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A B S T R A C T  

Deep learning is changing the way dermatology assessment is done through 

skin images, yet the evidence remains scattered across image preprocessing, 

segmentation, classification, explainability, and clinical validation. This 

systematic review analysed 40 studies published between 2017 and 2026. 

Google Scholar, IEEE Xplore, SpringerLink, and MDPI returned 52 records; 

after removing 12 duplicates, 40 unique studies met the inclusion criteria. 

Reporting quality was assessed with a five-point checklist. The evidence shows 

a move from manually selected features and classical CNNs to EfficientNet, 

attention mechanisms, vision transformers, and hybrid CNN-transformer 

architectures. ISIC, HAM10000, PH2, and PAD-UFES-20 are the main 

datasets, while Grad-CAM and its variants are gaining momentum for 

explaining model attention. Performance measures are difficult to compare 

because of differences in datasets, class divisions, validation techniques, and 

reported outcomes. Ongoing challenges include uneven class representation, 

restricted skin-tone variance, high computational requirements, uncertain 

calibration, weak external validation, and limited testing of the clinical 

relevance of explanations. Future work should prioritise diverse multicentre 

datasets, prospective workflow assessment, subgroup disclosure, lightweight 

deployment, and clinically valuable explanations. 

 

1. INTRODUCTION 

1.1 Clinical Significance and Diagnostic Burden 

Dermatological disorders can be quite serious. In some cases, a patient will suffer from life-threatening 

malignancies. Also, besides physical symptoms, these conditions can impair one's ability to enjoy life and 

make them feel isolated, and they will need to visit health services frequently [1, 2]. Skin-cancer image-

based diagnostic artificial intelligence has drawn special attention because early detection of suspicious 

skin lesions can change the referral, biopsy, and treatment plans [3, 4, 5]. 

Confusing appearance between diseases is still a major problem in the field of diagnostics: lesions 

caused by diverse factors might have the same colors, textures, borders, and distribution, on the other hand, 

a single disease type could present itself in various ways according to the site and the skin tone [6, 7, 8]. 

Therefore, a physical exam must also take into consideration contextual and professional judgment 

elements and in some cases the clinicians may not agree. Thoroughly judged decision-support tools might 

prove helpful in extending the role of the first-level assessments in areas that have limited access to 
specialists, but their role should be that of supporting rather than replacing a clinical assessment [9, 10]. 
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1.2 Evolution of Computational Methods in Dermatological Diagnosis 

Older computer-aided pipelines were essentially image enhancement, lesion delineation, feature 

engineering and classification divided into separate steps. The system relied on hand-crafted descriptors 

such as colour, texture, shape and border irregularity, to make its predictions. As a result, the performance 

varied according to the choice of features and acquisition conditions [11, 12, 13]. 

Deep learning has lessened the need for human-created features to an extent, allowing models to learn 

the features themselves from the input (the dermoscopic or clinical images, that is,). Models such as VGG, 

ResNet, DenseNet and Inception in case of Convolutional neural networks have been used for 

segmentation and also classification with some research papers being quite influential that showcased 

excellent results with the model's ability to distinguish different classes under controlled situations [1, 4, 5, 

6]. Although these outcomes are promising, one must bear in mind that just because a model has excellent 

benchmark accuracy, it does not mean that the model will be safe, effective, or perform well if deployed in 

regular healthcare settings. 

Architectural development since then has focused on large compound-scaled EfficientNet models, 

attention modules, vision transformers, and hybrid CNN, transformer systems [14, 15, 16, 17]. These 

models try to either increase parameter efficiency very much or they attempt to achieve a combination of 

local texture clues with a long-range image context. 

1.3 Public Datasets and Benchmark Repositories 

Public data sets have helped dermatological AI research as they make the results reproduceable and 

comparable. For instance, The International Skin Imaging Collaboration (ISIC) Archive offers 

dermatoscopic images, annotations, and challenge tasks that have directed various model developments 

[18, 19]. Patient oriented data sets that take into account the medical history also explain why a single 

isolated lesion may not capture the information that is used daily [20]. 

Commonly cited skin cancer databases are HAM10000, PH2, PAD-UFES-20, and Fitzpatrick17k [21, 

22, 23, 24]. The rationale and the environment of data collection vary: some are geared towards close-up 

images or dermatoscopy, others smartphone pictures or skin-tone inclusion. Inspection of these data sets 

have revealed that they provide incomplete information about the population involved and an uneven 

representation. That means a potential risk of inaccurate group performance metrics and disparity in error 

rate [19, 25, 26]. 

1.4 Clinical Translation Gap and Review Objective 

The translational problem mainly rests on the fact that a high mean or average performance may mask a 

general systematic failure for certain under-represented groups. These problems stem from the limited 

number of dark skin colours, the incomplete reporting of demographic features, and the concentration in 

certain geographic regions of the image’s collections [9, 19, 21, 25]. 

Another factor to consider during deployment is the actual limitations. Big CNNs and transformer 

systems could need memory, computational power, and latency that are tough to meet mobile devices or 

the services that have limited resources [15, 17, 27, 28]. As a result, minimalist design is only of value if 

the performance is not reduced in any aspect like sensitivity, calibration, or subgroup performance at the 

expense of efficiency. 

The second gap separates benchmarks on the basis of historical data with real-world assessment. 

Imbalance between the classes, presence of image artefacts, limited range of diseases, images of the same 

person shown repeatedly, and limited external testing can result in overestimated generalizability [1, 6, 10, 

16, 19]. Likewise, explanations that appear convincing may be unstable or unhelpful unless their accuracy 

and helpfulness are tested. 

Against this background, the article reviews four issues: What dermatology-related segmentation tasks, 

image analysis and deep learning methods most widely used are? How segmentation, classification, and 

explanation are assessed; What kinds of research shortcomings make it difficult for us to compare and 

clinically use the results? Which future research directions would lead us to a better implementation of 

decision systems that we can trust? The summary deals with preprocessing, lesion segmentation, disease 

classification, model interpretability, benchmarking, and clinical integration challenges. 
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2. RESEARCH METHODOLOGY 

2.1 Search Strategy and Information Sources 

An exhaustive systematic search was done via Google Scholar, IEEE Xplore, SpringerLink, and MDPI in 

July 2026. Four concept blocks were tailored to the specific language of each source: (1) "skin disease" 

together with "deep learning, " also "image processing;" (2) "skin lesion" or "melanoma" combined with 

"CNN" or "ResNet"), in addition, with segmentation; (3) ISIC AND "deep learning" AND "skin 

classification; (4) "detection of skin disease" AND "deep learning" AND (challenges review). The results 

were filtered to get only English-language contents related to image-based dermatology assessment and 

2017, 2026 time period as we do not want to limit our search too much. Only the dataset papers published 

prior to that time period were included if they are necessary to describe the benchmark data. 

Search results were gathered together and duplicates for title, author, year, and DOI were checked out 

in detail. The remaining ones were then evaluated for matching with the initial eligibility criteria before the 

main evidence was the one containing 40 distinct studies that are included for the descriptive, technical, 

and thematic synthesis. Papers which formed the background such as methodological papers and a paper 

which described a new method, Grad-CAM paper, clinical validation reports, and similar materials, were 

not included in the 40-study bibliometric denominator. 

2.2 Eligibility Criteria 

The eligibility criteria were clarified before the last stage of screening so that the evidence set would match 

the review questions completely. Only the studies that included image-based detection, segmentation, or 

classification of skin diseases were included. The reports selected had to present the methods and 

outcomes in such a detail that the data could be extracted. 

Table 1 operationalizes the inclusion rules applied during screening. 

Table 1. Operational inclusion criteria for study selection. 

Code Criterion Operational definition 
IC1 Clinical domain 

relevance 
Detection, segmentation, or classification of a dermatological condition, 

including malignant, inflammatory, or infectious disease. 
IC2 Technical framework Use of machine learning or deep learning, including CNN, EfficientNet, 

attention, or transformer-based methods. 
IC3 Input data modality Analysis of dermoscopy images, clinical photographs, or smartphone-acquired 

skin images. 
IC4 Chronological scope Publication dated 2017–2026, except foundational dataset reports cited for 

context. 
IC5 Publication type Peer-reviewed journal article or conference paper with sufficient scholarly and 

technical detail. 
IC6 Language and 

accessibility 
English-language full text available for assessment. 

IC7 Performance reporting At least one quantitative result, such as accuracy, sensitivity, specificity, F1, 

AUC, Dice, or Jaccard. 
IC8 Dataset transparency A named public dataset or an adequately described custom dataset. 

 

Table 2 lists the conditions under which a retrieved record was removed from consideration. 

Table 2. Operational exclusion criteria for study selection. 

Code Criterion Operational definition 
EC1 Duplicate records A record matching another item by title, DOI, authorship, year, or clearly 

identical report. 
EC2 Non-primary literature Editorial, commentary, letter, book review, or other publication without 

primary or review evidence relevant to the synthesis. 
EC3 Grey literature Thesis, dissertation, poster, abstract-only record, or unpublished report. 
EC4 Insufficient technical 

detail 
Insufficient description of the dataset, architecture, evaluation, or outcome for 

structured extraction. 
EC5 Non-image-based 

approaches 
Textual, genomic, or tabular analysis with no dermatological image 

component. 
EC6 Out-of-scope medical 

imaging 
Imaging outside dermatology, including CT, MRI, or ultrasound applications 

unrelated to skin disease. 
EC7 Non-AI approaches Rule-based image processing without a machine-learning or deep-learning 

component. 
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EC8 Language restriction Full text unavailable in English. 

 

2.2.1 Rationale for the Eligibility Rules 

During the 2017–2026 period, transfer learning, attention mechanisms, transformer models, and 

explanations techniques were increasingly used in dermatology imaging research. Selecting only those 

reports which featured identifiable datasets and quantitative results allowed for analyzing inputs, models, 

evaluation practices, and limitations. Foundations dataset papers outside this time were only kept, when 

necessary, in order to document the origin or the composition of a benchmark that was a key research tool 

in the studies covered. 

2.3 Study Selection Process (PRISMA) 

Study selection was described according to PRISMA 2020 [29]. Four different information sources turned 

up 52 records altogether. After comparing the metadata of the citations, 12 duplicates were discarded, so 

we had 40 unique records remaining for title- and abstract-screening, and, finally, for full-text assessment. 

 

Figure 1. PRISMA 2020 flow diagram for identification, screening, eligibility assessment, and inclusion. 

Forty unique records all complied with the eligibility criteria and were included in the qualitative 

synthesis. At the screening stage, they were grouped in four domains; namely image preprocessing, lesion 

segmentation, disease classification, and diagnosis or explanation supported by artificial intelligence. Since 

post deduplication exclusions occurred no more, this is due to the narrow and topic specific search design 

and is not a proof that the search was complete. 

Figure 1 shows the full numerical audit trail. Besides retained publications, the data covered various 

diseases, datasets, imaging modalities, model families, and evaluation measures, which made possible the 

structured comparative analysis while highlighting considerable methodological diversity. 
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2.4 Data Extraction, Quality Appraisal, and Synthesis 

A structured extraction form captured bibliographic, technical, clinical, and reporting variables from each 

included publication. Bibliographic fields consisted of publication year, authorship, corresponding-author 

country, journal, publisher, and keywords. Technical fields included dataset source and size, imaging 

modality, preprocessing, segmentation method, architecture, training or validation strategy, and reported 

metrics. Clinical fields recorded the target condition and grouped studies into skin cancer, inflammatory or 

chronic disease, and infectious disease applications. 

The gathered evidence was summarized with a descriptive and thematic approach. Publication 

numbers, geographic regions, publishing houses, frequently used keywords, model types, data sets, and 

mentioned limitations were all presented with no statistical analysis. We did not try to conduct a meta-

analysis because the ways of disease definitions, sources of images, types of classes, validation sets, and 

measures of outcome varied so much that there was no possible way of reliably grouping the studies. Thus, 

accuracy results mentioned in the studies should be considered purely qualitative. 

Reporting quality was evaluated based on five criteria: transparency of the dataset (QA1), clarity of preprocessing (QA2), 

description of the architecture and training strategy (QA3), breadth of evaluation measures (QA4), and acknowledgment of 

limitations or bias (QA5). When the criterion was completely reported, it got 1 point; if partially reported, 0.5; and 0 if 

missing. Total scores ranged from 0 to 5 and were classified as high (4.0, 5.0), moderate (3.0, 3.9), or low (<3.0). This is a 

completeness-of-reporting checklist; it is neither a validated diagnostic risk-of-bias tool nor does it establish clinical validity. 

Table 3 presents reporting-quality criteria applied to the included studies. 

Table 3. Reporting-quality criteria applied to the included studies. 

Code Criterion Assessment focus 
QA1 Dataset transparency Dataset source, composition, sample size, and class structure are reported. 
QA2 Preprocessing clarity Image resizing, normalization, enhancement, augmentation, and artefact 

handling are described. 
QA3 Architectural transparency Architecture, transfer-learning strategy, training procedure, and key 

implementation choices are reported. 
QA4 Metric diversity Multiple task-appropriate metrics are provided rather than accuracy alone. 
QA5 Limitation analysis Limitations, bias, class imbalance, generalizability, or computational 

constraints are discussed. 

 

Applying the five-level checklist identified 36 papers (90.0%) as exemplary in reporting quality and 

only 4 (10.0%) as average. No articles scored lower than 3.0. Papers scoring in the moderate category 

mostly reflected the lack of detailed information on how preprocessing, implementation, metrics, and 

limitations were addressed. 

2.5 Methodological Scope and Limitations 

A targeted systematic design was employed in this review instead of a statistical meta-analysis. Variability 

in disease labels, image sources, class prevalence rates, methods of train-validation-test split, and outcomes 

reporting hindered the possibility of any meaningful data pooling. Hence, performance metrics are 

described in the context of their original studies and should not be taken as an official order of architectural 

rankings. 

In this regard, we only searched four sources, limited only to full-text English-language papers and 

focused primarily on the years 2017, 2026; moreover, the study was not prospectively registered. The 

reason is the dynamic character of Google Scholar results, and the exclusion stage is basically the stage of 

zero- exclusion after deduplication which is a sign of narrow query design. Such features might omit 

relevant studies and reduce the reproducibility of search results. The study was also criticized for using one 

of the tools which is an assess of reporting completeness instead of measuring risk of bias. 

3. EVIDENCE SYNTHESIS 

3.1 Image Preprocessing 

Preparation of the input data is important since a model might have different features available to it 

depending on things like hair, ruler marks, shadows, changes in colours, compression, or uneven lighting. 

The pre-processing steps of the reviewed pipelines included combinations of resizing, intensity 
normalization, denoising, contrast enhancement, colour correction, and artefact removal prior to 

segmentation or classification [1, 11, 30]. 
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Typically, a series of methods such as morphological filtering and inpainting are combined in the 

course of hair-removal procedures. On the other hand, median filters and contrast-limited adaptive 

histogram equalization have been implemented for noise removal or for an increase in local contrast [11, 

30]. Not all preprocessing methods bring improvement: over-aggressive enhancement may change 

diagnostic colour or border details, hence transformations should be defined, tested, and repeated 

accurately to be reliable. 

3.2 Lesion Segmentation 

By isolating the lesion from adjacent skin, segmentation trims away irrelevant background before 

classification. Thresholding, clustering, and GrabCut still serve as useful baselines. Their output can 

deteriorate, however, when contrast is weak, when hair crosses the lesion, or when the border is diffuse 

[11]. 

The use of fully convolutional, encoder, decoder, multi-focus, region-based, and ensemble networks 

has resulted in a more accurate mapping of individual pixels on benchmark datasets [31, 32, 33, 34, 35, 36]. 

Hybrid CNN, transformer models take this idea one step further by merging local texture modeling with 

the broader spatial context [14, 17]. Although Dice and Jaccard scores are quite helpful, they do not give 

the actual clinical meaning which heavily relies on annotation quality and whether errors happen at 

diagnostically important borders. 

3.3 Disease Classification 

Classification systems these days are trained directly from pixels using either pretrained or task-specific 

CNN models. VGG, ResNet, DenseNet, Inception and the likes are still popular optimized CNN variants 

on one hand whereas attention and cost-sensitive objectives try to draw the learning attention towards 

relevant areas or minority classes [4, 12, 37, 38, 39]. 

EfficientNet, vision transformers, and hybrid models expand the design space by varying parameter 

count, receptive field, and data needs [15, 17]. However, since studies differ in labels, image sources, 

prevalence of classes, and test-set construction, a higher accuracy is insufficient by itself to show that a 

model is superior or more clinically practical. 

3.4 Automated Detection Across Dermatological Conditions 

Although melanoma and other skin cancers form the main focus of research articles, image-based systems 

are currently being explored for use in eczema, psoriasis, wider differential diagnosis [1, 8, 40]. It has also 

been found through human-AI collaboration research that the provision of decision support enhances 

clinician performance if the model is trustworthy, but can at the same time be very misleading if assistance 

is erroneous and no matter their level of experience, users are exposed to the possibility of being misled 

[10]. 

Transfer learning was also applied for newly appeared infectious diseases such as monkeypox [41]. 

These results of viability show technical flexibilities, but at the same time, the use of tiny web-downloaded 

datasets, unreliable labels, and restricted diversity of participants restrict the interpretation of whether the 

technique is ready for clinical use. 

3.5 Benchmark Datasets and Performance Evaluation 

ISIC, HAM10000, PH2, PAD-UFES-20, and patient-derived melanoma sets allow for reproducible 

experiments in dermoscopy and clinical photography [18, 20, 22, 23, 24]. Commonly, results are expressed 

in accuracy, precision, recall, F1-score, AUC (area under the receiver operating characteristic curve), Dice 

coefficient, or Jaccard index [13]. 

Rare conditions and very different class sizes make total accuracy especially unreliable. To tackle 

imbalance Data augmentation, reweighting, resampling, cost-sensitive losses, and attention mechanisms 

are applied [13, 16, 39]. A much-needed informative evaluation is to present class-wise sensitivity and 

specificity, confidence intervals, calibration, decision thresholds, and performance by demographic 

subgroup. 

3.6 Explainable Artificial Intelligence in Dermatology 

For instance, post-hoc explanation techniques Grad-CAM, saliency maps, and attention visualization are 

methods of pointing out to the pixels or region that was the basis of your prediction [6, 37, 39, 42]. These 

kinds of explanations might be useful for dermatologists to see if the network pays heed to the lesion or a 
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surrounding artefact, they can also be used for discussing mistakes and for the clinicians, model 

conversations. 

A heat map does not show cause and effect so one should not see it as a justification of the validity of 

clinically relevant reasoning done by models. One should check explanations for how truthful they are, 

what happens when minor image changes happen, that is how sensitive they are model parameters, and 

whether they are helpful to the targeted clinicians, among other things [42]. The fairness evidence also 

demonstrates that a good-looking picture will not make up for a badly representative dataset or a 

performance difference between subgroups [9, 25]. 

Explanation outputs should be examined, in the context of uncertainty, subgroup performance and 

failure mode for the clinical deployment. A model that spots a plausible area visually might be poorly 

calibrated or based on a biased dataset; so, explanation is just one aspect of validation and never a 

replacement for it [9, 25, 42]. 

3.7 Comparative Analysis of Dermatological AI Approaches 

The comparative tables group the studies according not to their performance but to clinical tasks. The synthesized 

information includes datasets, preprocessing or validation strategies, network architecture, the reported outcome, as well as 

the main drawback for each study. This representation reveals the diversity of the evidence context and it prevents 

considering tasks and test sets that are not alike as being directly comparable. Table 4 presents selected approaches to skin-

cancer and melanoma detection or segmentation. 

Table 4. Selected approaches to skin-cancer and melanoma detection or segmentation. 

Study Dataset Preprocessing / 

segmentation 
Architecture Performanc

e 
Reported limitation 

Ahammed et al. 

[11] 
ISIC; 

HAM10000 
Black-hat hair 

removal; GrabCut 
SVM + GLCM 97.0% 

accuracy 
Manual feature 

dependence 
Al-Masni et al. 

[31] 
ISIC 2017; 

PH2 
Full-resolution 

segmentation 
FrCN 89.3% 

accuracy 
Boundary-noise 

sensitivity 
Bi et al. [34] ISIC 2016 Multistage 

segmentation 
FCN 91.18% Dice High training cost 

Nida et al. [36] ISIC 2016 Fuzzy C-means Region-based 

CNN 
89.0% 

accuracy 
Weak localization of 

small lesions 
Alahmadi and 

Alghamdi [14] 
ISIC 2018 CNN–transformer 

feature coupling 
Hybrid CNN–

transformer 
Reported 

improvement 
Large data 

requirement 
Goyal et al. 

[35] 
ISIC; PH2 Ensemble 

segmentation 
Mask R-CNN + 

DeepLabV3+ 
89.93% 

sensitivity 
Annotation intensive 

Ravi [39] HAM10000; 

ISIC 
Attention and cost-

sensitive learning 
Attention fusion 

network 
99.0% 

accuracy 
Complex architecture 

Alenezi et al. 

[43] 
ISIC; PH2 RANSAC hair 

removal 
Multi-task 

network 
98.6% 

accuracy 
Overfitting risk 

Malik et al. 

[38] 
ISIC Archive Lightweight 

preprocessing 
Optimized CNN 87.64% 

accuracy 
Below ensemble 

performance 
Groh et al. [9] Fitzpatrick17

k 
Skin-tone labels Deep-learning 

decision support 
Bias analysis Skin-tone disparities 

Liu et al. [37] HAM10000 Inverted residual 

blocks 
Attention CNN Multi-class 

evaluation 
Limited 

explainability 

 

Researchers mostly use the same skin-cancer data sets, like ISIC, HAM10000, and PH2, for their skin cancer skin image 

analysis. These sets are a great way to keep results comparable, but they can be limiting if one just optimizes for the same 

datasets multiple times as that would result in an insufficient basis of evidence for the method. Prior to general use, high 

internal performance of a model must be verified by external testing, skin-tone analysis, calibration, workflow evaluation 

and interpretable error review [9, 16, 19, 21, 25]. 

Table 5. Image-based deep-learning evidence for emerging viral skin disease. 

Study Dataset Preprocessing Architecture Performance Limitation 
Ali et al. [41] Monkeypox Skin 

Lesion Dataset 
Data 

augmentation; 

resizing; 

normalization 

ResNet50 transfer 

learning 
82.96% ± 4.57 

accuracy 
Small, 

demographically 

narrow dataset 
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The monkeypox evidence in Table 5 is, essentially, just a feasibility study. Transfer learning can generate experimental 

discrimination based on limited data, but in order to be confident about generalization you need larger, clinically curated 

cohorts with verified labels and independent testing [41]. Table 6 presents machine-learning and deep-learning models for 

inflammatory skin disease. 

Table 6. Machine-learning and deep-learning models for inflammatory skin disease. 

Study Dataset Preprocessing / 

validation 
Model / 

classifier 
Performanc

e 
Limitation 

Bordoloi et al. 

[44] 
Dermatology 

dataset 
Median filtering SVM; random 

forest 
98.8% 

accuracy 
Hand-crafted 

features required 
Rangaswamy et 

al. [45] 
Roboflow; 

Kaggle 
Normalization InceptionV3 80.88% 

accuracy 
Minority-class 

weakness 
Sarı and Keser 

[46] 
Kaggle dataset; 

ISIC 2017 
Relief feature 

selection; five-fold 

validation 

AlexNet + SVM 92.10% 

accuracy 
Three disease 

categories 

Hammad et al. 

[40] 
Kaggle; 

DermNet 
Image rescaling DermaCare 

CNN 
96.20% 

accuracy 
Annotation 

dependence 

 

In fact, research on eczema, psoriasis, and other similar diseases has shown that these methods give 

fairly accurate results [40, 44, 45, 46]. But there's still a problem with limited numbers of different types of 

diseases, underrepresentation of minority categories, uncertain labels, and source-dependent image features 

that limit applicability [1, 3, 16]. 

Reported limitations were identified as recurring research gaps aimed at linking technical design choices with consequences 

related to fairness, reproducibility, deployment, and clinical decision-making. Table 7 presents recurrent research gaps and 

their implications for clinical translation. 

Table 7. Recurrent research gaps and their implications for clinical translation. 

Research gap Representative studies Implication 
Skin-tone bias Groh et al. [21–9]; Wen et 

al. [19] 
Aggregate metrics may conceal unequal error rates across 

skin tones. 
Class imbalance Ravi [39]; Khalaf et al. 

[16]; Sun et al. [13] 
Rare conditions can have poor sensitivity despite high 

overall accuracy. 
Computational 

complexity 
Kshirsagar et al. [27]; 

Yousaf et al. [17]; Yuan et 

al. [28] 

Memory, latency, and energy demands can prevent point-of-

care deployment. 

Limited explainability Jeong et al. [6]; Liu et al. 

[37] 
Plausible heatmaps may not be faithful, stable, or useful to 

clinicians. 
Dataset limitations Choy et al. [1]; Debelee 

[3]; Wen et al. [19] 
Benchmark performance may not transfer to other centres or 

populations. 

 

The most recurring issues are demographic bias, class imbalance, resource-heavy architectures, not 

being able to see model's reasoning very well and having limited external-validation data only. Use of 

limited dataset collection is also a contributing factor to these issues since it encourages optimizing for one 

benchmark only. The emphasis therefore needs to change from single-point accuracy boost to data that are 

diverse, full transparency of methods, models that are compact and efficient, clear explanations of results, 

and validation studies from multiple centers (13, 14, 18, 20, 25, 28, 44, 46). 

4. RESULTS AND DISCUSSION 

4.1 Bibliometric Profile 

The corpus of 40 publications was portrayed through these categories year when the study was published, 

countries of the corresponding authors, publishers, and repeating keyword phrases. The mentioned 

frequencies represent the sample; they do not depict an absolute picture of all dermatological AI 

publications. 

4.1.1 Publication Trend 

The publication year was used to figure out how the selected literature developed throughout the review 

period. Figure 2 shows the number of papers per year and the proportion that each year's contribution made 
to the 40 studies included here. 
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Figure 2. Annual distribution of the included publications (2017–2026), with counts and percentages. 

Figure 2 demonstrates a trend wherein the selected corpus got more concentrated post 2021 and it was 

at maximum level of publications in 2023. One should be very careful when considering the numbers for 

the past couple of years since the database completeness as well as the timing of the July 2026 search 

might give the illusion of a downward trend even when it is a publication year that is not complete yet. 

4.1.2 Geographical Distribution 

 

Figure 3. Distribution of included studies by the corresponding author's country. 

India and China, along with US, are the leading countries in contribution of corresponding authors 
from the selected papers as shown in figure 3. The figure shows that there was a major international 

involvement. However, country counts should not be taken as a measurement of data variety, a 
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multinational set of authors or publication source does not in itself guarantee representative recruitment of 

patients. 

4.1.3 Publisher Distribution 

Identification of publication outlets most represented in the evidence set was carried out by examining 

publisher counts. This indicator is primarily descriptive and does not reflect the quality of publishers or the 

whole distribution of the field. It is rather an indicator of a specific sample.              

  

  

Figure 4. Publisher distribution within the 40-study evidence set. 

 

Springer Nature had the maximum share of included publications, with MDPI and IEEE coming next 

(Figure 4). Such concentration reflects the interdisciplinary nature of the area, combining clinical 

medicine, biomedical engineering, and computer vision among others, but it definitely must not be viewed 

as a publishers' or journals' ranking. 

4.1.4 Keyword Profile 

The recurring author keywords and indexing terms have been grouped together to reveal a general view of the key topics and 

trends. Table 8 presents relative prominence of recurring concepts in the included literature. 

Table 8. Relative prominence of recurring concepts in the included literature. 

Keyword Prominence 
Deep learning High 
Convolutional neural networks High 
Skin cancer / melanoma High 
Dermoscopic images High 
Image segmentation Moderate 
Transfer learning Moderate 
Machine learning Moderate 
Automated diagnosis Moderate 
Feature extraction Moderate 
Explainable artificial intelligence Emerging 

Deep learning techniques, convolutional neural networks, skin cancer recognition, and dermoscopy are 

still the main subjects. Segmentation, transfer learning, and automatic diagnosis constitute the second level, 

and explainable AI is shown as a new topic. It is indicated here that interpretability is gaining more 

attention; however, the assessment or the explanation of the results is still significantly underdeveloped 

compared to the reporting of model-performance. 

4.2 Methodological Quality and Technical Reporting 

The technical appraisal looked at how much the different studies described their datasets, preprocessing, 
architecture, evaluation metrics, and limitations. The emerging categories provide an overview of reporting 

quality and are to be considered along with the design limitations that have been highlighted in Section 2.5. 
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4.2.1 Quality-Appraisal Results 

 

Figure 5. Distribution of included studies by reporting-quality category. 

 

Out of 36 studies (90.0%), the reporting quality was assessed as high enough, and only 4 (10.0%) were 

rated as moderate. No one paper fell into the low category (Figure 5). Therefore, it is reasonable to assume 

that most of them contained a significant amount of data for the intended extraction. However, it should 

not be interpreted as a proof of low-risk bias, external validation success, representative sampling, and 

medical effectiveness. In fact, a study might report a limited dataset or an imbalanced cohort quite 

straightforwardly but a high reporting level can still be awarded. 

4.3 Interpretation of the Evidence 

The publication curve clearly indicates a major spike in image-based dermatological artificial intelligence 

around 2021 and beyond. The thematic highlight has changed from traditional feature engineering to deep 

CNNs, attention mechanisms, transformers, and explainability [1, 6, 13]. At the same time, we can see a 

very strong dependence and limitation of the evidence by benchmark datasets used by the top groups only 

and retrospective designs. 

The technical analysis validates moving beyond melanoma to inflammatory and infectious diseases, 

where new modelling approaches are introduced by EfficientNet, attention modules, and hybrid CNN, 

transformer models [15, 17, 37, 40, 41]. Performance differences between studies are a result of more than 

just architecture since label assignments, disease prevalence, preprocessing steps, data splits, and test 

patient populations can vary greatly. 

In a number of articles, the description of methods remains sufficient for the readers while, still, some 

crucial deficiencies are recurring like, for instance, imbalance of classes, lack of representation of people 

of dark skin, the need for high computing resource, doubts about the correctness of the calibration and low 

external validation [1, 25, 21-9, 16, 19]. Such issues make people question how benchmark results will 

translate into everyday hospital work. Clinically, there is a need to evaluate the tool according to its actual 

and intended use case. The clinical-informatics triage tools need to be accurate and safe to refer while 

differentially diagnosed-diagnosis aids need to produce ranked outputs correctly and clinically-facing 

systems should be tested for usability & human factors. Evidence from extensive differential diagnosis and 

human-computer collaboration suggests that workflow design can be as critical as standalone model 

accuracy [8, 10]. Table 9 presents priority directions for research and clinical translation. 
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Table 9. Priority directions for research and clinical translation. 

s Primary objective Expected contribution 
Clinically validated XAI Test fidelity, stability, and clinician 

usefulness 
Safer interpretation and auditable 

decisions 
Vision transformers Evaluate global context without benchmark 

overfitting 
Evidence on when transformers add 

clinical value 
Lightweight edge AI Reduce latency, memory, and power demand Feasible mobile and low-resource 

deployment 
Federated learning Support multi-centre learning with privacy 

controls 
Broader data without routine 

centralization 
Skin-tone-diverse 

datasets 
Measure and reduce demographic 

performance gaps 
Fairer and more transportable systems 

Multimodal decision 

support 
Combine images with history and clinical 

metadata 
Predictions closer to real diagnostic 

reasoning 

 

The next phase of dermatological AI should be measured through clinicians' meaningful feedback and 

not only accuracy [9, 10, 16, 17, 28]. 

Recent reviews highlight two additional directions relevant to dermatology AI. Hybrid feature-fusion 

architectures that couple complementary backbones have shown that combined representations can 

improve discrimination under data scarcity [47]. Similarly, advanced neural computation is increasingly 

reviewed as a cross-cutting capability for clinical image diagnostics across modalities [48]. 

5. CONCLUSION 

The review draws on and incorporates evidence relating to image preprocessing, lesion segmentation, 

disease classification, explainability, and clinical translation of dermatological AI. CNNs still make up the 

primary model family. Besides CNNs, EfficientNet, attention, vision transformers, and hybrid approaches 

enrich the list of methods. Public datasets such as ISIC, HAM10000, PH2, PAD-UFES-20, and melanoma 

databases based on patient data have contributed immensely toward facilitating the development and 

comparison. 

In conclusion, it is a conditional statement: a very successful deep-learning system on one image task 

does not mean that such systems could easily be brought into routine usage in a doctor's clinic or hospital 

based on benchmark results and accuracy alone. Problems like demographic imbalance, class imbalance, 

artefacts, computational demands, limited external testing, weak calibration, and unvalidated explanations 

continue to be significant barriers. 

Future works are expected to include diverse multicenter imaging along with corresponding clinical 

context, assess performance in different skin tones and rare classes, disclose uncertainty and calibration, 

and determine if explanations lead to better decision-making or merely look appealing. An efficient 

network architecture and a human-AI interaction designed in a way that considers both human and 

machine capabilities may help increase access, but without a prospective verification, good governance, 

and ongoing performance checks these may not be enough. These measures are required in order for 

dermatologic decision aid to be safe, fair, and responsible. 
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