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Abstract 13 

Skin diseases represent a major global health burden, while access to dermatological expertise remains 14 

limited in many rural and resource-constrained settings. These disparities have increased interest in scalable 15 

digital tools for dermatological assessment and patient education. However, trustworthy clinical AI requires 16 

reproducible evaluation, standardized benchmarking, transparent reporting of failure patterns, and 17 

assessment of model robustness across different representations and classification strategies. This study 18 

presents a systematic transfer-learning framework for six-class facial skin disease classification, comparing 19 

seven pretrained visual representations comprising ResNet50, MobileNetV3-Large, ViT-B/16, Swin-T, 20 

DINOv2, DermLIP and Derm Foundation, under a common downstream classification framework. 21 

XGBoost was used as the primary downstream classifier, while an RBF-kernel support vector machine 22 

(SVM) was additionally evaluated as an ablation analysis to investigate the dependence of classification 23 

performance on downstream classifier selection. Performance was assessed using accuracy, macro-F1, 24 

macro-AUROC, per-class recall, confusion matrices, and bootstrap-derived 95% confidence intervals, with 25 

paired McNemar testing and Holm correction used to compare classifier. Derm Foundation achieved the 26 

highest performance among the evaluated feature representations when combined with XGBoost, obtaining 27 

88.17% accuracy, 88.05% macro-F1, and 98.58% macro-AUROC on the testing set. At the class level, 28 



recall was 94.5% for acne, 87.0% for atopic dermatitis, 100.0% for normal skin, 90.5% for psoriasis, 84.0% 29 

for rosacea, and 73.0% for seborrheic dermatitis. Classifier comparisons showed that the relative 30 

performance of XGBoost and RBF-SVM depended on the underlying feature representation. The principal 31 

residual classification difficulty involved seborrheic dermatitis, particularly its reciprocal confusion with 32 

rosacea. To demonstrate technical feasibility, the classification framework was integrated into a prototype 33 

Django-based web application architecture featuring an exploratory LLM module for automated patient-34 

education content translation. Preliminary, descriptive specialist feedback was gathered to identify future 35 

engineering optimization constraints, such as inference latency and communication mechanics. These 36 

findings are limited to the evaluated testing dataset and do not establish external generalizability or clinical 37 

efficacy. 38 

Keywords: Facial skin disease, Transfer learning, Vision transformer, Foundational models, Convolutional 39 

neural network, Large language model,  40 



1. Introduction 41 

Skin diseases are among the most common health conditions worldwide, affecting more than 4.7 billion 42 

people. They account for nearly 2% of global morbidity and rank as the fourth leading cause of disability 43 

[1,2]. In addition to their physical manifestations, visible dermatoses impose a considerable psychological 44 

burden, with affected individuals experiencing increased rates of depression, anxiety, social withdrawal, 45 

and diminished quality of life compared with the general population [3,4]. 46 

Facial dermatoses such as acne, atopic dermatitis, psoriasis, rosacea, and seborrheic dermatitis are common 47 

non-communicable conditions that may exhibit substantial visual overlap [5]. Differences in skin lesion 48 

morphology, and spatial distribution can be incredibly subtle, while the appearance of the same condition 49 

can vary according to individual characteristics, skin type, disease stage, and image-acquisition conditions. 50 

Consequently, automated image-based classification of facial dermatoses represents a challenging 51 

computer-vision problem in which clinically relevant distinctions may depend on relatively subtle visual 52 

characteristics. 53 

Anatomical localization is an important consideration in the development and evaluation of image-based 54 

dermatological models. The appearance of a skin disorder can vary across anatomical sites due to regional 55 

differences in skin characteristics, surrounding tissue, and hair distribution. Consequently, machine 56 

learning models trained on heterogeneous body locations risk learning confounding, location-associated 57 

visual traits rather than true disease features. Indeed, recent evaluations of dermatology foundation models 58 

reveal site-dependent disparities in reliability, particularly underperforming on underrepresented facial and 59 

ear sites [6]. Restricting image acquisition to a consistent anatomical region reduces this confounding 60 

variability, aligning the training distribution with the clinical application to ensure the model learns 61 

representations strictly relevant to the diagnostic task. 62 

Previous studies investigating automated classification and detection of facial skin conditions using clinical 63 

images have faced persistent barriers to clinical translation. Systemic bottlenecks include limited dataset 64 

sizes, diagnostic imbalances, limited demographic and skin-type diversity, and insufficient external 65 

validation [7,8-10]. Furthermore, high heterogeneity among published studies regarding model 66 

architectures, image-acquisition protocols, diagnostic definitions, and evaluation metrics makes direct 67 

performance comparisons difficult [11]. 68 

The suitability of a dataset depends greatly on the compatibility of its diagnostic categories, anatomical 69 

localization, image characteristics, and class distribution with the intended clinical task. As summarized in 70 

Table 1, widely used dermatological image datasets often fail to provide a suitable representation of the six 71 

facial categories considered in this study. For example, Fitzpatrick17k contains clinical images spanning 72 



numerous conditions, but its diagnostic taxonomy includes broad dermatitis and eczematous categories that 73 

do not directly correspond to specific atopic dermatitis category [12]. Similarly, HAM10000 and collections 74 

within the ISIC Archive primarily feature dermoscopic images of neoplastic lesions [13]. Other large-scale 75 

resources may provide broader diagnostic coverage but differ in anatomical distribution, acquisition setting, 76 

accessibility, or diagnostic definitions.  77 

As Table 1 demonstrates, dataset size alone does not guarantee suitability for a specific facial skin-disease 78 

classification task. Controlled evaluation using a highly consistent target dataset provides an important 79 

opportunity to isolate performance variations. By benchmarking architectures within a uniform 80 

experimental pipeline, we can distinguish differences directly attributable to the learned visual 81 

representations from those artifacts introduced by downstream experimental variability [12,24]. 82 

Deep learning models excel at learning hierarchical visual representations directly from images, minimizing 83 

the need for manual feature engineering. However, training these networks from random initialization 84 

requires substantial labeled data and computational resources. Transfer learning mitigates these constraints 85 

by reusing representations learned from large-scale source datasets or related tasks and has therefore 86 

become widely used in medical-image classification [25,26]. Pretrained representations provides robust 87 

visual features while lowering the computational and data requirements associated with training large 88 

models entirely from scratch. 89 

Transfer learning is typically implemented via feature extraction, fine-tuning, or hybrid methods. Feature 90 

extraction freezes the pretrained encoder and uses it to transform input images into static representations 91 

for a downstream classifier (Figure 1). In fine-tuning, some or all pretrained parameters are updated using 92 

target-domain data. Hybrid approaches combine pretrained feature extractors with external machine-93 

learning models. These strategies differ in their computational requirements and in the degree to which the 94 

pretrained representation can adapt to the target domain Notably, frozen encoders coupled with lightweight 95 

downstream classifiers have demonstrated competitive performance in medical image classification while 96 

dramatically reducing computational costs [27]. For datasets in which annotated clinical images are limited 97 

relative to the complexity of modern deep-learning architectures, frozen feature extraction provides an 98 

attractive framework because it allows pretrained visual representations to be evaluated without updating 99 

millions of model parameters. 100 

An important but comparatively under-examined consideration is the interaction between the pretrained 101 

representation and the downstream classifier. A feature representation that performs well with one classifier 102 

may not produce equivalent performance with another because different classifiers impose different 103 

decision boundaries and assumptions on the underlying feature space. While recent studies have evaluated 104 



dermatology foundation models using various downstream architectures, such as multilayer perceptrons, 105 

XGBoost, or lightweight adaptation layers, comparisons across such studies remain limited [28,29]. 106 

Confounding variations in datasets, preprocessing, training strategies, and validation procedures obscure 107 

whether performance gains stem from the representation itself or the downstream setup. Thus, an important 108 

methodological gap remains in the controlled comparison of pretrained visual representations for multiclass 109 

facial dermatoses classification under a common feature-extraction and downstream-classification 110 

framework. 111 

A standardized frozen-feature framework resolves this problem by holding key experimental factors 112 

constant while varying the pretrained representation. Under such a framework, the same facial image 113 

cohort, preprocessing procedure, training and validation partitions, evaluation metrics, and downstream 114 

classification strategies can be applied across multiple pretrained representations. This enables a more direct 115 

assessment of the extent to which differences in performance are associated with the characteristics of the 116 

learned representation. Furthermore, evaluating multiple downstream classifiers on the same extracted 117 

features allows researchers to quantify the performance dependency on classifier selection alone. 118 

To address these gaps, the present study systematically evaluates seven pretrained visual representations 119 

for the automated classification of six facial skin-image categories: acne, atopic dermatitis, normal skin, 120 

psoriasis, rosacea, and seborrheic dermatitis. The evaluated architectures encompass conventional 121 

convolutional neural networks (CNNs), vision transformers (ViTs), self-supervised models, and 122 

dermatology-specific representations, including a dermatology foundation model. All pretrained feature 123 

extractors are evaluated within a common frozen-feature transfer-learning framework. XGBoost serves as 124 

the primary downstream classifier, while a radial basis function (RBF) kernel support vector machine 125 

(SVM) is evaluated as an ablation analysis to determine whether classification performance depends on the 126 

choice of downstream classifier. 127 

Specifically, the study aims to:  128 

• Compare pretrained image representations from convolutional neural network (CNN), transformer, 129 

self-supervised, and dermatology-specific models for six-class facial skin-image classification. 130 

• Evaluate the effect of downstream classifier selection by comparing XGBoost with an RBF-kernel 131 

SVM using the same extracted feature representations. 132 

• Assess classification performance comprehensively using accuracy, balanced accuracy, macro-F1, 133 

macro-AUROC, per-class recall, confusion matrices, and bootstrap-derived 95% confidence 134 

intervals. 135 



• Quantify classifier-dependent differences using paired statistical comparisons of image-level 136 

predictions obtained from the same testing images. 137 

 138 



2. Related Works 139 

2.1 Transfer Learning in Medical Imaging 140 

Transfer learning is highly relevant to medical image analysis because the development of large, expert-141 

annotated clinical datasets is frequently constrained by the high image-acquisition costs, expert annotation 142 

labor, and strict quality control. Consequently, pretrained neural networks have been widely adopted across 143 

medical imaging tasks, including classification, detection, segmentation, and severity assessment, with the 144 

potential to reduce the amount of target-domain data and computational resources requirements relative to 145 

training from scratch [27,30,31]. In medical image analysis, transfer learning can be implemented through 146 

several configurations. Kim et al., categorized these approaches into feature extraction, feature-extractor 147 

hybrid configurations, fine-tuning, and fine-tuning from scratch [32]. Among studies using a single 148 

approach, feature extraction was the most frequently reported configuration (n = 38), followed by fine-149 

tuning from scratch (n = 27), whereas pretrained fine-tuning alone was less common (n = 3) [32]. These 150 

findings highlight substantial methodological variation in how pretrained representations are adapted to 151 

medical imaging tasks. While feature extraction reduces computational demand and preserves predictive 152 

performance, fine-tuning offers deeper adaptation but demands extensive optimization. Because prior 153 

literature often relies on specialized, fine-tuned, or task-specific architecture rather than a shared, 154 

frozen-feature protocol, the existing evidence is insufficient to isolate downstream classifier 155 

effects or establish absolute performance rankings under identical conditions [32]. 156 

Regarding the transferability of deep visual representations, early layers of convolutional networks 157 

typically learn general visual patterns (e.g., edges and textures), whereas later layers increasingly encode 158 

representations specific to the source dataset and task. Yosinski et al. systematically investigated this 159 

general-to-specific transition and demonstrated that feature transferability decreases as the source and target 160 

tasks become increasingly dissimilar34. This general-to-specific property provides an important conceptual 161 

foundation for feature-based transfer learning. General visual information learned during pretraining may 162 

remain useful when applied to a new domain, whereas highly specialized representations may be less 163 

transferable when the source and target tasks differ substantially. Thus, the usefulness of a pretrained model 164 

cannot necessarily be inferred solely from its performance on its original pretraining task. Instead, 165 

transferability must be evaluated in relation to the target domain and task. 166 



 167 

Fig. 1. Transfer Learning: General Strategy and Study-Specific Implementation (a) General 168 

transfer learning taxonomy (b) Frozen-feature extraction approach used in this study 169 

2.2 Transfer Learning for Dermatological Image Classification 170 

In dermatological image analysis, transfer learning has been widely adopted using pretrained CNNs 171 

including VGG, ResNet, DenseNet, EfficientNet, and MobileNet variants [35]. These approaches allow 172 

researchers to apply deep visual representations to skin-disease classification without requiring the 173 

development of large-scale networks from random initialization. Comparisons across VGG16, Inception-174 

v3, ResNet, MobileNet, NasNet, and EfficientNet reported that EfficientNet variant achieved higher 175 

accuracies of 94.0%, 92.0%, and 93.8% for selected lesion classes [36]. MobileNet has been shown to 176 

outperform baseline CNNs on DermNet images across accuracy, precision, recall, and F1-score [37]. 177 

However, conventional ImageNet pretraining uses general, natural images and may inadvertently capture 178 

non-clinical features. For instance, a variational autoencoder (VAE) trained directly on dermatological data 179 

demonstrated a near-zero overfitting gap versus an increasing gap for ImageNet transfer learning38. 180 

Although the resulting representations contain useful low-level and mid-level visual information, their 181 

ability to capture disease-specific characteristics may be limited by the difference between the source 182 

domain and the target dermatological domain [38]. Puls et al. evaluated 16 pretrained models across four 183 

datasets, finding that CLIP-ViT-B and ViT-H-14 performed best overall, while CLIP-ResNet50 exhibited 184 



the lowest variability [39]. Conversely, Kornblith et al. reported weak transfer to fine-grained datasets, 185 

concluding that transferability is highly sensitive to pretraining choices [40]. 186 

Recent dermatological image-analysis research has increasingly investigated alternative pretrained 187 

representations and domain-specific transfer learning strategies, including transformer architectures, self-188 

supervised representations, and dermatology foundation models [12, 41,33]. 189 

2.3 Transformer and Self-Supervised Representations 190 

Transformers represent an image as a sequence of visual tokens and use self-attention mechanisms to model 191 

relationships between them. Pure transformer can operate directly on image patches without convolutional 192 

layers; when pretrained on sufficiently large datasets, these models transfer effectively to smaller 193 

downstream benchmarks [42]. 194 

The Vision Transformer (ViT): divides an image into fixed-size patches and processes them as a token 195 

sequence using global self-attention. Its main advantage is the ability to integrate information across the 196 

whole lesion, without relying on progressively stacked convolutional receptive fields. ViT can transfer 197 

effectively after large-scale pre-training, but its weaker local inductive bias may limit performance on small, 198 

imbalanced dermatology datasets42. In a controlled HAM10000 comparison, ViT-B/16 achieved an 199 

intermediate macro-F1 of 0.7631 [43]. 200 

The Swin Transformer addresses these limitations by utilizing hierarchical representations and shifted 201 

local-attention windows. Local windows reduce computational cost, while shifting the windows allows 202 

information to flow across neighbouring regions [44]. This combination is well suited to skin lesions, where 203 

fine texture and global structure must be analysed together. In the same HAM10000 benchmark, Swin-T 204 

performed best, achieving a macro-F1 of 0.8582 and outperforming ViT-B/16 by 9.5 percentage points 
205 

[45]. 206 

DINOv2: provides a general-purpose self-supervised ViT representation. In the HAM10000 benchmark, it 207 

achieved competitive macro-AUC but a lower macro-F1 than Swin-T under a fixed, 25-epoch adaptation 208 

budget., underperforming with a fixed 25-epoch adaptation budget. This underperformance has been 209 

attributed to limited adaptation constraints and mismatches between pretraining and downstream fine-210 

tuning resolutions [45]. Hence, self-supervised methods like DINOv2 warrant rigorous evaluation with 211 

longer fine-tuning, resolution matching, calibration, and domain-specific pre-training rather than a minimal 212 

linear head alone. 213 

2.4 Dermatology-Specific Foundation Models 214 



Derm Foundation is an image-only dermatology foundation model engineered to accelerate clinical AI 215 

development by generating 6,144-dimensional embeddings from skin images. Validation reports indicate 216 

that simple downstream classifiers trained on these embeddings improve diagnostic accuracy by 10–15% 217 

over standard computer-vision baselines when data is limited [45]. The model is designed explicitly to 218 

support downstream classification tasks but does not diagnose independently.  219 

DermLIP is a contrastive vision-language model utilizing a CLIP-style architecture, combining a ViT-220 

B/16 vision encoder with a GPT-2 text encoder. This multimodal model was trained on 403,563 221 

dermoscopic and clinical image–text pairs from the Derm1M dataset [46]. Its framework is optimized for 222 

zero-shot and few-shot classification, image–text retrieval, and automated concept annotation rather than 223 

isolated, single-modality diagnostic tasks. 224 

2.6 Research Gap and Motivation  225 

While the existing literature establishes the clear value of transfer learning for dermatological image 226 

analysis, several distinct methodological gaps remain: 227 

• Heterogeneous Paradigms: Pretrained representations are developed using increasingly diverse 228 

architectures and training paradigms—ranging from conventional CNNs to transformers, self-229 

supervised networks, and domain-specific foundation models. 230 

• Variable Adaptation: Prior transfer-learning studies vary wildly in the extent to which pretrained 231 

parameters are fine-tuned or adapted to target datasets. 232 

• Non-Standardized Downstream Architectures: Evaluation pipelines and downstream classifiers are 233 

rarely standardized, making direct comparisons between underlying visual representations 234 

mathematically confounding. 235 

 236 

Accordingly, this study systematically benchmarks seven pretrained visual representations spanning four 237 

distinct paradigms: 238 

• Conventional CNNs: ResNet50 and MobileNetV3-Large 239 

• Vision Transformers: ViT-B/16 and Swin-T 240 

• Self-Supervised Learning: DINOv2 241 

• Dermatology-specific Models: DermLIP and Derm Foundation 242 

 243 

The resulting embeddings are evaluated using a unified classification framework driven by XGBoost as the 244 

primary classifier, alongside RBF-SVM for comprehensive ablation analysis. This allows us to answer two 245 

complementary questions: (1) how effectively do different frozen representations transfer to multiclass 246 



facial dermatoses classification, and (2) how significantly does downstream classifier selection influence 247 

their relative performance?  248 

 249 



3. Methodology 250 

3.1 Study design 251 

The proposed framework, illustrated in Figure 2, consists of three primary computational stages: (1) Frozen 252 

feature extraction from facial skin images diverse pretrained architectures (ResNet50, MobileNetV3-Large, 253 

ViT-B/16, Swin-T, DINOv2, DermLIP, and Derm Foundation) (2) Evaluation of the extracted feature 254 

embeddings using XGBoost classifier and a RBF-SVM for multiclass diagnostic mapping; and (3) and the 255 

integration of the LLM module within a web-based application to translate point predictions into accessible, 256 

patient-centered educational guidance. By holding the feature extractors fixed, this unified framework 257 

provides a controlled experimental framework for comparing the evaluated representations. It eliminates 258 

downstream experimental artifacts and variations that typically arise from model-specific fine-tuning 259 

protocols, reducing variation attributable to differences in downstream training procedures. 260 

3.2 Dataset description and preparation 261 

The present study involves a secondary analysis of a publicly available, de-identified clinical dataset. The 262 

data were obtained from the AI-Hub Skin Disease Diagnostic Medical Images dataset, a large-scale clinical 263 

repository compiled across 10 academic university hospitals in South Korea under the auspices of the 264 

National Information Society Agency (NIA) [23]. All source data were strictly anonymized and de-265 

identified by the generating institutions prior to public deployment to safeguard patient confidentiality. All 266 

personal identifying information, including direct patient identifiers, was entirely removed before public 267 

release, ensuring that individual identities cannot be traced back to specific participants. Because this 268 

investigation utilizes strictly de-identified, publicly accessible retrospective data, that does not involve 269 

direct patient recruitment, and features no direct contact with human subjects, this study was deemed 270 

exempt from formal Institutional Review Board (IRB) review under standard institutional guidelines for 271 

secondary data use. 272 

The integrated dataset contains images from multiple diagnostic categories, including 19,984 images of 273 

normal skin, 10,616 of atopic dermatitis, 10,854 of psoriasis, 10,207 of acne, 4,357 of seborrheic dermatitis, 274 

and 5,502 of rosacea. For each of the six target disease classes, 800 frontal-view images and 800 side-view 275 

images were used for training, giving 1,600 images per class. While, 100 frontal-view images and 100 side-276 

view images were reserved for the testing set. Thus, the training set comprised 9,600 images (1,600 images 277 



 

Fig. 2. The overall workflow of the proposed framework for multi-class facial skin disease classification and patient education 



Table 1. Characteristics of publicly available clinical dermatology image datasets relevant to facial skin-disease classification. 

Dataset 
Approx. 

size 

Total 

disease 

categories 

Acne 
Atopic 

dermatitis 
Normal Psoriasis Rosacea 

Seborrheic 

dermatitis 
Availability Ref. 

Fitzpatrick17k 16,577 114 Yes Noa No Yes Yes Yes Public [14] 

SCIN 10,000+ 419 Limited Limited No Yes Yes Yes Public [15] 

SkinDisNet 1,710 6 No Yes Yes No No Yes Public [16] 

Xiangya-Derm >150,000 571 No 
Yes 

(Eczema) 
No Yes No No Restricted [17] 

DDI 656 78 Limited Yes No Yes Limited Limited 
Stanford's research-

use terms 
[18] 

DermNet >23,000 23 Yes Yes No Yes Yes Yes 
Viewable;  

terms applyb 
[12] 

HAM10000 10,015 7 No No No No No No Public [19] 

ISIC 
25,000–

33,000+ 
Variablec Limited No No No No No Public [20] 

PAD-UFES-20 2,298 6 No No No No No No Public [21] 

Derm7pt >2,000 20 Limited Limited No Limited Limited Limited Public [22] 

AI hub 

106,776 

clinical 

images 

32 diseases + 

normal skin 
Yes Yes Yes Yes Yes Yes Platform access [23] 

aDiagnostic terminology in Fitzpatrick17k includes broad dermatitis/eczema categories that do not necessarily correspond directly to the specific 

atopic dermatitis category used in the present study. bPublicly viewable; license dependent for research use.. 

bISIC is an archive containing multiple datasets/challenge collections, not one fixed disease dataset. For the commonly compared 2016–2020 

collections, some reviews summarize 9 diagnostic categories and should not be presented as the total number of diseases in the entire ISIC Archive. 



3.3 Transfer learning-based feature extraction 

This study employed a frozen-feature transfer learning framework to evaluate the quality of pretrained 

visual representations for six-class facial skin-disease classification. Rather than fine-tuning the pretrained 

networks on the target dataset, each pretrained model was used as a fixed feature extractor. This approach 

enabled heterogeneous visual representations to be compared under a common downstream classification 

framework while minimizing variation attributable to model-specific parameter optimization. 

For all models, the pretrained parameters were frozen during feature extraction, and no target-domain 

gradient updates were performed. 

Given an input facial skin image 𝑰, each pretrained model࢓ࢌ generated a feature representation: 

࢓ࡱ                                    =  (1)                                                                                                     (𝑰)࢓ࢌ

Where 𝑰 denotes the input image, ࢓ࢌ denotes the feature-extraction function associated with pretrained 

model ࢓, and ࢓ࡱ denotes the resulting image embedding. The extracted embeddings represent the visual 

information encoded by the corresponding pretrained model and were subsequently used as inputs to the 

downstream classification stage. 

The dimensionality of the extracted representation depended on the architecture (Table 2). ResNet50 

generated a 2,048-dimensional representation, MobileNetV3 a 960-dimensional representation, ViT-B/16 

a 768-dimensional representation, Swin-T a 768-dimensional representation, DINOv2 a 768-dimensional 

representation, DermLIP a 512-dimensional representation, and Derm Foundation a 6,144-dimensional 

representation. The structural properties, learning paradigms, baseline classification hyperparameters, and 

total training runtimes for each of these evaluated architectures are systematically detailed in Table 2. 

For Derm Foundation, images were encoded as PNG images and provided to the model's inference signature 

according to the released implementation. For DermLIP, the model-specific preprocessing pipeline was 

applied and the resulting image embeddings were L2-normalized prior to downstream classification. 

Equivalent model-specific preprocessing was applied to the other pretrained representations according to 

their respective implementations. 

3.4 Downstream Classification 

The extracted feature embeddings were used as inputs to XGBoost as the primary downstream classifier. 

XGBoost was selected as the main classifier for evaluating the discriminative utility of the pretrained 

feature representations. The same XGBoost configuration was applied independently to the embeddings  



Table 2. Structural properties, hyperparameters, and computational overhead of the evaluated feature 

extractors with XGBoost as the primary classifier. 

Model Architecture 
Learning 

paradigm 

Embedding 

dimension 

Classifier 

hyperparameter 

Total 

training 

time 

ResNet50 CNN supervised 2048 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

0.31 h 

MobileNetV

3-Large 
CNN supervised 960 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

0.11 h 

ViT-B/16 Transformer 
supervised 

pretraining 
768 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

7.88 h 

Swin-T 
Hierarchical 

Transformer 

supervised 

pretraining 
768 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

0.22 h 

DINOv2 
Vision 

Transformer 

self-

supervised 
768 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

0.38 h 

DermLIP 

Vision-

language 

model 

dermatology-

specific 
512 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

0.34 h 

Derm 

Foundation 

Foundation 

model 

dermatology-

specific 
6144 

300 estimators; max depth 

= 6; learning rate = 0.05; 

objective = multi:softprob; 

mlogloss; seed = 42 

9.11 h 

 

generated by each pretrained model to maintain a consistent downstream classification procedure across 

feature extractors (Table 2).  

The overall classification process can be represented as: 

                                     𝑰 → ࢓ࢌ → ࢓ࡱ → ࢉࢍ →  (2)                                                                          ࢉ,࢓̂࢟

Where ࢉࢍ represents downstream classifier ࢉ, and ࢟̂ࢉ,࢓ denotes the predicted class produced by the 

combination of pretrained representation ࢓ and downstream classifier ࢉ. 

Primary XGBoost classification: For the primary classification experiments, XGBoost was configured 

for six-class classification using the multi:softprob objective. The model was trained with 300 boosting 

estimators, a maximum tree depth of 6, and a learning rate of 0.05. The multiclass logarithmic loss 



(mlogloss) was used as the evaluation metric. The random seed was set to 42, and parallel computation was 

enabled using n_jobs = -1. The classifier generated class-probability estimates for each of the six diagnostic 

categories, which were subsequently used for multiclass AUROC calculation.  

RBF-SVM ablation analysis: As an ablation analysis, an RBF-kernel support vector machine (SVM) was 

additionally applied to the same extracted feature representations. The purpose of this analysis was to 

determine whether the observed classification performance was dependent on the choice of downstream 

classifier and to assess the robustness of the pretrained representations under an alternative classification 

strategy.  

Before SVM classification, the extracted feature embeddings were standardized using StandardScaler, with 

the scaling parameters estimated from the training features. The standardized features were then classified 

using an RBF-kernel SVM with ܥ = 10 and gamma="scale". Class weighting was set to balanced. 

Probability estimation was enabled (probability=True). To obtain class-probability estimates for multiclass 

AUROC calculation. The decision function was configured using a one-versus-rest strategy.  

The pretrained feature-extraction models were kept frozen throughout both the primary XGBoost 

experiments and the SVM ablation analysis. Thus, differences between XGBoost and SVM performance 

reflected the interaction between the fixed pretrained representation and the downstream classifier rather 

than differences in target-domain fine-tuning. 

3.5 Model Evaluation 

The performance of each pretrained representation–classifier combination was evaluated on the held-out 

testing set. Accuracy, balanced accuracy, macro-F1, and macro-AUROC were calculated, together with 

per-class recall, confusion matrices, and receiver operating characteristic curves. The testing set contained 

1,200 images, with 200 images from each of the six diagnostic categories. 

Accuracy measures how close the observed measurement is to the true value and was calculated as the 

proportion of correctly classified images among all testing images: 

   = ccuracy࡭   
்௉+்ே௉+ே                                                                             (3) 

Per-class recall was calculated for each diagnostic category to identify differences in sensitivity across 

acne, atopic dermatitis, normal skin, psoriasis, rosacea, and seborrheic dermatitis. 

 Per-class recall =  
்௉்௉+ிே                                                                       (4) 



 

Balanced accuracy was calculated as the arithmetic mean of the recall obtained for each of the six classes. 

Because the internal testing set contained an equal number of images from each class, balanced accuracy 

and overall accuracy were expected to be similar and, under the observed class-balanced evaluation, were 

identical. 

Balanced accuracy =  
்௉ோ + ்ேோ2                                                   (5) 

Macro-F1 was calculated as the unweighted mean of the F1 scores across the six classes, giving equal 

importance to each diagnostic category regardless of class frequency. 

Macro F1 =  
1ே ∑ 1௜ே௜=1ܨ                                                             (6) 

Macro-AUROC was calculated using a one-versus-rest approach across the six classes and macro-

averaged across class-specific AUROC values. 

Macro-AUROC =  
1ே ∑ ௜ே௜=1ܥܱܴܷܣ                                                            (7) 

Absolute Confusion matrices were generated to characterize the distribution of correct and incorrect 

predictions among the six classes. While, multiclass receiver operating characteristic (ROC) curves were 

also generated using a one-versus-rest strategy to visualize the discriminative performance of the evaluated 

models across the six diagnostic categories. 

3.6 Confidence Interval Estimation 

To quantify the uncertainty associated with the observed test performance, nonparametric bootstrap 

resampling was used to estimate 95% confidence intervals for the primary performance metrics. For each 

model–classifier combination, 2,000 bootstrap samples were generated by resampling the validation 

observations with replacement. For each bootstrap sample, accuracy, balanced accuracy, macro-F1, and 

macro-AUROC were recalculated using the corresponding predictions and class-probability estimates. 

The 95% confidence intervals were calculated using the percentile method, with the lower and upper bounds 

corresponding to the 2.5th and 97.5th percentiles, respectively, of the bootstrap distribution. For bootstrap 

samples in which the metric could not be validly calculated, particularly for multiclass AUROC when one 

or more classes were absent from a resampled dataset, the corresponding iteration was excluded from the 

confidence-interval calculation. A minimum number of valid bootstrap iterations was required before 



reporting a confidence interval. This approach provided uncertainty estimates for model performance 

without assuming a specific parametric distribution for the evaluation metrics. 

3.7 Statistical Comparison 

To compare the performance of the SVM and XGBoost classifiers across the different feature extractors, a 

two-sided McNemar’s exact test was conducted on the 1,200 test images. The exact ݌-value is calculated 

based on the discordant pairs using the cumulative binomial distribution under the null hypothesis ((݌ =0.5) 

௘ܲ௫௔௖௧= 2. ∑ (௕+௖௞ )(12)௕+௖min(௕,௖)௞=0                                                        (8) 

Where, ܾ represents the count of images correctly classified by XGBoost but incorrectly by SVM, and ܿ 

represents the count of images correctly classified by SVM but incorrectly by XGBoost. 

To control the family-wise error rate across the ݉ = 7 feature extractor comparisons,  values, were-݌

adjusted using the Holm-Bonetti stepwise procedure. The unadjusted ݌-values were ranked in ascending 

order (1݌ … ≥ 2݌ ≥ ≤  :values was calculated sequentially using the formula-݌ ௠) and each adjusted݌

௜ܲ,௔ௗ௝௨௦௧௘ௗ = min  ( 1, ݉)] ௝≤௜ݔܽ݉ − ݆ + 1) .  ௝])                               (9)݌

Statistical significance was evaluated at the (ߙ = 0.05) level. 

3.8 Web Application Implementation and LLM-Assisted Patient Education 

To demonstrate the technical feasibility of integrating the classification framework into a user-facing 

application, a web-based application was developed using the Django framework. The application, hosted 

locally during development and testing, provides an intuitive interface that enables users to upload facial 

skin images for automated disease classification and receive educational information about the predicted 

condition. The application was used to demonstrate the integration of image preprocessing, feature 

extraction, XGBoost classification, and patient-oriented educational content generation. This 

implementation was not intended to establish clinical efficacy or diagnostic validity.  

Following image submission, the uploaded image was received and validated by the Django server and 

subsequently preprocessed using the same image preprocessing procedures employed during model 

development. The processed image was then passed to the best performing frozen feature extractor to 

generate a high-dimensional dermatological image representation. The resulting feature embedding was 



subsequently provided to the trained XGBoost classifier, which generated a prediction for one of the six 

target categories. 

The predicted disease label and its associated confidence score are then forwarded to an LLM to generate 

patient-friendly educational information tailored to the predicted skin condition. The generated educational 

content is returned to the Django server together with the classification result. The results interface therefore 

displayed the predicted disease category, the associated confidence score, and the LLM-generated 

educational information within a unified web-based interface. 

 



4. Results 

4.1 Training Convergence of the Pretrained Models 

Training and testing loss dynamics were examined over 300 boosting rounds to assess optimization 

behavior and convergence across the evaluated models (Figure 3). All models demonstrated a marked 

reduction in training loss during the early stages of training, followed by progressively slower improvement 

as training proceeded. By the later epochs, the training-loss curves had approached relatively low and stable 

values, indicating convergence of the optimization process. 

Testing loss showed a similar initial decline across models, although the final levels differed substantially 

between representations. The Derm Foundation embeddings achieved the lowest loss throughout the later 

stages of training, followed sequentially by DermLIP and DINOv2, whereas the general-purpose 

representations exhibited higher test-loss plateaus. Crucially, testing loss trajectories remained stable during 

the later stages of training with no late-epoch increases, indicating the absence of severe overfitting. 

 

Fig. 3. Training and testing loss trajectories across 300 boosting rounds for the seven evaluated 

feature representations. 

4.2 Overall Performance of Pretrained Feature Representations 

Substantial differences in classification performance were observed among the seven pretrained feature 

representations when evaluated using XGBoost as the primary downstream classifier (Table 3). Derm 

Foundation achieved the highest overall performance, with an accuracy of 88.17%, macro-F1 of 88.05%, 

and macro-AUROC of 98.58%. DermLIP achieved the second-highest accuracy at 83.75%, followed by 

DINOv2 at 82.58%. Conversely, the ImageNet-pretrained CNN and transformer representations showed 

lower accuracy, ranging from 75.67% (Swin-T) to 78.75% (MobileNetV3-Large). 



The relatively narrow 95% confidence intervals derived from bootstrapping demonstrate that these 

performance variations are statistically stable. The pronounced superiority of Derm Foundation and 

DermLIP confirms that domain-specific pretraining generates highly discriminative features for facial skin-

disease classification compared to general-purpose ImageNet weights. Furthermore, the minimal 

discrepancy between accuracy and macro-F1 scores across the top performers implies that these models 

provide uniform classification power across all six categories, rather than having their metrics inflated by 

a few majority classes 

Table 3. Multiclass classification performance of frozen feature representations optimized via the primary 

XGBoost downstream classifier. 

Feature extractor Accuracy (95% CI) Macro-F1 (95% CI) 
Macro-AUROC  

(95% CI) 

ResNet50 78.58% (76.33–80.83) 78.46% (76.13–80.76) 97.07% (96.56–97.58) 

MobileNetV3-Large 78.75% (76.50–81.08) 78.62% (76.37–80.81) 96.77% (96.21–97.33) 

ViT-B/16 77.83% (75.42–80.17) 77.63% (75.36–79.88) 96.80% (96.24–97.35) 

Swin-T 75.67% (73.17–78.00) 75.54% (73.13–77.69) 96.32% (95.67–96.92) 

DINOv2 82.58% (80.33–84.67) 82.68% (80.53–84.72) 97.82% (97.37–98.23) 

DermLIP 83.75% (81.67–85.83) 83.69% (81.63–85.71) 98.13% (97.75–98.49) 

Derm Foundation 88.17% (86.33–89.92) 88.05% (86.23–89.80) 98.58% (98.21–98.92) 

 

4.3 Ablation analysis: Comparative performance of feature representations 

To explore the interaction between the extracted feature spaces and downstream decision boundaries, an 

ablation analysis was conducted by swapping the primary XGBoost classifier with an RBF-SVM (Figure 4 

and Table 4). Figure 4 compares classification performance across the seven feature extractors using 

XGBoost and RBF-SVM as common downstream classifiers. Overall, the results demonstrate that the 

choice of feature representation had a substantial influence on classification performance, with the 

dermatology-specific representations achieving the strongest results. Derm Foundation maintained peak 

performance across both architectures, yielding 88.17% accuracy with XGBoost and 87.83% with RBF-

SVM. DermLIP also demonstrated strong performance, achieving 83.75% and 84.50% accuracy with 

XGBoost and RBF-SVM, respectively, followed by DINOv2 with 82.58% and 82.83%, respectively. These 

findings indicate that representations developed specifically for dermatological imagery may provide more 

informative features for the present six-class classification task than general-purpose ImageNet-pretrained 

representations.  



The close correspondence between accuracy and macro-F1 across the experiments indicates that the 

observed differences were not primarily attributable to a single aggregate metric. For Derm Foundation, for 

example, XGBoost achieved 88.17% accuracy and 88.05% macro-F1, while RBF-SVM achieved 87.83% 

accuracy and 87.73% macro-F1. Similarly, DINOv2 and DermLIP showed relatively small differences 

between accuracy and macro-F1 for both downstream classifiers. Because the testing set contained 200 

images per class, accuracy and balanced accuracy were equivalent in this evaluation. 

 

 

Fig. 4. Comparative validation accuracy across the seven frozen feature extractors using XGBoost vs. RBF-

SVM downstream classifiers. 

4.4 Ablation analysis: Comparison of downstream classifiers 

The effect of the downstream classifier was highly dependent on the underlying model architecture rather 

than uniformly favoring one algorithm. The RBF-SVM substantially improved the performance of the pure 

transformer architectures, increasing the accuracy of ViT-B/16 (+4.75 percentage points) and Swin-T 

(+4.58 percentage points). Conversely, XGBoost proved superior for standard CNN architectures. XGBoost 

performed better for ResNet50 (−3.41 percentage points for SVM relative to XGBoost) and MobileNetV3-

Large (−1.92 percentage points).  



For the self-supervised and domain-specific representations, the performance differences between the two 

classifiers were minimal; for DINOv2 (+0.25 percentage points), Derm Foundation (−0.34 percentage 

points), and DermLIP (+0.75 percentage points). The extreme proximity of the XGBoost (88.17%) and 

RBF-SVM (87.83%) accuracy for Derm Foundation implies that a sufficiently mature, domain-specific 

feature space reduces sensitivity to downstream classifier selection. This pattern suggests o single classifier 

universally dominates; instead, optimal downstream selection depends entirely on the mathematical 

structure of the learned feature space. 

Table 4. Ablation comparison of validation accuracy between XGBoost and RBF-SVM classifiers. 

Feature extractor 
XGBoost 

Accuracy (%) 

RBF-SVM 

Accuracy (%) 

Difference  

(XGB − SVM) 

ResNet50 78.58% 75.17% +3.41 pp 

MobileNetV3-Large 78.75% 76.83% +1.92 pp 

ViT-B/16 77.83% 82.58% −4.75 pp 

Swin-T 75.67% 80.25% −4.58 pp 

DINOv2 82.58% 82.83% −0.25 pp 

DermLIP 83.75% 84.50% −0.75 pp 

Derm Foundation 88.17% 87.83% +0.34 pp 

 
4.5 Statistical Comparison of XGBoost and RBF-SVM 

To evaluate whether observed performance gaps between XGBoost and RBF-SVM were statistically 

meaningful, paired image-level predictions were analyzed using an exact McNemar test with a Holm-

Bonferroni correction (Table 5). 

The paired analyses confirmed that the statistical significance of classifier differences depended on the 

feature representation (Table 5). For CNN architecture, ResNet50, XGBoost produced significantly more 

correct predictions than RBF-SVM (95 versus 54 discordant cases favoring XGBoost; exact McNemar test, 

Holm-adjusted P=0.0049). Conversely, RBF-SVM significantly outperformed XGBoost for the 

hierarchical Swin Transformer, Swin-T (92 versus 37 discordant cases favoring RBF-SVM; Holm-adjusted 

P<0.001). 

Importantly, no statistically significant differences in prediction accuracy were observed for MobileNetV3-

Large, DINOv2, DermLIP, or Derm Foundation after applying the Holm correction. These paired analyses 

therefore did not support a universal advantage of XGBoost or RBF-SVM. Instead, the effect of the 

downstream classifier was representation-dependent. 



Table 5. Paired image-level statistical comparisons between XGBoost and RBF-SVM predictions across 

the testing cohort (n = 1,200). 

Feature 

extractor 

XGB 

correct 

SVM 

correct 

XGB only 

correct 

(b) 

SVM only 

correct 

(c) 

Exact 

McNemar 

(p-value)  

Holm-

adjusted 

(p-value)  

Significant 

ResNet50 943 902 95 54 0.00098 0.00492 Yes 

MobileNet

V3-Large 
945 922 79 56 0.05789 0.23158 No 

Swin-T 908 963 37 92 1.4 × 10⁻⁶ 8.4 × 10⁻⁶ Yes 

DINOv2 991 994 47 50 0.83921 1.00000 No 

DermLIP 1005 1014 42 51 0.40692 1.00000 No 

Derm 

Foundation 
1058 1054 47 43 0.75203 1.00000 No 

 

 
4.6 Per-Class Diagnostic Performance 

Figure 5 demonstrates substantial heterogeneity in class-specific sensitivity across the evaluated feature 

extractor–classifier combinations. Normal skin consistently achieved high recall across the evaluated 

representations, whereas seborrheic dermatitis generally showed the lowest or among the lowest recall 

values, with rosacea also showing comparatively lower sensitivity for several representations.  

Dermatology-specific representations demonstrated markedly stronger and more balanced recall profiles 

compared to general-purpose weights. When paired with XGBoost, Derm Foundation achieved high, well-

distributed sensitivity across the board: 94.5% for Acne, 87.0% for Atopic Dermatitis, 100.0% for Normal 

Skin, 90.5% for Psoriasis, 84.0% for Rosacea, and 73.0% for Seborrheic Dermatitis. DermLIP also 

demonstrated a robust class-wise profile, particularly showing high sensitivity for Normal Skin and 

Rosacea. 

Also, seborrheic dermatitis showed the lowest or among the lowest recall values across the evaluated 

feature representations, indicating that this class remained comparatively difficult to discriminate 

irrespective of the downstream classifier. 



Fig. 5. Per-class recall (sensitivity) across feature extractor–classifier combinations. Recall was calculated 

for each of the six dermatological classes on the balanced testing set (n = 1,200; 200 images per class). 

Higher recall indicates a greater proportion of images belonging to the corresponding class that were 

correctly identified. XGBoost and RBF-SVM results are shown for each frozen pretrained feature 

extractor. 

 



4.7 Confusion-Matrix Analysis 

To gain deeper insight into the classification behavior of the seven feature extractors and uncover the 

specific error typologies driving these recall variations, a multi-class confusion matrix analysis was 

conducted on the testing set. Overall, the confusion matrices showed substantial differences in class-

separation ability across feature representations. The dermatology-specific models, particularly Derm 

Foundation, demonstrated the strongest predictions performance along the main diagonal, indicating more 

consistent discrimination between the six diagnostic categories. 

Derm Foundation produced the highest number of correct classifications among the evaluated 

representations in the testing set, correctly classifying 189/200 acne images, 174/200 atopic dermatitis 

images, all 200/200 normal skin images, 181/200 psoriasis images, 168/200 rosacea images, and 146/200 

seborrheic dermatitis images (Figure 6). Misclassification was nevertheless observed for seborrheic 

dermatitis, which was most frequently confused with rosacea (27 cases), and rosacea was conversely 

misclassified as seborrheic dermatitis (24 cases). This distinct bidirectional pattern indicates substantial 

visual overlap between these two inflammatory facial conditions, challenging even the strongest domain-

specific feature representation. 

The corresponding RBF-SVM confusion matrix showed a similar overall pattern but with somewhat 

different class-specific error distributions. With Derm Foundation features, RBF-SVM correctly classified 

182/200 acne images, 172/200 atopic dermatitis images, 200/200 normal skin images, 179/200 psoriasis 

images, 166/200 rosacea images, and 155/200 seborrheic dermatitis images (Figure 6). Seborrheic 

dermatitis remained the most difficult category, with 17 cases misclassified as rosacea, while 20 rosacea 

images were classified as seborrheic dermatitis. Thus, the reciprocal seborrheic dermatitis–rosacea 

confusion persisted with RBF-SVM, although the number of seborrheic dermatitis images assigned to 

rosacea was lower than that observed with XGBoost (17 versus 27 cases). Conversely, RBF-SVM produced 

20 rosacea-to-seborrheic dermatitis errors compared with 24 for XGBoost. These findings demonstrate that 

the underlying Derm Foundation representation retained similar class-level error structure under both 

downstream classifiers, while the magnitude and distribution of individual errors varied with classifier 

choice. 

In contrast, the general-purpose feature extractors suffered from much wider error patterns (Figure S2). 

Swin-T, for example, only correctly identified 123/200 seborrheic dermatitis images, misclassifying 35 

cases as psoriasis and 28 as rosacea. Similarly, DINOv2 correctly classified 138/200 seborrheic dermatitis 

images while misinterpreting 34 as psoriasis and 15 as rosacea 



A recurrent error pattern across several models involved confusion between seborrheic dermatitis, psoriasis, 

and rosacea. ResNet-50 misclassified 38 seborrheic dermatitis images as psoriasis and 36 rosacea images 

as seborrheic dermatitis. MobileNetV3-Large also showed substantial confusion between seborrheic 

dermatitis and psoriasis, with 33 seborrheic dermatitis images predicted as psoriasis, while 33 rosacea 

images were classified as seborrheic dermatitis. ViT-B/16 demonstrated a similar pattern, with 31 

seborrheic dermatitis images predicted as psoriasis and 31 rosacea images predicted as seborrheic 

dermatitis. This recurring confusion pattern suggests that these classes remained difficult to distinguish 

within the evaluated image representations. 

DINOv2 improved discrimination across several classes compared with the conventional ImageNet-

pretrained representations, particularly for acne, atopic dermatitis, and psoriasis. DermLIP also showed 

strong diagonal dominance, correctly classifying 164 acne, 158 atopic dermatitis, 199 normal skin, 174 

psoriasis, 167 rosacea, and 143 seborrheic dermatitis images. However, similar to the other models, residual 

confusion remained most evident between seborrheic dermatitis and psoriasis or rosacea. 

4.8 Multiclass Discriminative Performance: ROC Analysis 

The multiclass ROC analysis assessed the threshold-independent discriminative ability of the evaluated 

feature representations and downstream classifiers across the six facial skin condition. Class-specific ROC 

curves and AUC values were examined to determine how effectively each model distinguished each disease 

category from the remaining classes across different classification thresholds. 

For the Derm Foundation representation with XGBoost, the ROC curves demonstrated strong 

discrimination across all six categories, with a macro-AUROC of 0.9858. Class-specific AUC values were 

0.997 for acne, 0.983 for atopic dermatitis, 1.000 for normal skin, 0.988 for psoriasis, 0.984 for rosacea, 

and 0.962 for seborrheic dermatitis (Figure 7). The high AUC values indicate strong threshold-independent 

discrimination within the testing dataset. Seborrheic dermatitis showed the lowest AUC (0.962), although 

discrimination remained high relative to chance performance. This is consistent with the residual confusion 

involving this category observed in the per-class recall and confusion-matrix analyses. This pattern 

indicates that the Derm Foundation representation provided strong overall separation of the six classes 

while retaining comparatively greater overlap for seborrheic dermatitis.  

The RBF-SVM models also demonstrated high multiclass discriminative performance across the evaluated 

feature representations. For Derm Foundation, the macro-AUROC was 0.9850, indicating discrimination 

comparable to that obtained with XGBoost. More broadly, the differences in macro-AUROC between 

XGBoost and RBF-SVM were relatively small for the strongest representations, including DINOv2, 

DermLIP, and Derm Foundation (Figure S3). These findings are consistent with the accuracy-based 



analysis, in which classifier differences varied according to the underlying feature representation rather 

than showing a uniform advantage for either downstream classifier. 

Across the ROC analyses, the consistently high AUC values indicate that the learned representations 

retained substantial class-discriminative information across a range of decision thresholds. However, high 

AUROC does not imply complete separation of individual disease categories at the selected classification 

threshold.  



 

Fig. 6. Multi-class confusion matrices for the peak-performing Derm Foundation feature extractor with the 

two downstream classifiers. Confusion matrices show the classification performance of the Derm 

Foundation features combined with XGBoost (a) and RBF-SVM (b) on the balanced testing set (n = 1,200; 

200 images per class). Multi-model confusion matrix grid for all other baseline models are available in 

Supplementary Figures S1 and S2. 



 

Fig. 7. Class-wise Receiver Operating Characteristic (ROC) curves for the Derm Foundation feature 

representation with the two downstream classifiers. Class-specific ROC curves are shown for the Derm 

Foundation features combined with (a) XGBoost (primary classifier) and (b) RBF-SVM (ablation classifier) 

on the test dataset. The curves and corresponding Area Under the ROC Curve (AUROC) metrics are 

presented individually for each of the six-target facial skin-conditions. Individual ROC analyses for the 

other feature extractors are provided in Supplementary Figures S3 and S4. 



4.9 Architectural Framework for LLM-Assisted Patient Education 

The exploratory LLM component was utilized to translate the static predicted disease categories into 

natural, patient-oriented educational narratives. Crucially, the LLM operated entirely downstream from the 

core diagnostic pipeline; it did not participate in image classification, feature extraction, or probability 

vector estimation, and was strictly isolated from modifying or evaluating the classification framework’s 

predictions [47,48]. This architectural stage is presented strictly as a structural proof-of-concept for multi-

modal pipeline integration and does not constitute a clinically validated deployment.  

Qualitative inspection of generated outputs showed that the system produced educational text related to the 

predicted disease categories, including descriptions of common features and general information about the 

condition. The generated explanations were presented in clear, non-technical language intended for patients 

without specialized dermatological knowledge. 

Unlike traditional rule-based educational architectures, the generative framework dynamically scales 

without requiring manually curated text templates for each distinct clinical condition. This algorithmic 

flexibility provides high architectural scalability, allowing the future integration of additional 

dermatological taxonomies with minimal modifications to the core system. 

However, because generative language architectures are inherently susceptible to factual errors, omissions, 

and hallucinations, formal regulatory evaluations of semantic accuracy, completeness, hallucination rates, 

readability metrics, and clinical safety were not performed in this investigation. Consequently, the LLM 

component must be regarded purely as an experimental, unvalidated architectural prototype rather than a 

clinical information system. 

 



5. Discussion 

5.1 Principal Findings and Architectural Comparisons 

In this study, we systematically evaluated seven pretrained visual representations for six-class facial skin-

condition classification within a frozen-feature transfer learning framework. The principal finding was that 

dermatology-specific pretrained representations (DermLIP-PanDerm and Google derm foundation) 

provided stronger discriminative features than general-purpose ImageNet-pretrained convolutional and 

transformer models. When paired with the primary XGBoost classifier, Derm Foundation achieved the 

highest overall performance across all global metrics, yielding a multiclass accuracy of 88.17%, a macro-

F1 score of 88.05%, and an outstanding macro-AUROC of 98.58%. DermLIP and the self-supervised 

DINOv2 demonstrated the next strongest performance, whereas ResNet50, MobileNetV3-Large, ViT-B/16, 

and Swin-T consistently achieved lower overall accuracy. The relative superior performance of DermLIP 

is consistent with its documented superiority over other foundation models across broader dermatological 

benchmarks46. Similarly, our findings corroborate independent medical computer vision studies indicating 

that DINOv2 can outperform conventional CNN and transformer baselines on dermatologic image-

classification tasks [49]. 

A second important finding was that the effect of the downstream classifier was representation-dependent. 

After applying a Holm-Bonferroni correction for multiple comparisons, the primary XGBoost classifier 

significantly outperformed the RBF-SVM when utilizing ResNet50 embeddings. Conversely, the RBF-

SVM significantly reversed this dynamic when paired with the hierarchical Swin Transformer. 

Interestingly, no statistically significant performance variations were observed between the two classifiers 

when deploying DINOv2, DermLIP, or Derm Foundation embeddings. These findings suggest that 

downstream classifier selection cannot be considered independently of the underlying pretrained 

representation and that no single classifier is uniformly optimal across feature spaces. This structural 

phenomenon is consistent with multi-class medical imaging benchmarks showing that lightweight adapter 

performance fluctuates based on how well an encoder’s native feature density maps to a given algorithm's 

decision boundaries and structural assumptions [50]. 

This specific error pattern is highly plausible from a clinical and physiological perspective. Both facial 

conditions frequently present in identical central facial distributions, specifically the malar region, the 

nasolabial folds, and the glabella, and display highly overlapping physical characteristics. Seborrheic 

dermatitis is characterized by erythematous plaques covered by greasy, yellowish scales, while rosacea 

presents with persistent centrofacial erythema, telangiectasia, papules, and pustules [51]. During early or 

mild disease stages, or when altered by lighting conditions in a photograph, the greasy scales of seborrheic 

dermatitis can visually mimic the shiny, erythematous surface of papulopustular rosacea. Consequently, 



differentiating between them remains a notorious clinical hurdle that frequently results in misdiagnoses 

during manual primary care examinations [51]. Recent clinical guidance explicitly emphasizes that 

seborrheic dermatitis can closely mimic or concurrently overlap with rosacea and localized psoriasis, 

necessitating meticulous differential evaluation and occasionally even biopsy [52]. Thus, findings revealed 

dermatology-specific pretraining improved representation quality overall but did not eliminate completely 

the challenges posed by highly ambiguous, visually overlapping inflammatory dermatoses when relying 

solely on 2D pixel information. 

The prototype web application implementation demonstrates the technical feasibility of structurally linking 

deep visual feature extractors with generative language models. Traditional deep learning diagnostics 

frequently act as isolated "black boxes" that yield single point predictions or raw probability vectors without 

actionable clinical context, limiting their utility for downstream patient translation. By transforming 

technical classifications into coherent, patient-oriented educational narratives, this modular prototype 

provides a technical framework to bridge the gap between raw machine output and meaningful patient 

literacy. This pipeline alignment is consistent with modern teledermatology engineering concepts that focus 

on developing scalable multi-modal interfaces to enhance the transparency and accessibility of automated 

classification systems [53]. 

The qualitative evaluation spotlighted critical areas for future engineering optimization. First, variability in 

network processing speeds across different image uploads was flagged as a threat to smooth user adoption. 

Restructuring the application backend to eliminate processing latency fluctuations and establish uniform 

execution speeds is an essential requirement prior to any broader clinical testing. Furthermore, designing 

frontend interface mechanics that translate raw numerical prediction percentages into clear, intuitive 

qualitative uncertainty categories (e.g., high, moderate, or low confidence boundaries) remains a vital future 

user-experience constraint [54]. 

5.2 Limitations and Future Work 

An important limitation of the present study is the absence of independent external validation on separate 

image datasets. Although our models were evaluated on an independent internal testing cohort and 

demonstrated consistent performance tiers across multiple configurations, their classification accuracy 

remains unverified when exposed to images acquired from disparate institutions, unseen clinical protocols, 

varying imaging environments, and diverse skin-tone distributions. During dataset preparation, external 

public repositories such as DDI, Fitzpatrick17k, and SCIN were meticulously considered but ultimately 

excluded. This decision was driven by the fact that their baseline diagnostic taxonomies did not correspond 

sufficiently to the six specific target categories defined in our framework. Prioritizing strict clinical 



classification over a forced, artificial label mapping preserved the medical validity of our study setup, 

though it temporarily prevented a broad assessment of external generalization. 

Accordingly, future research should focus on determining whether the strong performance tiers 

demonstrated by these dermatology-specific representations persist under clinically meaningful distribution 

shifts. Validating this pipeline against multi-institutional facial-image cohorts containing highly diverse 

patient populations, comprehensive skin-tone representations across the entire Fitzpatrick scale, and varied 

consumer camera settings will be the most direct test of external robustness. Additionally, a targeted 

benchmarking comparison between full end-to-end fine-tuning and frozen-feature adaptation could clarify 

the exact inflection points where the heavy computational cost of updating a pretrained backbone yields a 

meaningful diagnostic advantage over the highly efficient frozen strategy evaluated here. Finally, 

conducting formal safety, and factual accuracy assessments of the downstream LLM-generated educational 

text will be a critical prerequisite to support the safe translation of this framework into real-world consumer 

workflows. These subsequent investigations will directly build upon our current findings, systematically 

verifying the robustness, edge-computing efficiency, and clinical usability of domain-specific 

representation learning. 

 



6. Conclusion 

In conclusion, this study demonstrated that pretrained dermatology-specific visual representations can 

provide effective frozen features for six-class facial skin-condition classification. Derm Foundation 

achieved the strongest overall performance with XGBoost, while classifier ablation demonstrated that 

downstream classifier effects were dependent on the underlying representation. The principal residual 

classification difficulty involved seborrheic dermatitis and rosacea, identifying a key limitation in relying 

solely on 2D pixel information for visually overlapping inflammatory facial conditions. Furthermore, the 

integration of the classifier with a Django-based web application and an LLM-assisted educational module 

successfully demonstrated the technical feasibility and architectural scalability of multi-modal system 

integration. Independent external dataset validation and prospective clinical evaluations remain necessary 

prerequisites before this framework can be considered for routine clinical use. 
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