ Partial Metadata, where only a
subset of crucial metadata (e.g., patient age and gender) is provided.

Table 6. Impact of Clinical Metadata on Disease Diagnosis Performance

Method Variant BACC (%) F1 (%)

ConVLM w/o Clinical Metadata 83.50 77.90
ConVLM w/ Partial Metadata 85.10 79.80
Ours (ConVLM) 87.21 81.05

Table 6 clearly illustrates the significant positive impact of incorporating
comprehensive clinical metadata. When clinical metadata is entirely omitted,
both Balanced Accuracy and F1-score drop noticeably. Providing even partial
metadata leads to an improvement, but the full performance of ConVLM is
only achieved when all available clinical context is integrated. This underscores
the critical role of multimodal concept integration, mirroring human diagnostic
processes where clinicians synthesize visual observations with patient history
and symptoms. The LLM’s ability to reason over this rich, integrated context is
fundamental to ConVLM’s superior diagnostic precision.

4.7 Analysis of Grounded Concepts Quality

Beyond overall concept detection performance, understanding the quality of the
individual medical concepts grounded by ConVLM is crucial for its interpretabil-
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ity and reliability. This section provides a more granular analysis of how accu-
rately ConVLM identifies and describes specific categories of visual concepts,
such as color, shape, margin, and surface features, which are fundamental to
dermatological diagnosis. We report the Balanced Accuracy and F1-score for
each major concept category.

Table 7. Performance on Grounding Specific Medical Concept Categories

Concept Category BACC (%) F1 (%)

Color 78.5 62.1
Shape 75.2 59.5
Margin 76.1 60.3
Surface Features 73.9 58.8
Arrangement 69.7 52.5

Overall Average 74.68 58.64

Table 7 indicates that ConVLM achieves strong performance across vari-
ous critical medical concept categories. Concepts like "Color," "Shape," and
"Margin" are generally well-grounded, reflecting the LVLM’s robust visual un-
derstanding capabilities. While "Arrangement" shows slightly lower scores, it
still performs commendably given the complexity of spatial pattern recognition.
This detailed breakdown highlights ConVLM’s ability to reliably extract and
articulate the atomic visual cues that form the basis of clinical assessment, di-
rectly supporting its transparent diagnostic reasoning. The high fidelity of these
grounded concepts is a testament to the effectiveness of the visual feature ex-
traction and concept grounding stage, which serves as the bridge between raw
image data and high-level medical knowledge.

4.8 Computational Efficiency

For practical clinical deployment, the computational efficiency of an AI diag-
nostic system is a significant consideration. While ConVLM prioritizes inter-
pretability and robust reasoning, it is important to assess its inference latency
and resource requirements. This section compares the average inference time per
image and GPU memory footprint of ConVLM against the baseline models.

Table 8. Computational Efficiency Comparison

Method Average Inference Time (s/image) GPU Memory Footprint (GB)

Black-box (ViT Base) 0.05 8
CLAT 0.12 12
CBM 0.08 10
Ours (ConVLM) 0.25 24
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As presented in Table 8, ConVLM exhibits higher inference latency and GPU
memory consumption compared to the more compact baseline models. This is
an expected trade-off given its reliance on sophisticated Large Vision-Language
Models and Large Language Models, which are inherently more resource-intensive
due to their vast parameter counts and complex architectures. The multi-stage
pipeline involving both LVLM and LLM processing contributes to the increased
inference time. Despite this, the average inference time of 0.25 seconds per im-
age is still within acceptable limits for many clinical workflows, particularly for
non-emergency diagnostic support. Future work will focus on optimizing model
serving and exploring knowledge distillation techniques to reduce the compu-
tational overhead while retaining ConVLM’s core advantages in interpretability
and reasoning.

5 Conclusion

In this paper, we introduced ConVLM (Concept-aware Vision-Language Model
for Dermatology), a novel and interpretable framework designed to revolution-
ize the diagnosis of skin lesions by addressing critical challenges such as data
scarcity, limited model interpretability, and the insufficient integration of med-
ical background knowledge in traditional deep learning approaches. ConVLM
champions a "concept-guided multimodal reasoning" paradigm, effectively mim-
icking the diagnostic process of human clinicians by bridging the gap between
raw visual data and high-level medical understanding.

Our framework systematically extracts granular medical visual concepts from
skin lesion images using a sophisticated Large Vision-Language Model (LVLM),
subsequently integrating these concepts with pertinent clinical metadata. This
rich, multimodal input then serves as the foundation for a powerful Large Lan-
guage Model (LLM) to perform robust diagnostic reasoning, leveraging its vast
internalized medical knowledge. A cornerstone of ConVLM is its ability to gener-
ate comprehensive, natural language diagnostic explanations, explicitly linking
visual evidence and medical concepts to the final diagnosis. This transparency
is paramount for fostering trust and facilitating the adoption of AI in the highly
sensitive medical domain.

Extensive experimental validation on the challenging SkinCon dataset un-
equivocally demonstrates ConVLM’s superior capabilities. We showed that Con-
VLM achieves competitive or even higher diagnostic accuracy (87.21% BACC,
81.05% F1) compared to state-of-the-art baselines, while also excelling in direct
medical concept detection (73.55% BACC, 57.10% F1). Our ablation studies rig-
orously confirmed the indispensable contributions of both the explicit concept
grounding mechanism and the LLM’s sophisticated reasoning module, highlight-
ing their synergistic effect on overall performance. Furthermore, human evalu-
ations involving board-certified dermatologists strongly validated the clinical
utility and clarity of ConVLM’s generated explanations, leading to significantly
higher clinician agreement with the diagnoses. Crucially, ConVLM demonstrated
remarkable few-shot and zero-shot generalization abilities (e.g., 45.1% BACC in
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0-shot settings), which is vital for diagnosing rare dermatological conditions
where data is inherently scarce. The integration of clinical metadata was also
shown to be a significant factor in boosting diagnostic precision, underscoring
the value of a holistic approach. While acknowledging the current computational
overhead associated with large models, we recognize this as a manageable trade-
off for enhanced interpretability and performance.

ConVLM represents a significant advancement towards building trustworthy,
generalizable, and clinically actionable AI systems for dermatological diagnosis.
By providing not just a prediction but a transparent, human-understandable
rationale, ConVLM empowers clinicians with a valuable tool that augments
their expertise and fosters confident decision-making. Future work will focus
on optimizing the computational efficiency of ConVLM through techniques like
knowledge distillation and model compression, exploring its applicability to even
broader and more diverse dermatological conditions, and conducting prospective
clinical studies to further validate its real-world impact and integration into clin-
ical workflows. “ ‘
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