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ARTICLE INFO ABSTRACT

Keywords: Background: Pemphigus and pemphigoid disease pose diagnostic challenges to pathologists and clinician due to
Pemph%gu_s overlapping clinical and histopathological features. The systematic review evaluated the diagnostic accuracy of
Pemphigoid artificial intelligence (AI) in identifying pemphigus and pemphigoid disorders based on clinical images,
Artificial intelligence . . . .

Diagnosis compared to conventional diagnostic techniques.

Accuracy Methods: A search was carried out in PubMed, Scopus, and Web of Science databases since inception using search
Sensitivity strategy comprising of "Artificial Intelligence", "Pemphigus", "Pemphigoid", "Diagnosis", "sensitivity", "specificity",
Specificity and "accuracy". Studies examined Al models’ accuracy for diagnosing pemphigus and pemphigoid were included

in the review. A meta-analysis was conducted using Meta-Disc software, with pooled sensitivity, specificity, and
summary receiver operating characteristic (SROC) curve analysis.

Resuits: Out of 4094 search results, five studies met the eligibility criteria after screening and selection steps. The
pooled diagnostic accuracy of Al-based systems was 0.83 (CI 0.73-0.90) with a of 0.86 % (CI: 0.76-0.91) pooled
sensitivity and 0.84 % (CI: 0.79-0.87) pooled specificity, reflecting its moderate effectiveness in ruling out
pemphigus and pemphigoid disorders. Further, the positive likelihood ratio (PLR) was 5.34 (95 % CI: 4.05-7.05),
and the negative likelihood ratio (NLR) was 0.16 (95 % CIL: 0.09-0.28), with a DOR of 32.53 (95 % CL
14.70-71.94) indicates moderate to strong accuracy.

Conclusion: Al have moderate diagnostic efficacy in diagnosis of pemphigus and pemphigoid diseases. However,
additional research is needed to develop standardized methodologies and ensure generalizability across different
populations before integrating into clinical practice.

1. Introduction

The pemphigus and pemphigoid are characterized by blisters for-
mation secondary to separation of epithelium and involves the skin,
eyes, and oral mucosa.' Further, it has significant mortality rates which
range between 6 % and 41 % in the first year following diagnosis.>>
Therefore, early interventions must be carried out in a timely and pre-
cise manner during diagnosis.” The identification of these disorders is
very challenging due to considerable overlap with other vesiculobullous
lesions.>® Furthermore, blister formation can be caused by different
etiologies, such as viral infections (herpes simplex), genetic defects

(epidermolysis bullosa), and allergic reactions (contact dermatitis or
drug reactions).” '° Not only that, the diagnostic features are also
confounded by overlapping histopathological presentation with other
vesiculobullous disorders, which may result in misdiagnosis and delayed
treatment.' 12 With the potentially life-threatening nature of delayed
diagnosis, early detection is critical.'®> Conventional methods of diag-
nosis such as clinical examination, histopathology, and direct immu-
nofluorescence  microscopy, although effective, are usually
time-consuming, costly, and reliant on technical skills.'* ¢~

Artificial intelligence (AI) has progressively advanced from its early
role in diagnostic tools for conditions such as cardiovascular disease and
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pneumonia to more sophisticated applications in dermatology and
autoimmune disorders.'”"'® The development of deep learning algo-
rithms, particularly convolutional neural networks (CNNs) and
transformer-based architectures, has significantly improved the accu-
racy of clinical image analysis.'® 2! Within dermatopathology, these
advances have enabled Al-based systems to begin addressing complex
autoimmune blistering diseases such as pemphigus and pemphigoid,
where timely and accurate diagnosis remains a considerable chal-
lenge.?>** To date, much of the work in this area has centered on
laboratory-based applications, including direct immunofluorescence
(DIF) and indirect immunofluorescence (IIF) image analysis.24 26 While
these techniques provide valuable diagnostic information, they demand
substantial technical expertise, specialized infrastructure, and are often
costly and time-consuming.”” By contrast, clinical image-based AI ap-
plications offer the advantage of rapid, non-invasive screening and have
particular relevance in resource-limited settings where access to
advanced laboratory facilities may be restricted. Expanding research
efforts from laboratory-based approaches to clinical image analysis is
therefore essential to maximize the real-world diagnostic utility of Al in
pemphigus and pemphigoid disorders.

Although studies have proven efficiency, there are gaps which
require evidences. There is no one specific AL model or tool that can
work without needing much technical jargon. Further, there is ambi-
guity as well as variability in diagnostic efficacy of Al based technique in
pemphigus and pemphigoid disease. This systematic review assessed
efficacy of Al-based diagnostic methods in pemphigus and pemphigoid
diseases.

2. Methods
2.1. Protocol and registration

This systematic review was reported according to the guidelines of
the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA).?® The systematic review is registered in PROS-
PERO (CRD42024580232).

2.2. Research question

The research question for the systematic review is:

What is the diagnostic accuracy (O) of AI (I) for pemphigus and
pemphigoid disorders (P) compared to conventional diagnostic methods
(WK

2.3. Eligibility criteria

We included studies that involved patients with pemphigus and
pemphigoid disorders, used Al technologies for diagnosing these disor-
ders, compared Al methods to traditional histopathological methods,
reported how well Al worked in diagnosing these disorders (including
sensitivity, specificity, and overall accuracy), were either randomised
controlled trials or observational studies, and were published. We left
out studies that didn't focus on patients with pemphigus and pemphigoid
disorders or included other unrelated conditions; didn't use Al technol-
ogies or only looked at traditional diagnostic methods; didn't provide
important results about how accurate Al is for diagnosis; or were peer-
reviewed articles, case reports, grey literature, reviews, and opinion
pieces.

2.4. Search strategy and sources

A search strategy was developed using the following keywords and
terms:

(((ALL=(Artificial intelligence)) OR ALL=(Ai)) OR ALL—=(Deep
learning)) OR ALL=(Machine learning)) OR ALL=(Convolutional Neu-
ral Network)) OR ALL= (CNN) AND (C((ALL=(Diagnosis)) OR ALL=
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(Diagnostic aid)) OR ALL=(Sensitivity)) OR ALL=(Specificity)) OR
ALL=(Diagnostic accuracy)) OR ALL=(Accuracy)) OR ALL=(ROC
curve)) OR ALL=(AUC curve) AND (C(ALL=(Pemphigus)) OR ALL=
(Vesiculobullous lesions)) OR ALL=(Skin diseases))) OR ALL=(Auto-
immune blistering disorders))) OR ALL=(Skin lesions)) OR ALL=(Blis-
tering lesions)) OR ALL=(Dermatological diseases)) OR ALL=
(Autoimmune bullous disease)

These keywords were used with Boolean operators (AND, OR). The
search was carried out in PubMed, Scopus and Web of science without
any restrictions or filters (Table 1). The search results were exported for
screening and selection process.

2.5. Screening and selection

The search results were imported into Rayyan software*” and du-
plicates were identified and removed. After removing the duplicates
remaining results were screened for eligibility based on title, abstract
and keywords by two reviewers. The eligible articles were then sub-
jected to full text retrieval and screening. Finally, only those articles met
eligibility criteria were included in the final analysis of the review.

2.6. Data extraction

Two reviewers independently extracted the data using the pre-
defined criteria into excel sheet. Information extracted included author
name, publication year, name of journal, country, study design, popu-
lation characteristics if available, type of sample, number of cases,
number of images, type of Al technology used, comparison with con-
ventional diagnostic methods, and outcomes (sensitivity, specificity,
diagnostic accuracy).

2.7. Risk of bias assessment

The risk of bias was performed with the Quality Assessment of
Diagnostic Accuracy Studies (QUADAS-2) tool.°’ Each study was

Table 1
Search strategies.

Data base SEARCH STRATEGY

SCOPUS TITLE-ABS-KEY(Artificial intelligence) OR TITLE-ABS-KEY(Ai) OR
TITLE-ABS- KEY(Machine learning) OR TITLE-ABS-KEY(deep
learning) OR TITLE-ABS-KEY(convolutional neural network) OR
TITLE-ABS-KEY(CNN) AND TITLE-ABS-KEY (autoimmune bullous
lesions) OR TITLE-ABS-KEY(Autoimmune blistering disorders) OR
TITLE-ABS-KEY(dermatological disease) OR TITLE-ABS-KEY
(pemphigus) OR TITLE-ABS-KEY(Pemphigoid) AND TITLE-ABS-
KEY(Sensitivity) OR TITLE-ABS-KEY(Diagnosis) OR TITLE-ABS-
KEY(Diagnostic Aid) OR TITLE-ABS-KEY(Accuracy) OR TITLE-
ABS-KEY(Specificity)

((((Artificial intelligence[Title/Abstract]) OR(Ai[Title/Abstract]))
OR (machine learning [Title/Abstract])) OR (deep learning [Title/
Abstract])) OR (convolutional neural network|[Title/Abstract]))
OR (CNN[Title/Abstract])) AND((((Pemphigus[Title/Abstract])
OR (Vesiculobullous lesions [Title/Abstract])) OR (skin disease
[Title/Abstract])) OR (autoimmune blistering disease [Title/
Abstract])) OR (autoimmune bullous disease [Title/Abstract])))
AND((((Diagnosis[Title/Abstract]) OR (Diagnostic aid [Title/
Abstract])) OR (accuracy[Title/Abstract])) OR (sensitivity[Title/
Abstract])) OR (specificity[Title/Abstract]))

(((ALL=(Artificial intelligence)) OR ALL=(Ai)) OR ALL=(Deep
learning)) OR ALL=(Machine learning)) OR ALL=(Convolutional
Neural Network)) OR ALL= (CNN) AND (C((ALL=(Diagnosis)) OR
ALL=(Diagnostic aid)) OR ALL=(Sensitivity)) OR ALL=
(Specificity)) OR ALL=(Diagnostic accuracy)) OR ALL=
(Accuracy)) OR ALL=(ROC curve)) OR ALL=(AUC curve) AND (C
(ALL=(Pemphigus)) OR ALL=(Vesiculobullous lesions)) OR ALL=
(Skin diseases))) OR ALL=(Autoimmune blistering disorders))) OR
ALL=(Skin lesions)) OR ALL=(Blistering lesions)) OR ALL=
(Dermatological diseases)) OR ALL=(Autoimmune bullous
disease)
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independently reviewed by two assessors, and discrepancies were
resolved through discussion. The tool assesses patient recruitment, index
test, reference standard, and flow and timing of the study in each study.
Studies were considered low, unclear, or high risk of bias based on the
evaluation of domains.

2.8. Data synthesis

To assess the diagnostic accuracy of Al for diagnosis of pemphigus
and pemphigoid, meta-analysis of diagnostic tests was carried out using
sensitivity and specificity extracted from the included studies. Pooled
sensitivity, and specificity was estimated alongside the generation of
summary receiver-operating characteristic (SROC) curves with help of
using the Meta-Disc 2.0.%" A bivariate random-effects regression model
was employed for the synthesis of pooled sensitivity and specificity, with
SROC curves generated using this bivariate framework. An area under
the curve (AUC) above 0.9 was considered as good diagnostic accuracy.
Heterogeneity within studies was evaluated from Cochran's Q test (¥2)
and I test. An inconsistency value () value > 75 % was considered as
high heterogeneity.

Journal of Oral Biology and Craniofacial Research 16 (2026) 15-22

3. Results
3.1. Search results

A total of 4094 records were identified through a comprehensive
search of databases (PubMed, Web of Science, and Scopus) by April
2025. After removing 104 duplicates, 3990 studies were screened based
on title, abstract and keywords which lead to exclusion of 3968 studies
leaving the 22 studies for full-text screening. One study full text could
not be retrieved. The author of the paper was contacted however one full
text paper couldn't be retrieved. Remaining 21 articles were screened for
eligibility. Out of 21, 14 were excluded since they didn't not include
Pemphigus and Pemphigoid in skin disorders, 2 studies were excluded as
they did not include the required data. Several studies, although indexed
under dermatopathology or autoimmune blistering diseases, did not
include cases of pemphigus or pemphigoid or lacked relevant diagnostic
data. Finally, 5 were included in the summary synthesis. PRISMA
(Fig. 1).%

3.2. Characteristics of included studies

Table 2T provides a detailed overview of several studies published
between 2020 and 2024, analyzing a wide range of dermatological

Identification of new studies via databases and registers

= Records identified from:
"§ Da;i%al\izz ((: Z 1'2)‘?)4): Records removed before screening:
':E' Web of Science (n = 3,860) Duplicate records (n = 104)
ﬁ Scopus (n =110)
Records screened = Records excluded
(n =3,990) (n=3,968)
A
= Reports sought for retrieval Reports not retrieved
£ (n=22) (n=1)
@
©
O
()
Reports excluded:
Reports assessed for eligibility Pemphigus and Pemphigoid not
(n=21) included (n = 14)
Required data not present (n = 2)
= New studies included in review
3 (n=5)
2 Reports of new included studies
£ (n=5)

Fig. 1. PRISMA flow diagram illustrating the study selection process for the systematic review.
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Table 2
Characteristics of included studies.
Sr Article Country Population Disease Type of CNN/AL No of Competitor Sensitivity ~ Specificity =~ Accuracy
No images
1 Ahmed, M Bangladesh ~ web sources Pemphigus CNN 3500 0.545 0.702 0.93
2023 Vulgaris
2 Capurro N Italy six CNNs and the Swin 436 Pathology reports 0.953 0.975 0.946
et al., 2024 Transformer
3 Huang K China Xiangya-Derm Pemphigus Xy-SkinNet. Xy-SkinNet 463 + Histopathological 0.774 0.986 0.75
et al., 2024 database-20 Pemphigoid 436 examination
years of data (899)
from 15
hospitals,
4 Noyan MA Turkey 2260 TzanckNet 2260 Two dermatologists 0.849 0.895 0.877
et al., 2020 Tzanck smear
images
5 Schielein Germany university bullous VGG-16,25 VGG-19,25 881 senior dermatologist, 1
MC et al. hospital pemphigoid Xception,26 junior dermatologist, 2
2022 InceptionV3,27 epidemiologists
ResNet5028
MobileNetV2.29
5 Schielein Germany university bullous VGG- 16,25 881 0.694 0.922 0.803
MC et al. hospital pemphigoid
2022
5 Schielein Germany university bullous VGG-19,25 881 0.694 0.892 0.789
MC et al. hospital pemphigoid
2022
5 Schielein Germany university bullous Xception,26 881 0.856 0.794 0.826
MC et al. hospital pemphigoid
2022
5 Schielein Germany university bullous InceptionV3,27 881 0.892 0.824 0.859
MC et al. hospital pemphigoid
2022
5 Schielein Germany university bullous ResNet5028 and 881 0.811 0.853 0.831
MC et al. hospital pemphigoid
2022
5 Schielein Germany university bullous MobileNetV2.29 881 0.766 0.892 0.826
MC et al. hospital pemphigoid
2022

conditions using Al and machine learning techniques. The studies
involved data from various countries, including Bangladesh, Italy,
China, Turkey and Germany with sample sizes ranging from 436 to 3500
clinical images.'”>?*"?” Population sources included university hospitals,
public databases, and pathology reports Schielein et al.”” analyzed 4051
images, with 881 for bullous pemphigoid, while Huang et al.>® worked
with 899 images for pemphigus vulgaris and pemphigoid. Machine
learning models and Al systems used in these studies included neural
networks like CNNs, TzanckNet, Xy-SkinNet, and advanced architec-

3.3. Risk of bias

The QUADAS-2 tool for risk of bias assessment for the five studies
revealed variability in methodological quality across domains (Table 4).
Ahmed et al. exhibited high-risk in-patient selection as it used datasets

Table 4
Risk of bias scoring using QUADAS-2.

) . g . . Domain Patient Index Reference Flow and Overall
tures like VGG, Inception, and MobileNet (Table 3). Sensitivity, speci- Selection Test Standard Timing
ficity, and accuracy metrics varied widely, reflecting differences in data Amed 3 5 3 3 5
. . me
sources, competitor benchmarks (e.g., dermatologists or pathology re- et al
ports), and image datasets, which ranged from a few hundred to several Capurro 1 1 1 1 1
thousand images (Table 2). The findings highlight the evolving potential etal.
of Al tools in enhancing diagnostic precision for dermatopathological Hua“% 1 1 1 1 1
. et al.
diseases. Noyanetal. 1 1 1 1 1
Schielein 1 1 1 1 1
et al.
Table 3
True positive, false negative, false positive, true negative number, sensitivity, and specificity in each included study.
Name Study TP FP FN TN Country Al System Database
AhmedM et al., 2023 1 745 622 636 1497 Bangladesh CNN Web sources
Capurro N et al., 2024 2 47 3 1 42 Italy CNN Hospital
Huang K et al., 2024 3 696 203 13 887 China Xy-SkinNet Hospital
Noyan MA et al., 2020 4 118 21 23 197 Turkey TzanckNet Hospital
Schielein MC et al., 2022 (a) 5 278 122 38 443 Germany VGG16 Hospital
Schielein MC et al., 2022 (b) 5 278 122 52 429 Germany VGG19 Hospital
Schielein MC et al., 2022 (C) 5 342 58 99 382 Germany Xception Hospital
Schielein MC et al., 2022 (d) 5 357 43 85 396 Germany InceptionV3 Hospital
Schielein MC et al., 2022 (e) 5 324 76 71 410 Germany ResNet50 Hospital
Schielein MC et al., 2022 (f) 5 306 94 52 429 Germany MobileNetV2 Hospital
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from web sources, with possible exclusion of “hard-to-diagnose” cases,
limiting generalizability.”* The study also had “some concerns”
regarding the index test, due to limited blinding and lack of a
gold-standard reference, further impacting the reliability of their diag-
nostic accuracy findings. Ahmed et al. shows high risk overall due to
patient selection issues, unclear index test methods and lack of a
gold-standard reference.24 In contrast, Capurro et al., Huang et al.,
Noyan et al., and Schielein et al. were assessed as low risk across all
domains.'”"?>?” These aspects ensured a closer alignment with the
QUADAS-2 criteria, minimizing potential bias. Overall, while the find-
ings of most studies can be considered reliable, the limitations identified
in Ahmed et al. suggest that its results should be interpreted cautiously
within the broader evidence base (Fig. 2).%4

3.4. Meta-analysis of diagnostic accuracy of artificial intelligence in the
diagnosis of pemphigus and pemphigoid

Five included studies in random-effect diagnostic meta-analysis
comprising clinical 7976 images of pemphigus and pemphigoid disor-
ders. The pooled diagnostic accuracy of Al-based systems was 0.83 with
95 % CI (0.73-0.90) (Fig. 3) with a pooled sensitivity of 0.86 % (CIL:
0.76-0.91) (Fig. 4), pooled specificity of 0.84 % (CI: 0.79-0.87) (Fig. 5),
reflecting its moderate effectiveness in ruling out pemphigus and pem-
phigoid disorders. Further, the positive likelihood ratio (PLR) was 5.34
(95 % CI: 4.05-7.05), and the negative likelihood ratio (NLR) was 0.16
(95 % CI: 0.09-0.28), with a DOR of 32.53 (95 % CI: 14.70-71.94)
(Fig. 6) indicates moderate to strong accuracy. However, forest plot
analysis indicated high heterogeneity among studies (F = 90.4 %),
which could be due to variability of Al models across different diag-
nostic settings.

3.5. Heterogeneity

Significant heterogeneity was observed across the included studies
(12 = 90.4 %). To explore potential sources, we compared dataset
characteristics, AI model types, data sources, and validation methods.
The analysis suggested that variations in sample size, image modality,
and algorithm architecture contributed to the observed hetero-
geneity.”>?” For example, studies using hospital-based datasets and
clearly defined validation methods reported higher diagnostic reliability
than those using web-sourced datasets .'”***” Similarly, advanced CNN
architectures (e.g., DenseNet, Swin Transformer, InceptionV3) demon-
strated greater diagnostic accuracy compared with more basic CNN
frameworks.”*»?%?” These methodological differences explain much of
the observed variability and highlight the need for standardized dataset
curation and model validation in future research.

4. Discussion

The diagnostic performance of Al in identifying pemphigus and

Risk of bias domains
D3

D2 D4 | overal |

Ahmed et al.

Capurro et al

)
e @ © © © O
(2]
e | @ © O O @
el @ © © © 0@
Domains: Judgement
D1: Patient selection. .
D2: Index test. . High
D3: Reference standard. B s
D4: Flow & timing. 0me concems
. Low

Fig. 2. Risk of bias assessment using the QUADAS-2 tool for included studies.
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pemphigoid diseases using clinical image datasets was examined in this
meta-analysis and systematic review. The meta-analysis showed that Al
has moderate diagnostic accuracy in identifying the true diagnosis of
pemphigus and pemphigoid diseases while reducing false-positive and
false-negative diagnoses. The pooled sensitivity and specificity for
pemphigus and pemphigoid lesions indicate that Al can reliably detect
characteristic clinical features, achieving diagnostic performance com-
parable to and in some cases exceeding, that of experienced clinicians.
Although the initial search identified 4094 records, only five studies met
the strict inclusion criteria.'”>?*"?” Most studies included several other
dermatopathology or vesiculobullous diseases, while others studies
lacked sufficient diagnostic data specifically for pemphigus and pem-
phigoid. The limited number of studies highlights the growing but still
moderate level of evidence emphasizing the need for more focused
Al-based diagnostic assessment research in pemphigus and pemphigoid.
One potentially relevant article could not be retrieved in full text despite
contacting the corresponding author. Its exclusion may have introduced
selection bias, although the final synthesis still captures the most
representative and data-complete studies available.

The machine learning models can reduce reliance on tissue biopsy
examination and supporting non-invasive diagnostics by utilizing the
clinical photographs. Amani et al. utilized Al trained on clinical pho-
tographs to effectively differentiate pemphigus vulgaris from healthy
mucosa.”> Meanwhile, Ramesh et al. employed deep learning models,
Xception, and MobileNetV2, to categories vesiculobullous lesions.>*
Unfortunately, they did not specifically focus on pemphigus or pem-
phigoid diseases. However, their approach demonstrated the potential
of Al in diagnosing these lesions with higher diagnostic accuracy opened
up new avenue in diagnostic utility of Al in pemphigus or pemphigoid
diseases. Additionally, Achararit et al. used deep CNNs to successfully to
identify oral lichen planus, an another type of vesiculobullous disease,
highlighting the potential of Al to accurately differentiate between
various mucosal diseases.’® In the context of viral etiologies presenting
with vesiculobullous lesions, Rahmani et al. documented the successful
use of Al tools for distinguishing monkeypox lesions from other vesicular
eruptions based on clinical photography.®® Also, Hurvitz et al. demon-
strated that AI models integrating heterogeneous clinical features
significantly improved early recognition in rare bullous diseases.’”
Ehtesham et al. developed a case-based intelligent system for oral le-
sions, demonstrating high diagnostic agreement with expert clinicians
for vesicular and bullous presentations.>’ Wells et al. emphasized the
diagnostic utility of Al in dermatopathology for vesicular diseases.”!
Similarly, Dubuc et al. developed a machine learning model that com-
bined clinical, immunological, and histopathological features to accu-
rately diagnose bullous pemphigoid. Although these studies emphasize
the use of Al in diagnosis, Al is unlikely to replace these confirmatory
tests in the near future but rather serve as an adjunct, potentially guiding
the need for more invasive diagnostics.

The diagnosis of pemphigus and pemphigoid lesions with help of Al
can present a number of challenges, despite the fact that Al have shown
promising findings. The heterogeneity in development of Al application
approaches and models including variations in dataset sources and
preprocessing techniques which makes direct comparisons across
models impossible is one of the major challenges. The absence of stan-
dardized reporting frameworks further complicates the generalizability
of these findings. Additionally, many authors did not adequately
describe the training and validation of their image datasets in sufficient
detail, resulting in evaluation bias.”* Moreover, demographic factors
such as gender and ethnic background were absent in the majority of
studies, potentially affecting diagnostic accuracy and limiting the
applicability of AI models across diverse patient populations.’®*° To
minimize variability and achieve more consistent results, researchers
should use a homogeneous population and a standardized image anno-
tation technique. In addition, large multicenter or multi-institutional
diverse datasets are crucial for enhancing the applicability, reliability,
and generalizability of diagnostic models across different populations
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Fig. 3. Summary Receiver Operating Characteristic (SROC) curve showing the diagnostic accuracy of Al in detecting pemphigus and pemphigoid disorders.

Study Events Total
Ahmed 745 1381
Capurro 47 48
Huang 696 709
Noyan 118 141
Schielein (a) 278 316
Schielein (b) 278 330
Schielein (C) 342 441
Schielein (d) 357 442
Schielein (e) 324 395
Schielein (f) 306 358
Common effect model 4561

Random effects model

Proportion 95%-CI

0.539 [0.513; 0.566]
i o 0.979 [0.889; 0.999]
i i -+ 0.982 [0.969; 0.990]
Lo 0.837 [0.765; 0.894]
E G 0.880 [0.839;0.913]
L. 0.842 [0.799; 0.880]
| 0.776 [0.734;0.814]
i —— 0.808 [0.768; 0.843]
b 0.820 [0.779;0.857]
E — 0.855 [0.814;0.890]
1% 0.714 [0.698; 0.729]
- 0.859 [0.765; 0.919]

Prediction interval

[0.379; 0.984]

Heterogeneity: /> = 98.1%, ° = 0.9301, p < 0'0001

I I I |

04 05 06 0.7 08 09

Sensitivity

Fig. 4. Forest plot of pooled sensitivity estimates for Al-based diagnostic models.

and race.

A key limitation of this review is that most CNN architectures were
represented by only a single study (e.g., TzanckNet, Xy-SkinNet, VGG
variants, InceptionV3, ResNet50, MobileNetV2), with dataset sizes
ranging from 436 to 2260 images.'””**?’ This has hindered us to
conduct sensitivity analyses or make robust comparisons between
models. Further, the substantial heterogeneity observed (1% = 98.1 %)
was attributable to differences in dataset size, imaging modality
(cytology, histopathology, clinical images), and validation method
rather than inherent performance disparities between these CNN
models.”>>?° These constraints highlight the urgent need for stan-
dardized, multi-center datasets and harmonized validation frameworks
to enable reliable benchmarking of AI models in dermatologic and
mucosal disease diagnosis.

Bringing advanced technology into medical practice comes with its
share of challenges. A key hurdle is the need for extensive, well-curated

20

image datasets that can help build accurate diagnostic tools.*? Simul-
taneously, we must handle ethical concerns with care, including patient
privacy, data security, and informed consent. Further, there is a need for
legal and regulatory bodies so that accountability remains clear in Al
based medical diagnosis."! Looking into the future, clinicians and
technology developers should focus on large-scale, multicenter studies
to ensure diagnostic models work across different populations. Inte-
grating different data sets such as clinical images, serological tests, and
histological findings could make diagnoses more precise. Expanding
remote diagnostic tools could significantly improve patient outcomes,
particularly in underserved regions where early detection and timely
treatment can make a significant difference.

5. Conclusion

The systematic review revealed that Al models are effective in
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Study Events Total Proportion 95%-Cl
Ahmed 1497 2119 - : 0.706 [0.687;0.726)
Capurro 42 45 | 0.933 [0.817;0.986]
Huang 887 1090 .—'— 0.814 [0.789;0.836]
Noyan 197 218 ! | —— 0.904 [0.857;0.939]
Schielein (a) 443 565 —— | 0.784 [0.748;0.817]
Schielein (b) 429 551 —— | 0.779 [0.742,0.813]
Schielein (C) 382 440 | - 0.868 [0.833;0.898]
Schielein (d) 396 439 i j| 0.902 [0.870;0.928]
Schielein (e) 410 486 | —— 0.844 [0.808;0.875]
Schielein (f) 429 523 :—*—— 0.820 [0.785; 0.852]
Common effect model 6476 Qo 0.780 [0.770; 0.791]
Random effects model - 0.836 [0.791; 0.872]

Prediction interval

[0.638; 0.936]

Heterogeneity: 1° = 94.6%, t° = 0.1965, p < 0'0001

[ I I |

065 0.7 0.7508 0.85 090.95

Specificity

Fig. 5. Forest plot of pooled specificity estimates for Al-based diagnostic models.

Experimental Control
Study Events Total Events Total
Ahmed 745 1367 636 2133
Capurro 47 50 1 43
Huang 696 899 13 900
Noyan 118 139 23 220
Schielein (a) 278 400 38 481
Schielein (b) 278 400 52 481
Schielein (C) 342 400 99 481
Schielein (d) 357 400 85 481
Schielein (e) 324 400 71 481
Schielein (f) 306 400 52 481
Common effect model 4855 6182

Random effects model
Prediction interval
Heterogeneity: 1> = 98.5%, t° = 1.5196, p < 0.0001

Odds Ratio OR 95%-Cl
2819 [ 2448, 3247]
———— 658.000 [ 65.897; 6570.350]
233.934 [132.369; 413.429)
48128 [25.530; 90.732)
26565 [17.918; 39.384]
18.799 [13.143; 26.890]
22752 [15.947; 32.463)
38679 [26.092, 57.339)
24618 [17.265, 35.103)
26.856 [18.567. 38.847)]

—-—

9.210
32.529

[ 8.333; 10.180]
[14.708; 71.941]
[ 1.728; 612.363]

<

0.001

T T 1

01 1 10 1000
Diagnsotic Odds Ratio

Fig. 6. Diagnostic Odds Ratio (DOR) analysis comparing Al-based diagnosis with conventional methods.

diagnosing Pemphigus and Pemphigoid diseases by improving speed,
accuracy, and efficiency. Despite the promising results, additional
research is needed to reduce the existing gaps. For Al to be a recognized
diagnostic tool in the field of dermatopathology, there must be inte-
gration between Al developers, dermatologists, and pathologists to fully
explore the capacity of Al in this field, for both clinical and resource-
limited settings.
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