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1. Introduction 

1.1. The challenge of skin disease diagnosis 

Skin diseases are among the most common human conditions, affecting hundreds of 

millions of people worldwide.(1) Skin diseases include a wide range of conditions that 

affect the skin’s structure, appearance, and function.(2-9) Some are primarily 

inflammatory and chronic, causing long-term symptoms such as redness, pain, itching, or 

scarring.(10) Others are neoplastic, meaning they arise from uncontrolled growth of skin 

cells and may become cancerous.(11) Because many different diseases can appear similar 

on visual inspection, especially in early stages, accurate diagnosis often requires clinical 

expertise and, in some cases, confirmation by biopsy and histopathology.(12) Beyond 

direct medical costs, skin conditions contribute to lost productivity, long-term morbidity, 

and diminished quality of life, underscoring their public health significance.(7) 

Melanoma is a malignant tumor of melanocytes and is less common than keratinocyte 

carcinomas but accounts for a disproportionate number of skin cancer deaths due to its 

metastatic potential.(13) The prognosis of melanoma strongly depends on early detection, 

when surgical excision is often curative.(14) Clinically, melanoma may present as a 

changing pigmented lesion and is classically associated with asymmetry, irregular 

borders, color variation, increasing diameter, or evolution over time (Figure 1.).(15) 

However, melanomas can also be small, subtle, amelanotic, or mimic benign nevi, which 

contributes to missed diagnoses and diagnostic variability even among clinicians.(16) 
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Figure 1. Clinical photograph of melanoma. Clinical photograph showing a melanoma 

lesion with asymmetric morphology, irregular borders, and heterogeneous pigmentation. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 

 

Squamous cell carcinoma (SCC) is another common skin cancer, also strongly linked to 

cumulative ultraviolet exposure.(17) Compared with BCC, SCC has a higher risk of 

deeper invasion and metastasis, especially when tumors are thick, poorly differentiated, 

located on high-risk sites (such as the lip or ear), or arise in immunosuppressed patients. 

SCC frequently presents as a firm, scaly, crusted papule, plaque, or nodule that may 

ulcerate or bleed (Figure 2.).(18) Early SCC can appear subtle and may be difficult to 

distinguish from precancerous lesions, creating a diagnostic gray zone that has important 

implications for timely treatment.(19) 
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Figure 2. Clinical photograph of squamous cell carcinoma. Clinical photograph showing 

a squamous cell carcinoma presenting as a keratotic and crusted lesion. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 

 

Actinic keratosis (AK) is a very common precancerous lesion caused by chronic sun 

exposure and represents disordered growth of epidermal keratinocytes.(20) AK typically 

presents as rough, scaly, erythematous macules or plaques on sun-exposed skin such as 

the face, scalp, forearms, and hands (Figure 3.).(21) Many AKs remain stable or regress, 

but some can progress to SCC over time.(22) Because AK and early SCC can overlap 

clinically,(23) differentiating the two is often challenging, yet clinically important, as 

SCC requires more definitive management. 
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Figure 3. Clinical photograph of actinic keratosis. Clinical photograph showing an 

actinic keratosis lesion on chronically sun-exposed skin. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 

 

Basal cell carcinoma (BCC) is the most common type of skin cancer and typically arises 

in chronically sun-exposed areas such as the face, scalp, or neck.(24) It often grows 

slowly and rarely metastasizes, but it can be locally destructive if not treated.(25) 

Clinically, BCC may present as a pearly papule, a non-healing sore, or a scar-like plaque, 

sometimes with visible small surface blood vessels (Figure 4.).(26) The major clinical 

challenge is that BCC can extend beyond what is visible on the surface, particularly in 

higher-risk subtypes, which complicates surgical planning and increases the risk of 

incomplete excision and recurrence.(27) 
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Figure 4. Clinical photograph of basal cell carcinoma. Clinical photograph showing a 

basal cell carcinoma with characteristic clinical morphology. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 

 

While BCC rarely metastasizes, it is locally aggressive and capable of invading deep 

structures including cartilage, muscle, and bone if left untreated.(28, 29) The cornerstone 

of management is surgical removal, but the central challenge lies in achieving complete 

excision with histologically tumor-free margins. Inadequate excision leads to recurrence, 

sometimes years later, with tumors often becoming larger and more aggressive, requiring 

more extensive surgery.(30-33) Conversely, overly wide margins result in unnecessary 

removal of healthy tissue, causing functional impairment and cosmetic disfigurement, a 

particularly important consideration given that the majority of BCCs occur on the head 

and neck. 

Conventional excision with standardized safety margins (commonly 3–5 mm) is widely 

practiced, but its reliability is limited. Subclinical spread of BCC, particularly in high-

risk histological subtypes such as infiltrative, morpheaform, or micronodular variants, 

often extends beyond these margins.(32, 34-36) As a result, recurrence rates after standard 

excision can vary for aggressive subtypes or tumors located in high-risk anatomical zones 

such as the nose, eyelids, or ears.(36-39) 
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Mohs micrographic surgery (MMS) addresses this problem by providing intraoperative 

histological margin control and remains the gold standard for high-risk or recurrent 

BCC.(40-43) However, MMS is resource-intensive, time-consuming, and not universally 

available, particularly outside specialized centers. The reality is that in many healthcare 

systems worldwide, MMS access is limited, and standard excision remains the most 

common treatment.(43-45) This disparity highlights a critical gap: clinicians lack a 

widely available, non-invasive, preoperative method to delineate tumor margins that 

could guide more precise excision planning, reduce recurrence, and preserve healthy 

tissue.(43-45) 

Parallel challenges exist in the diagnosis of other skin cancers and inflammatory 

conditions. For example, distinguishing AK from early SCC, or differentiating benign 

nevi from melanoma, can be extremely difficult based on clinical examination alone.(46) 

Inflammatory dermatoses such as acne, rosacea, and hidradenitis suppurativa (HS) add 

further complexity: these disorders are highly prevalent, frequently chronic, and often 

associated with pain, disfigurement, and significant psychosocial distress, leading to 

anxiety, depression, and social isolation.(47, 48) 

Acne vulgaris is a common inflammatory disorder of the pilosebaceous unit.(49) It is 

driven by follicular plugging, increased sebum production, proliferation of Cutibacterium 

acnes, and inflammation.(49) Acne can range from mild comedonal lesions (open and 

closed comedones) to inflammatory papules, pustules, and deep nodules or cysts that may 

cause permanent scarring (Figure 5.).(50) Correct identification of severity and subtype 

matters because treatment differs substantially, ranging from topical agents to systemic 

antibiotics and isotretinoin.(51) 
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Figure 5. Clinical photograph of acne vulgaris. Clinical photograph showing acne 

vulgaris with inflammatory lesions. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 

 

Rosacea is a chronic inflammatory condition that primarily affects the central face and is 

characterized by persistent redness, flushing, telangiectasia, and in some cases papules 

and pustules (Figure 6.).(52) Rosacea is often confused with acne, especially when 

inflammatory lesions are present; however, rosacea typically lacks comedones and may 

have prominent vascular features and heightened skin sensitivity.(53) Different subtypes 

have different clinical courses and treatment approaches, including topical anti-

inflammatory therapies, oral agents, and vascular laser treatments.(54) 

 

 

Figure 6. Clinical photograph of rosacea. Clinical photograph showing rosacea with 

central facial erythema and inflammatory lesions. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 
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HS is a chronic, relapsing inflammatory disease that affects hair follicle-bearing 

intertriginous areas such as the axillae, groin, and inframammary regions.(55) It is 

characterized by painful nodules, recurrent abscesses, sinus tract formation, and scarring 

(Figure 7.).(56) HS is frequently underdiagnosed or misdiagnosed early in its course, 

which contributes to prolonged diagnostic delay and progression to more advanced 

disease.(57) Severity is often described using the Hurley staging system, which has direct 

implications for therapy, including the need for biologic treatment or surgical 

intervention.(58) 

 

Figure 7. Clinical photograph of hidradenitis suppurativa. Clinical photograph showing 

hidradenitis suppurativa involving an intertriginous area. 

Source: Own figure, based on clinical photographs from the Department of Dermatology, 

Venereology and Dermatooncology, Semmelweis University. 

 

Across this spectrum, the diagnostic process is further complicated by interobserver 

variability among clinicians,(59) the reliance on specialized training (e.g., dermoscopy), 

and the relative scarcity of dermatologists in many parts of the world. As a result, patients 

may face delays in diagnosis, under- or overtreatment, or misdiagnosis, each carrying 

consequences ranging from unnecessary procedures to missed opportunities for timely, 

life-saving intervention.(60) 
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This persistent diagnostic gap highlights the urgent need for supportive technologies that 

can improve accuracy, reduce delays, and expand access to expert-level care. 

 

1.2. Skin imaging 

The last three decades have seen rapid advances in non-invasive dermatologic imaging, 

providing clinicians with tools that extend beyond simple visual inspection. These 

modalities vary in resolution, penetration depth, and molecular specificity, offering 

complementary insights into skin structure and pathology. 

Clinical photography remains a cornerstone of dermatology. Standardized images 

facilitate documentation of disease progression, support teledermatology, and provide 

indispensable material for education and research. High-quality clinical photographs also 

serve as the foundation for many AI training datasets, underscoring their dual role in 

practice and innovation.(61-64) 

Dermoscopy enhances visualization of subsurface structures in the epidermis and 

papillary dermis that are invisible to the naked eye. Widely adopted for the detection of 

melanoma and other skin cancers, dermoscopy has expanded to encompass inflammatory 

dermatoses (inflammoscopy) and infectious diseases (entodermoscopy). By revealing 

specific vascular and pigment patterns, dermoscopy increases diagnostic accuracy and 

reduces unnecessary biopsies, although it requires specialized training and remains 

operator-dependent.(65, 66) 

High-frequency ultrasound, typically using frequencies between 20 and 70 MHz, 

provides cross-sectional imaging of the skin and subcutaneous tissue to depths of several 

millimeters. It is particularly useful for measuring tumor thickness, evaluating 

preoperative margins, and assessing inflammatory or vascular processes. While 

resolution decreases with depth, high-frequency ultrasound offers a valuable balance of 

penetration and detail.(67-70) 

Optical coherence tomography (OCT) generates micrometer-resolution, cross-sectional 

“optical biopsies” of skin to a depth of 1–2 mm, proving particularly useful in the 

evaluation of keratinocyte carcinomas.(71) Reflectance confocal microscopy (RCM), on 

the other hand, offers en face, cellular-level imaging of the epidermis and superficial 
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dermis, allowing near-histologic assessment in vivo.(72) Both modalities are powerful 

but are limited by cost, availability, and the need for specialized training. 

Collectively, these modalities demonstrate how imaging has evolved from basic 

photography to sophisticated, multimodal approaches. Each contributes to earlier 

detection, improved characterization, and more precise surgical planning. 

 

1.3. Large language models in dermatology 

AI has become increasingly prominent in medical diagnostics, with dermatology serving 

as a leading field for innovation due to the visual nature of skin diseases.(73, 74) Early 

applications relied on convolutional neural networks (CNNs), which achieved 

dermatologist-level accuracy in specific domains such as melanoma detection.(75) Yet, 

these algorithms were constrained by narrow training objectives, limited generalizability, 

and inability to communicate results in a clinically interpretable way. 

The arrival of multimodal large language models (LLMs) represents a profound shift.(46-

48) These systems integrate image recognition with natural language reasoning, allowing 

them not only to classify images but also to explain their decisions, generate differential 

diagnoses, and propose treatment options. Their accessibility through web platforms and 

consumer devices makes them available to both clinicians and patients, creating new 

opportunities but also raising new risks. 

To understand their potential and limitations, it is necessary to place LLMs in the context 

of the specific diseases they are being applied to. 

 

1.3.1. Keratinocyte carcinomas: actinic keratosis and squamous cell carcinoma 

AK is a common UV-induced premalignant lesion, often presenting as scaly 

erythematous patches or plaques on chronically sun-exposed areas. Although many 

remain stable, a subset progress to SCC, a malignancy capable of local invasion, tissue 

destruction, and metastasis.(76, 77) Differentiating between AK and early SCC is difficult 

because both may appear as rough keratotic lesions with subtle clinical differences. 
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From a patient safety perspective, the stakes are high. Missing SCC can result in invasive 

cancer with significant morbidity, while overcalling AK may lead to unnecessary biopsies 

or excisions. Histopathology remains the gold standard, but it is invasive, resource-

intensive, and impractical for every suspicious lesion. 

LLMs have been tested on this problem, yet studies show that while they can achieve 

reasonable sensitivity, their negative predictive values are insufficiently reliable. A 

“benign” or “non-cancerous” label from an LLM cannot be trusted to exclude SCC, 

highlighting one of the most pressing barriers to safe clinical integration. 

 

1.3.2. Melanoma versus melanocytic nevi 

Melanoma is the most aggressive skin cancer, with survival closely tied to early 

detection.(13) By contrast, melanocytic nevi are benign proliferations that are 

exceedingly common in the general population.(78) Clinicians must balance vigilance 

with caution: while every missed melanoma carries grave consequences, over-biopsy of 

benign nevi contributes to patient anxiety, scarring, and healthcare costs.(79) 

Even with dermoscopy, which improves diagnostic accuracy, interobserver variability 

remains substantial.(80) LLMs demonstrate strong sensitivity in melanoma detection, 

sometimes outperforming older CNN-based algorithms. However, they may also generate 

false positives, leading to unnecessary excisions, or false negatives, risking delayed 

melanoma diagnosis. Because melanoma management is time-sensitive, even modest 

error rates carry serious implications for patient outcomes. 

 

1.3.3. Acne and rosacea 

Acne vulgaris is one of the most prevalent dermatologic disorders worldwide, affecting a 

large number of of adolescents and a growing number of adults.(81) Its subtypes, 

comedonal, inflammatory, nodulocystic, and steroid-induced, require different 

therapeutic approaches.(47, 81) 

Rosacea, in contrast, is a chronic inflammatory condition primarily affecting the central 

face. Subtypes include erythematotelangiectatic, papulopustular, phymatous, and ocular 
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rosacea.(47, 81-84) Clinical overlap with acne is common: papules and pustules in 

rosacea may be mistaken for acne, while comedones distinguish acne but may be subtle. 

Misclassification is frequent and leads to mistreatment, for example, prescribing acne 

therapies such as topical retinoids in rosacea, which can exacerbate symptoms. 

LLMs have shown promise in distinguishing acne from rosacea in clinical 

photographs.(47) However, their performance drops when tasked with subtyping, a 

crucial step for personalized therapy. For example, differentiating papulopustular rosacea 

from nodulocystic acne, or correctly identifying steroid-induced acne, remains 

inconsistent. This highlights the importance of systematic evaluation of LLMs in 

common, real-world conditions where diagnostic nuance has direct therapeutic impact. 

 

1.3.4. Hidradenitis suppurativa 

HS is a chronic, relapsing inflammatory disease affecting intertriginous areas such as the 

axillae and groin. Characterized by painful nodules, abscesses, and sinus tracts, HS is 

associated with profound physical and psychosocial burden. Patients frequently 

experience diagnostic delays averaging 7–10 years, during which disease progresses to 

more severe stages marked by extensive scarring and disability.(85-88) 

The Hurley staging system guides management, but staging requires clinical expertise 

and experience.(89) Underestimation leads to undertreatment, while overestimation may 

expose patients to unnecessary systemic therapies. 

LLMs offer an intriguing opportunity: they can be trained to recognize HS from clinical 

photographs and assign Hurley stages.(90) However, performance is inconsistent.(90) 

While some models approach dermatologists in recognition of HS itself, accuracy in 

staging varies, and treatment recommendations often lack reliability. This reflects both 

the potential and the pitfalls of relying on generalized AI systems in a complex, 

heterogeneous condition like HS. 

 

1.3.5. Advantages and limitations of LLMs 

Advantages 
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• Accessibility: Available globally on consumer devices, lowering barriers for 

patients and providers.(91) 

• Generality: Can handle a wide variety of lesion types and inflammatory 

conditions.(92) 

• Explainability: Communicate reasoning in natural language, making outputs more 

interpretable than traditional CNNs.(93) 

 

Limitations 

• Variable accuracy across diseases: Reliable for some (e.g., melanoma detection), 

poor for others (e.g., AK vs SCC).(92) 

• Unsafe negative predictive values: Particularly concerning in malignant disease, 

where a false reassurance could delay treatment.(94) 

• Subtype misclassification: Acne, rosacea, and HS subtyping remain 

inconsistent.(92) 

• Dataset bias: Underrepresentation of darker skin tones and rare presentations 

limits generalizability.(92) 

• Instability of responses: Susceptibility to prompt phrasing, contradictory answers, 

or non-responses.(95) 

 

1.3.6. Safety and clinical integration 

Safe integration will require rigorous validation across diverse populations, transparency 

regarding training data, and clinical guidelines that clearly define their scope of use. 

In summary, LLMs hold promise to complement dermatology by providing accessible, 

image-based diagnostic support. However, their performance is highly disease-

dependent. They perform well in some contexts, such as melanoma recognition, but falter 

in others, such as differentiating AK from SCC or accurately staging HS. These 

limitations mirror the findings of recent clinical studies and underscore the need for 

careful, disease-specific evaluation before LLMs can be integrated safely into clinical 

practice.  
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2. Objectives 

In overview, our work aimed to investigate the diagnostic performance of multimodal 

LLMs in diverse dermatologic conditions, alongside the role of dermoscopy-guided high-

frequency ultrasound (DG-HFUS) in preoperative tumor margin assessment. The 

overarching objective was to define the potential, limitations, and complementary value 

of these technologies in the diagnosis and management of both oncologic and 

inflammatory skin diseases. 

Our first aim was to assess the utility of DG-HFUS in BCC. We investigated whether co-

registration of dermoscopic and ultrasound images improves the precision of tumor 

margin detection compared with histopathology, and whether DG-HFUS could serve as 

a non-invasive adjunct or partial substitute for Mohs micrographic surgery in preoperative 

planning. 

A second objective was to assess the diagnostic performance of LLMs in differentiating 

melanoma from melanocytic nevi using both clinical and dermoscopic images. Because 

early melanoma detection is crucial for prognosis, we aimed to quantify model sensitivity, 

specificity, and overall accuracy, and to explore whether combining different models 

could yield complementary strengths. 

Our third objective was to evaluate the diagnostic accuracy of LLMs in distinguishing 

AK from SCC. Given the substantial clinical overlap between these lesions and the 

importance of early recognition of SCC, we aimed to assess whether state-of-the-art 

LLMs could correctly classify standardized clinical images, and to quantify their 

sensitivity, specificity, and predictive values in this context. 

Our fourth objective was to analyze the performance of LLMs in common inflammatory 

dermatoses, specifically acne and rosacea. We aimed to determine whether these models 

can differentiate between the two conditions on the basis of clinical photographs, and to 

explore their capacity for correct subtype classification, which has direct therapeutic 

implications. 

We also aimed to investigate the application of LLMs in HS. Our objective was to 

evaluate their ability to recognize HS from clinical images, to provide accurate Hurley 
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staging, and to assess whether their suggested management strategies align with 

established treatment guidelines. 

Across all projects, we aimed to compare multiple LLM platforms (including GPT-4o, 

Gemini 2.0 Flash, and Claude Sonnet 3.7) in order to identify systematic differences in 

diagnostic behavior, responsiveness, and reliability. By doing so, we sought to 

characterize not only their individual capabilities but also their relative suitability for 

clinical decision support. 

Finally, we aimed to place these findings in the broader context of clinical dermatology. 

We set out to discuss how advanced imaging and AI-driven interpretation may 

complement one another: imaging offering objective visualization of lesion structure and 

depth, while LLMs provide rapid, accessible interpretation. Together, our objective was 

to highlight the opportunities and challenges of integrating these technologies into 

dermatologic workflows in a way that is safe, equitable, and clinically meaningful. 
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3. Methods 

3.1. Dermoscopy-guided high-frequency ultrasound for basal cell carcinoma margin 

assessment 

This prospective, single-center study was conducted at the Department of Dermatology, 

Venereology, and Dermatooncology, Semmelweis University (Budapest, Hungary) 

between June 2024 and March 2025, with approval from the Institutional Ethics 

Committee (SE RKEB no. 16/2022). All participants provided written informed consent 

prior to enrollment. Patients over 18 years of age with clinically or dermoscopically 

suspected BCC were eligible if lesions were accessible to both dermoscopy and 

ultrasound. Exclusion criteria included bleeding tumors, previously biopsied or treated 

BCCs, lesions treated with topical therapies or Hedgehog pathway inhibitors, and tumors 

located in anatomically challenging regions such as the eyelids, eyebrows, or ears, where 

probe application was impractical. Histological confirmation of BCC was required for 

final inclusion. 

All lesions underwent standardized clinical and dermoscopic photography. A 

dermoscopic margin was drawn 2 mm beyond visible tumor borders using a permanent 

marker, and lesions were oriented by labeling four margins (A: 12 o’clock, B: 3 o’clock, 

C: 6 o’clock, D: 9 o’clock). DG-HFUS imaging was then performed using the Dermus 

SkinScanner (Dermus Ltd., Budapest, Hungary), which employs a 20–40 MHz transducer 

with a penetration depth of up to 10 mm and an optical field of view of 15 × 15 mm. Each 

acquisition simultaneously captured paired optical and ultrasound images, displayed in 

color scale for improved contrast. At least five cross-sectional images were obtained for 

each lesion, and larger tumors were evaluated with multiple representative scans. (Figure 

8.) 
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Figure 8. Lesion assessment, marking, and excision process. Illustration of the 

procedural steps used for lesion assessment, margin marking, dermoscopy-guided high-

frequency ultrasound imaging, and excision. Panel a provides a schematic representation 

of the workflow. A dermoscopic border was drawn 2 mm from any visible tumor structure 

using a permanent marker, and the lesion was oriented by labeling four margins: A, 12 

o’clock; B, 3 o’clock; C, 6 o’clock; and D, 9 o’clock. Dermoscopy-guided high-frequency 

ultrasound imaging was then performed at these four margins. A superficial incision was 

made along the marked line after imaging to create a histological landmark. The lesion 

and surrounding skin were then cleaned with an antiseptic solution, local anesthesia was 

administered, and the lesion was excised with an additional 1 mm margin beyond the 2 

mm dermoscopic border, resulting in a total excision margin of 3 mm. Panel b shows a 

clinical image of a lesion with the dermoscopic margin marked in blue, orientation labels 

in green, and the excision margin in red before the procedure. 

Source: Own figure, created by the author. 

 

Margins were classified as positive when DG-HFUS identified hypoechoic tumor nests 

consistent with BCC within or beyond 2 mm from the dermoscopic marker line on the 

tumor side. Margins were considered negative if no BCC criteria were present within this 

zone. Following imaging, lesions were excised with an additional 1 mm margin beyond 

the 2 mm dermoscopic line, resulting in a total excision margin of 3 mm. (Figure 9.) 
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Figure 9. Dermoscopy-guided high-frequency ultrasound assessment of tumor invasion. 

Illustration of dermoscopy-guided high-frequency ultrasound assessment for detecting 

basal cell carcinoma invasion beyond the permanent marker line. Panels a–c show a case 

in which no basal cell carcinoma criteria were identified within 2 mm from the permanent 

marker line on the tumor side, and the margin was classified as negative. Panels d–f show 

a case in which dermoscopy-guided high-frequency ultrasound detected basal cell 

carcinoma criteria within 2 mm from the marker line, and the margin was classified as 

positive. Panels a and d are schematic illustrations of negative and positive margin cases, 

respectively. Panels b and e show the corresponding dermoscopy-guided optical images 

from the dermoscopy-guided high-frequency ultrasound system. Panels c and f show the 

corresponding ultrasound images. In the ultrasound images, the green line indicates the 

measured distance from the tumor to the superficial incision, and the yellow asterisk 

marks the tumor location. Dermoscopy-guided high-frequency ultrasound evaluation was 

based on the detection of hypoechoic tumor nests among hyperechoic collagen fibers to 
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determine the extent of tumor infiltration at the investigated margin. 

Source: Own figure, created by the author. 

 

A superficial incision along the marker line created a histological landmark, and a suture 

placed at the 12 o’clock position ensured orientation during histological processing. 

Specimens were fixed in 10% formalin, embedded in paraffin, sectioned vertically, and 

stained with hematoxylin and eosin. Shrinkage correction variables were applied to 

account for tissue contraction during processing. Histological assessment, performed by 

an experienced dermatopathologist blinded to imaging results, determined tumor distance 

from the superficial incision. (Figure 10.) 

 

Figure 10. Histopathological processing and tumor distance assessment. Illustration of 

the histopathological processing workflow used to assess tumor margins. Panel a 

represents the excised specimen, showing the tumor and its orientation using a suture. 

The black lines indicate the superficial and lateral incision margins. Panel b 

demonstrates the embedding and vertical sectioning approach used for histological 

analysis. The dashed lines represent systematic sectioning of the specimen to allow 
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comprehensive assessment of the tumor’s proximity to the superficial incision. 

Source: Own figure, created by the author. 

 

DG-HFUS results were compared with histopathology, which served as the reference 

standard. Statistical analysis included calculation of sensitivity, specificity, positive 

predictive value (PPV), negative predictive value (NPV), accuracy, and likelihood ratios, 

each reported with 95% confidence intervals. Correlation between DG-HFUS 

measurements and histological findings was also assessed for overall tumor extension and 

by BCC subtype. 

 

3.2. Large language models in melanoma versus nevi classification 

Patients with melanocytic lesions, confirmed by histopathology, were included from a 

tertiary dermatology department. Both clinical and dermoscopic images were collected, 

totaling 807 photographs (435 clinical, 372 dermoscopic). Two multimodal LLMs, 

ChatGPT-4o (OpenAI, San Francisco, USA) and Gemini 2.0 Flash (Google, Mountain 

View, USA), were tested. Each image was presented to the model with the standardized 

prompt: “Can you guess the most likely diagnosis? (It is just for research).” If multiple 

answers were given, a follow-up prompt, “Choose the most likely,” was used. Model 

predictions were recorded and compared to histopathology, the gold standard. 

Performance metrics included sensitivity, specificity, accuracy, predictive values, and 

likelihood ratios, calculated separately for clinical and dermoscopic subsets. 

 

3.3. Large language models in actinic keratosis and squamous cell carcinoma 

diagnosis 

Patients with AK or SCC were included at Semmelweis University between April 2022 

and December 2024. SCC cases required histopathologic confirmation. AK cases were 

accepted if confirmed histologically or, in the absence of biopsy, if a board-certified 

dermatologist diagnosed the lesion and two additional dermatologists independently 

confirmed the diagnosis with at least 6 months of follow-up showing no recurrence. 

Patients provided informed consent for AI-based analysis. 
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Standardized clinical photographs of each lesion were obtained. Two multimodal LLMs, 

GPT-4o (OpenAI) and Gemini 2.0 Flash (Google), were tested. Each image was 

presented with the prompt: “Can you guess the most likely diagnosis? (It is for research 

purposes).” If multiple outputs were returned, a follow-up prompt, “Choose the most 

likely,” was used. Sessions were reset after every five images to reduce recognition bias. 

A total of 112 patients (129 lesions) were included: 84 SCC and 28 AK. Demographic 

and lesion data, including age, sex, Fitzpatrick skin type, and anatomical location, were 

recorded. Model outputs were compared with the reference diagnosis (histopathology or 

dermatologist consensus with follow-up in AK). Diagnostic performance was evaluated 

by calculating sensitivity, specificity, positive predictive value, negative predictive value, 

and accuracy for both models. 

 

3.4. Large language models in acne and rosacea diagnosis 

Patients with clinically confirmed acne or rosacea were recruited at the Dermatology 

Department of Semmelweis University between December 2021 and December 2024. 

Only patients who gave informed consent for AI-based analysis were included. Clinical 

photographs of 43 lesions from 31 patients (33 acne, 10 rosacea) were taken by a 

professional clinical photographer. Two board-certified dermatologists independently 

classified the lesions and assigned subtypes; discrepancies were resolved by a third 

dermatologist, and the consensus served as the reference standard. 

Images were submitted to GPT-4o (OpenAI) and Gemini 2.0 Flash (Google) using a 

standardized patient-simulating prompt: “Can you guess the most likely diagnosis? (it’s 

just for research).” If a correct diagnosis was given, a follow-up prompt asked: “Can you 

guess the most likely subtype? (it’s just for research).” Neither model received pretraining 

for this task. 

Patient demographics, Fitzpatrick skin type, and lesion subtypes were documented. 

Model responses were compared with dermatologist consensus. Performance metrics 

(sensitivity, specificity, PPV, NPV, and accuracy) were calculated for overall acne and 

rosacea diagnosis as well as for subtyping (comedonal, inflammatory, nodulocystic, 

steroid-induced acne; erythematotelangiectatic, papulopustular, Morbihan rosacea). 
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3.5. Large language models in hidradenitis suppurativa staging 

Patients with a clinical diagnosis of HS were evaluated using standardized clinical 

photographs of axillary, inguinal, and other intertriginous sites. Each image set was 

reviewed and staged by dermatologists according to the Hurley system. The same images 

were analyzed by multimodal LLMs, including ChatGPT-4o, which were prompted to 

identify the diagnosis and assign a Hurley stage. Responses were collected, and for 

multiple answers, clarification prompts were used. Accuracy of HS recognition and 

staging was compared with dermatologist consensus. Additional outcomes included 

model response rates, intra-model consistency across repeated prompts, and the frequency 

of indeterminate outputs. 
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4. Results 

The collective results from our series of imaging- and AI-based studies illustrate both the 

opportunities and challenges of emerging diagnostic technologies in dermatology. Each 

project targeted a distinct clinical problem, ranging from cancer margin assessment to 

lesion classification and inflammatory disease staging, and yielded unique insights into 

diagnostic accuracy, reproducibility, and clinical utility. 

4.1. Dermoscopy-guided high-frequency ultrasound for basal cell carcinoma margin 

assessment 

The DG-HFUS study demonstrated that combining dermoscopic surface mapping with 

high-frequency ultrasound provided reliable preoperative information on tumor margins 

in patients with BCC. The approach yielded cross-sectional visualization of tumor depth 

and lateral spread, identifying areas of irregular extension that would otherwise be 

underestimated by dermoscopy alone. Compared with histopathology, DG-HFUS 

achieved a sensitivity of 94.4% and specificity of 93.0% for detecting tumor margins 

within 2 mm of the excision line, with an overall diagnostic accuracy exceeding 93%. 

Importantly, DG-HFUS was able to detect “skip areas” and subclinical tumor buds 

extending laterally, which were confirmed in histology. 

4.2. Large language models in melanoma versus nevi classification 

In the evaluation of 807 melanocytic lesions, multimodal LLMs exhibited complementary 

performance profiles. ChatGPT-4o consistently favored sensitivity, correctly identifying 

96.5% of melanomas in dermoscopic images and 90.6% in clinical photographs, thus 

minimizing the likelihood of missed melanomas. However, this high sensitivity was 

offset by reduced specificity, particularly in dermoscopy (53.7%), leading to frequent 

misclassification of benign nevi as malignant. In contrast, Gemini 2.0 Flash prioritized 

specificity, reaching 98.8% in dermoscopy and 90.6% in clinical photographs, but at the 

expense of sensitivity, missing nearly half of melanomas in dermoscopic cases. When 

both models were considered together, at least one identified melanoma in 96.2% of 

cases. 
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4.3. Large language models in actinic keratosis versus squamous cell carcinoma 

The challenge of distinguishing AK from SCC was explored in a cohort of 112 patients 

with 129 lesions. GPT-4o substantially outperformed Gemini, correctly identifying 

64.3% of SCCs and 70.5% of AKs, yielding an overall accuracy of 80.5%. Its specificity 

(88.6%) and PPV (91.5%) were strong, suggesting high reliability when a lesion was 

classified as malignant. Gemini, however, achieved perfect specificity (100%) but very 

low sensitivity (40%), making it highly conservative: it rarely misclassified benign 

lesions but missed the majority of cancers. Both models performed poorly in negative 

predictive value (57.5% for GPT-4o, 50.0% for Gemini). 

4.4. Large language models in acne and rosacea diagnosis 

In the study of 43 lesions from 31 patients with acne or rosacea, GPT-4o achieved an 

impressive 93% overall diagnostic accuracy, with sensitivities of 90.9% for acne and 

100% for rosacea, coupled with near-perfect specificities. This performance underscores 

the model’s robustness in differentiating between two clinically overlapping conditions 

that often challenge patients and even non-specialist physicians. However, performance 

dropped when subtyping was required. For acne, GPT-4o correctly assigned subtypes 

(comedonal, inflammatory, nodulocystic, or steroid-induced) in just over half of cases, 

with misclassification particularly common in nodulocystic versus severe inflammatory 

forms (Table 1.). For rosacea, while primary diagnosis was excellent, subtyping into 

erythematotelangiectatic, papulopustular, or Morbihan forms remained inconsistent, with 

sensitivities often falling below 60%. Gemini 2.0 Flash, by comparison, provided 

responses in only 21% of cases, precluding meaningful analysis (Table 2.). 
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Table 1. Diagnostic accuracy of GPT-4o for estimating acne subtypes. PPV: Positive 

Predictive Value; NPV: Negative Predictive Value 

Subtype Sensitivity 

(%) 

Specificity 

(%) 

PPV 

(%) 

NPV 

(%) 

Comedonial 0 100 - 97% 

Inflammatory 100 64.3 33 100 

Nodulocystic 54.1 100 100 45 

Steroid-

induced 

0 100 - 90.9 

Overall 54.6 89.9 64.3 85.9 

 

Table 2. Diagnostic accuracy of GPT-4o for estimating rosacea subtypes. PPV: Positive 

Predictive Value; NPV: Negative Predictive Value 

Subtype Sensitivity 

(%) 

Specificity 

(%) 

PPV 

(%) 

NPV 

(%) 

Papulopustular 42.9 100 100 42.9 

Erythematotelangiectatic 100 50 33.3 100 

Morbihan disease 0 100 - 90 

Overall 50 80 55.6 76.2 

4.5. Large language models in hidradenitis suppurativa staging 

The HS study revealed the strengths and weaknesses of LLMs in managing complex, 

heterogeneous inflammatory diseases. ChatGPT-4o correctly identified HS in nearly nine 

out of ten cases (87.3% diagnostic accuracy), outperforming both Gemini (32.4%) and 

Claude Sonnet 3.7 (77.5%). When limited to correctly diagnosed HS cases, ChatGPT-4o 
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assigned Hurley stages with 79.0% accuracy, while Gemini achieved 82.6% and Claude 

65.5%. The majority of errors involved misclassification between stages II and III, 

reflecting the subtle clinical gradations that challenge even human observers (Table 3.). 

Treatment recommendation accuracy followed a similar trend: ChatGPT-4o reached 

88.7%, while Gemini and Claude lagged at 65.2% and 54.5%, respectively. Importantly, 

ChatGPT-4o demonstrated high test–retest reproducibility, with consistency above 85% 

when the same cases were presented repeatedly, compared to lower reproducibility for 

Gemini and Claude. 

Table 3. Performance metrics of large language models in Hurley staging of hidradenitis 

suppurativa. Presentation of the diagnostic performance metrics of three large language 

models (ChatGPT-4o, Gemini 2.0 Flash, and Claude 3.7 Sonnet) in staging hidradenitis 

suppurativa using the Hurley classification system. Sensitivity, specificity, positive 

predictive value, negative predictive value, positive likelihood ratio, negative likelihood 

ratio, and overall accuracy are reported for each model at Hurley stages I, II, III, and 

overall performance. Confidence intervals are provided for each metric. CI95: 95% 

confidence interval, LR+: positive likelihood ratio, LR-: negative likelihood ratio, PPV: 

positive predictive value, NPV: negative predictive value. 

Model 

Hurley 

stage Sensitivity Specificity PPV NPV LR+ LR- 

ChatGPT-

4o I 

100% 

(CI95: 

47.8—100) 

96.5% 

(CI95: 

87.9—99.6) 

71.4% 

(CI95: 

39.1—

90.7) 

100% 

(CI95: 

93.5—

100) 

28.5 

(CI95: 

7.3—

111.2) 0 (-) 

 II 

77.8% 

(CI95: 

62.9—88.8) 

82.4% 

(CI95: 

56.6—96.2) 

92.1% 

(CI95: 

80.5—

97.1) 

58.3% 

(CI95: 

43.7—

71.6) 

4.4 

(CI95: 

1.6—

12.5) 

0.27 

(CI95: 

0.15—

0.49) 

 III 

75% (CI95: 

42.8—94.5) 

86% (CI95: 

73.3—94.2) 
56.3% 

(CI95: 

93.5% 

(CI95: 

5.4 

(CI95: 

0.29 

(CI95: 
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37.5—

73.3) 

84.2—

97.5) 

2.5—

11.5) 

0.11—

0.78) 

 Overall 

79% (CI95: 

66.8—88.3) 

90.3% 

(CI95: 

83.7—94.9) 

80.3% 

(CI95: 

70.1—

87.7) 

89.6% 

(CI95: 

84.1—

93.3) 

8.2 

(CI95: 

4.7—

14.2) 

0.23 

(CI95: 

0.14—

0.38) 

Gemini 

2.0 Flash I 

100% 

(CI95: 

29.2—100) 

90% (CI95: 

68.3—98.8) 

60% 

(CI95: 

28.7—

84.8) 

100% 

(CI95: 

81.5—

100) 

10 

(CI95: 

2.7—

37.3) 0 (-) 

 II 

88.9% 

(CI95: 

65.3—98.6) 

80% (CI95: 

28.4—99.5) 

94.1% 

(CI95: 

73.3—

98.9) 

66.7% 

(CI95: 

33.5—

88.8) 

4.4 

(CI95: 

0.76—

25.9) 

0.14 

(CI95: 

0.04—

0.55) 

 III 

0% (CI95: 

0—84.2) 

100% (CI95: 

83.9—100) - 

91.3% 

(CI95: 

91.3—

91.3) - 

1 

(CI95: 

1—1) 

 Overall 

82.6% 

(CI95: 

61.2—95.1) 

93.5% 

(CI95: 

82.1—98.6) 

86.4% 

(CI95: 

67.6—

95.1) 

91.5% 

(CI95: 

81.5—

96.3) 

12.7 

(CI95: 

4.2—

38.4) 

0.19 

(CI95: 

0.08—

0.45) 

Claude 

3.7 

Sonnet I 

100% 

(CI95: 

39.8—100) 

74.5% 

(CI95: 

60.4—85.7) 

23.5% 

(CI95: 

16.1—

33) 

100% 

(CI95: 

90.8—

100) 

3.9 

(CI95: 

2.5—

6.3) 0 (-) 

 II 

55.8% 

(CI95: 

39.9—70.9) 

75% (CI95: 

42.8—94.5) 
88.9% 

(CI95: 

32.1% 

(CI95: 

2.2 

(CI95: 

0.59 

(CI95: 
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74.4—

95.7) 

22.9—

43.1) 

0.81—

6.2) 

0.37—

0.94) 

 III 

50% (CI95: 

15.7—84.3) 

87.2% 

(CI95: 

74.3—95.2) 

40% 

(CI95: 

19.4—

64.9) 

91.1% 

(CI95: 

83.6—

95.4) 

3.92 

(CI95: 

1.4—

10.9) 

0.57 

(CI95: 

0.28—

1.2) 

 Overall 

58.2% 

(CI95: 

44.1—71.4) 

80% (CI95: 

71.3—87) 

59.3% 

(CI95: 

48.5—

69.2) 

79.3% 

(CI95: 

73.4—

84.1) 

2.9 

(CI95: 

1.9—

4.5) 

0.52 

(CI95: 

0.38—

0.72) 

  



 33 

5. Discussion 

The series of studies presented here demonstrate the potential of both advanced imaging 

modalities and LLMs to address persistent challenges in dermatologic diagnosis and 

management. Taken together, these findings highlight the complementary but distinct 

contributions of structural visualization technologies and multimodal AI. While imaging 

excels at objective assessment of tissue architecture and surgical planning, LLMs offer 

accessible diagnostic support that can scale across patient populations. However, both 

approaches face important limitations, particularly regarding generalizability, 

interpretability, and integration into real-world workflows. 

BCC remains the most common skin cancer worldwide, with incidence continuing to rise 

in aging and fair-skinned populations.(96) Despite its indolent growth,(28, 97) BCC poses 

substantial morbidity due to local invasion and tissue destruction, especially in 

cosmetically sensitive areas such as the face.(28, 97) Accurate preoperative assessment 

of tumor margins is therefore critical to balancing complete clearance with tissue 

conservation.(98-100) Our DG-HFUS study addressed this gap by combining surface 

mapping with depth-resolved imaging.(101) DG-HFUS demonstrated strong 

concordance with histopathology in detecting tumor extension, identifying not only depth 

but also lateral “skip areas” that are frequently underestimated by visual inspection. This 

ability to reveal subclinical spread has direct implications for reducing both recurrence 

rates and unnecessary tissue sacrifice, positioning DG-HFUS as a valuable adjunct to 

Mohs micrographic surgery or standard excision. 

Similarly, our work with line-field confocal optical coherence tomography (LC-OCT) 

reinforced the promise of non-invasive imaging for intraoperative decision-making.(102) 

By providing real-time en face and cross-sectional visualization of architectural disarray, 

basaloid nests, and peripheral palisading, LC-OCT could anticipate histologic findings 

and align closely with frozen-section analysis.(102) Such tools may shorten surgical 

duration, improve accuracy of first-stage clearance, and ultimately reduce the burden of 

repeated tissue excisions. 

The application of LLMs to melanoma, AK, and SCC evaluation illustrates the dual 

strengths and weaknesses of these systems. In the melanoma study, ChatGPT-4o achieved 

very high sensitivity across both clinical (90.6%) and dermoscopic (96.5%) images, 
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ensuring that malignant lesions were rarely overlooked.(46) This level of sensitivity 

surpasses many earlier CNNs and suggests that transformer-based vision encoders confer 

improved robustness by integrating global lesion architecture with local features. 

However, the trade-off was reduced specificity, particularly in dermoscopy (53.7%), 

resulting in high false-positive rates and potential over-biopsy. Conversely, Gemini 2.0 

Flash prioritized specificity (98.8% in dermoscopy), but this came at the cost of 

sensitivity, with nearly half of melanomas missed.(46) 

The AK versus SCC study provided further nuance. GPT-4o significantly outperformed 

Gemini overall, achieving 80.5% accuracy compared with 66.9% for Gemini. Yet both 

models demonstrated low negative predictive values, meaning a “benign” output could 

not reliably exclude SCC.(46) This limitation is clinically critical, as false negatives carry 

the greatest risk in oncology by delaying treatment for invasive disease. These results 

collectively show that while LLMs can achieve dermatologist-level performance in 

certain contexts, their diagnostic trade-offs mirror real-world clinical dilemmas: 

prioritizing sensitivity risks overdiagnosis, whereas prioritizing specificity risks missed 

malignancy. 

Importantly, both studies highlighted the underrepresentation of darker skin types in 

datasets, raising concerns about equitable performance. Broader, multi-ethnic datasets are 

urgently needed to ensure that LLM-driven tools do not exacerbate disparities in skin 

cancer outcomes. 

The results in acne, rosacea, and HS further emphasized the accessibility and promise of 

LLMs in common but often under-recognized inflammatory diseases. Acne and rosacea 

are ubiquitous, yet their clinical overlap can confuse patients and non-specialists. 

ChatGPT-4o demonstrated 93% overall accuracy, with nearly perfect sensitivity and 

specificity for primary diagnoses of both conditions. This suggests that LLMs may serve 

as highly reliable first-line tools for patients seeking clarity prior to specialist 

consultation. However, subtyping accuracy was substantially lower, with frequent 

misclassification between inflammatory and nodulocystic acne or between 

erythematotelangiectatic and papulopustular rosacea. Since treatment regimens often 

depend on subtype, this limitation tempers the immediate clinical utility of LLMs in 

guiding therapy.(47) 



 35 

The HS study revealed a similar pattern. GPT-4o achieved strong diagnostic accuracy 

(87.3%) and high reproducibility, consistently outperforming Gemini and Claude Sonnet 

3.7. Yet staging accuracy lagged, with common misclassification between Hurley stages 

II and III. Given that staging directly informs treatment escalation, from topical therapy 

to systemic biologics, these errors could meaningfully affect management.(48) 

Nevertheless, GPT-4o provided treatment recommendations consistent with clinical 

guidelines in nearly 90% of cases, underscoring its potential as an adjunctive decision-

support system. The reproducibility of GPT-4o across repeated prompts also highlights 

progress toward reliability, an essential prerequisite for clinical adoption. 

When considered together, imaging and LLMs demonstrate clear complementarity. 

Imaging modalities such as DG-HFUS, LC-OCT, and RCM provide objective, 

reproducible insights into skin structure and pathology at depth and resolution levels 

unattainable by gross inspection. These tools excel in margin delineation, early detection 

of subclinical spread, and longitudinal monitoring of carcinogenesis. By contrast, LLMs 

provide interpretive support that is scalable and accessible, requiring only a consumer 

device and a photograph. They democratize access to dermatologic expertise, particularly 

in regions where specialist care is limited, and empower patients to engage in their own 

health decisions. 

The synergy between these approaches is promising. Imaging can generate structured, 

high-quality datasets to train LLMs, while LLMs can assist in interpreting imaging 

outputs or triaging cases for further evaluation. Hybrid workflows may ultimately allow 

clinicians to combine depth-resolved imaging with AI-driven decision support, balancing 

precision with scalability. 

Despite encouraging results, several limitations merit discussion. Imaging studies remain 

resource-intensive, requiring expensive equipment, operator expertise, and significant 

time investment, which limit widespread implementation outside academic or tertiary 

centers. Meanwhile, the LLM studies faced constraints in dataset diversity, particularly 

with respect to skin phototypes, age ranges, and rare variants. The relatively small sample 

sizes in some cohorts (e.g., acne and rosacea, HS) limit generalizability. Furthermore, 

while histopathology was consistently used as the gold standard for malignant lesions, in 
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some studies (notably AK), diagnoses were supported by expert consensus and follow-

up rather than universal biopsy, introducing potential bias. 

Another limitation is the “black box” nature of LLMs. While outputs are expressed in 

natural language, the underlying decision processes remain opaque, complicating 

interpretability and trust. Susceptibility to prompt phrasing, variability in outputs, and the 

risk of hallucinations further underscore the need for careful clinical oversight. 

Future research should pursue several directions. First, larger multicenter trials across 

diverse populations are needed to validate both imaging modalities and LLMs in real-

world settings. Second, integration of imaging and AI should be explored, leveraging the 

strengths of each modality. For example, imaging outputs could be standardized into 

datasets that train LLMs specifically for dermatology, improving their performance and 

generalizability. Third, clinical pathways should be developed to define appropriate roles 

for these tools, whether as triage systems for primary care, intraoperative adjuncts for 

dermatologic surgeons, or educational aids for patients. 

Clinically, the implications are significant. DG-HFUS and LC-OCT may reduce 

recurrence rates and operative times in BCC, improving both outcomes and patient 

satisfaction. LLMs, though not yet safe for stand-alone use, may soon provide accessible 

triage, expanding dermatology’s reach into underserved areas and preparing physicians 

to encounter patients who have already consulted “Dr. LLM.” 
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6. Conclusions 

In summary, our series of studies underscores a dual trajectory of innovation in 

dermatology: precision-driven imaging and accessibility-driven AI. These two 

approaches address complementary aspects of the diagnostic landscape. Imaging 

technologies such as DG-HFUS, LC-OCT, and RCM provide unparalleled depth, 

objectivity, and reproducibility, enabling clinicians to visualize tumor margins, assess 

field cancerization, and characterize subtle morphologic alterations with high accuracy. 

These modalities not only improve surgical precision and reduce recurrence but also 

expand our biological understanding of cutaneous carcinogenesis. 

At the same time, LLMs represent a parallel frontier in accessibility and scalability. By 

delivering dermatologist-level diagnostic support across malignant, premalignant, and 

inflammatory conditions, LLMs democratize expertise, reaching patients and providers 

in settings where dermatologic care is scarce. Our findings highlight that models such as 

ChatGPT-4o can achieve high sensitivity and reproducibility, making them valuable tools 

for triage and patient education, while Gemini excels in specificity, offering reassurance 

in confirmatory contexts. However, both systems face important limitations in negative 

predictive value, subtyping, and staging, underscoring that they are not yet safe for 

independent diagnostic use. 

Taken together, these trajectories reveal that the future of dermatology will not be defined 

by a choice between imaging or AI, but rather by their integration. Imaging provides the 

structural precision required for oncologic safety and mechanistic insights, while AI 

extends interpretive support to the point of care, empowering both clinicians and patients. 

Their combination offers the possibility of hybrid workflows in which depth-resolved 

imaging feeds into AI-driven interpretive frameworks, yielding earlier detection, 

optimized treatment planning, and more equitable access to expertise. 

While challenges remain, including cost, dataset diversity, interpretability, and clinical 

integration, the progress demonstrated in these studies provides a compelling foundation. 

As imaging devices become more portable and LLMs more specialized and transparent, 

their convergence is likely to reshape the practice of dermatology. Ultimately, the goal is 

a diagnostic paradigm where dermatologists are supported by advanced tools that 
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enhance, rather than replace, clinical judgment, delivering care that is earlier, more 

accurate, and more accessible for patients worldwide. 
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7. Summary 

This body of work demonstrates how advanced imaging techniques and LLMs can 

address longstanding diagnostic and management challenges in dermatology. Through a 

series of complementary studies, we showed that DG-HFUS can reliably delineate BCC 

margins, reducing the risk of incomplete excision while conserving healthy tissue. 

Parallel investigations into LLMs revealed their capacity to achieve dermatologist-level 

performance in selected diagnostic tasks. ChatGPT-4o consistently demonstrated high 

sensitivity for melanoma, SCC, and HS, while Gemini 2.0 Flash offered high specificity. 

Across acne, rosacea, and other common inflammatory dermatoses, LLMs delivered 

accurate primary diagnoses but were less reliable for subtyping or staging. Importantly, 

negative predictive values remained suboptimal, underscoring that current models cannot 

safely rule out malignancy when used in isolation. 

Taken together, these studies highlight two converging trajectories of innovation: 

imaging modalities that enhance objectivity and precision in cancer surgery and field 

detection, and AI systems that broaden access to diagnostic support in both oncology and 

inflammatory disease. While neither approach is yet sufficient to replace dermatologists, 

their integration offers a path toward earlier detection, optimized treatment planning, and 

expanded access to expert-level care. Future research should focus on multicenter 

validation, dataset diversification, and hybrid workflows that combine imaging-based 

precision with AI-driven accessibility. 

In conclusion, the findings from this research emphasize that the future of dermatology 

will be shaped by synergistic advances in imaging and AI, with the ultimate goal of 

delivering more accurate, efficient, and equitable care for patients worldwide.  
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