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Abstract

Background: The integration of artificial intelligence (Al) into patch testing for allergic contact dermatitis (ACD) holds the
potential to standardize diagnoses, reduce inter-observer variability, and improve overall diagnostic accuracy. However, the
challenges faced by the field and the limitations hindering clinical implementation have not been thoroughly explored.

Objective: This narrative review aims to examine the current applications of Al in patch testing, identify challenges, and
propose future directions for their use in dermatology.

M ethods: PubMed was searched in August 2024 to identify studies involving human participants undergoing patch testing with
Al or ML interventions. Exclusion criteria were non-English articles and non-original research. Data were synthesized to assess
study design, performance, and potential for clinical application.

Results: Ten out of 94 reviewed articles met the inclusion criteria. The majority utilized convolutional neural networks (CNNs)
for image analysis, with accuracy rates ranging from 90.1% to 99.5%. Other Al models, such as Gradient Boosting and Random
Forest, were used for risk prediction and biomarker discovery. Key limitations included limited sample sizes, variability in image
capture protocols, and lack of standardized reporting on skin types.

Conclusions: Al has significant potential to enhance diagnostic accuracy and standardize patch test interpretation with the
potential to help expand access to patch testing. However, standardized imaging protocols, larger and more diverse datasets, and
improved regulatory frameworks are necessary to realize the full potential of Al in patch testing.
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Abstract:

Background: The integration of artificial intelligence (AI) into patch testing for allergic contact

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tang et a
dermatitis (ACD) holds the potential to standardize diagnoses, reduce inter-observer variability, and
improve overall diagnostic accuracy. However, the challenges faced by the field and the limitations
hindering clinical implementation have not been thoroughly explored.

Objective: This narrative review aims to examine the current applications of Al in patch testing,
identify challenges, and propose future directions for their use in dermatology.

Methods: PubMed was searched in August 2024 to identify studies involving human participants
undergoing patch testing with Al or ML interventions. Exclusion criteria were non-English articles
and non-original research. Data were synthesized to assess study design, performance, and potential
for clinical application.

Results: Ten out of 94 reviewed articles met the inclusion criteria. The majority utilized
convolutional neural networks (CNNs) for image analysis, with accuracy rates ranging from 90.1%
to 99.5%. Other AI models, such as Gradient Boosting and Random Forest, were used for risk
prediction and biomarker discovery. Key limitations included limited sample sizes, variability in
image capture protocols, and lack of standardized reporting on skin types.

Conclusions: Al has significant potential to enhance diagnostic accuracy and standardize patch test
interpretation with the potential to help expand access to patch testing. However, standardized
imaging protocols, larger and more diverse datasets, and improved regulatory frameworks are

necessary to realize the full potential of Al in patch testing.

Keywords: Artificial Intelligence; Machine Learning; Patch Testing; Allergic Contact Dermatitis

Introduction:
Allergic contact dermatitis (ACD) is a common inflammatory skin condition affecting approximately
20% of the population, with significant impacts on patients' quality of life and productivity [1,2].

Traditional patch testing methods, while effective for diagnosing ACD, can be time-consuming and
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subject to inter-observer variability [3,4]. As technology continues to advance, the integration of
artificial intelligence (AI) offers the possibility of standardizing interpretations, reducing human

error, and potentially improving the overall diagnostic process in patch testing [5].

Al, broadly defined as the ability of computer systems to mimic human cognitive functions,
encompasses various computational subfields including machine learning (ML). Furthermore, deep
learning (DL), a subset of ML, utilizes algorithms modeled after human neurons to detect complex
patterns and relationships in data [6]. These Al technologies have shown promising applications in
dermatology, ranging from identifying skin malignancies to classifying inflammatory skin conditions
and analyzing clinical notes. The visual nature of dermatology, combined with the increasing volume
of clinical photographs, dermoscopy images, abundance of psychometric data from wearable
devices, and electronic health records, makes it particularly well-suited for Al-augmented patient

care [6,7,8].

The use of Al in patch testing is particularly intriguing due to the complex nature of interpreting
patch test results. Several factors, such as weak positive reactions, irritant reactions, and the timing
of readings can all influence the accuracy of diagnoses [9,10,11,12]. With the integration of Al
algorithms, these challenges could potentially be mitigated, leading to more accurate and consistent
interpretations of patch test results. However, the implementation of Al into clinical practice is not
without its own challenges. Issues such as algorithm bias, clinical accuracy, data privacy, and the
need for large, diverse datasets for training must be carefully considered [13,14]. Additionally, the
integration of these technologies into the existing clinical workflow and their acceptance by both

physicians and patients are important factors to consider.

This narrative review aims to explore the current landscape of Al applications in patch testing for
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ACD. We will examine the types of algorithms that are currently being researched, their
performance, the challenges faced, and potential future directions for this rapidly evolving field. By
synthesizing the available literature, we hope to provide a comprehensive overview of the state of Al
in patch testing and how Al can be leveraged to improve patch testing practices and diagnostic

accuracy of ACD in the future.

Methods:

Search Strategy:

A comprehensive literature search was performed in August 2024 using the PubMed database. The
search was conducted without date restrictions to capture the full scope of research in this emerging
field. This broad approach ensured that all relevant studies, regardless of publication date, were
included, providing a more thorough evaluation of AI applications in patch testing and the

observance of any trends over time. Literature searches were conducted using combinations of

keywords, such as "artificial intelligence,” "machine learning," "patch testing,” and "contact
dermatitis" or “skin" (see Supplementary Table S1 for full search term list). These terms were chosen
to ensure a wide net was cast, incorporating both general Al terms and specific patch testing and

dermatology-related concepts.

Supplementary Table S1: Search Terms Used for This Review

Category Search Terms
Machine ("Machine Learning"[Mesh] OR "Artificial Intelligence"[Mesh] OR "Deep
learning Learning"[Mesh] OR "Supervised Machine Learning"[Mesh] OR "Support

Vector Machine"[Mesh] OR "Unsupervised Machine Learning"[Mesh] OR
"Computer Heuristics"[Mesh] OR "Natural Language Processing"[Mesh]
OR "Neural Networks, Computer"[Mesh] OR "Expert Systems"[Mesh] OR
"Fuzzy Logic"[Mesh] OR "Machine Learning" OR "Artificial Intelligence"
OR "Deep Learning" OR "Augmented Intelligence" OR "Large Language
Models" OR "Foundation Models" OR "Neural Networks" OR
"Convolutional Neural Networks" OR "Supervised Learning” OR
"Unsupervised Learning" OR "Natural Language Processing" OR "Image
Analysis" OR "Pattern Recognition" OR "Data Mining" OR "Decision

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]
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Support Systems"” OR "Machine Intelligence” OR "Cognitive Computing"
OR "Automated Diagnosis" OR "Predictive Modeling”" OR "Computer
Vision" OR "Image Recognition" OR "Algorithmic Diagnosis" OR
"Ensemble Learning" OR "Health Informatics” OR "Diagnostic Decision
Support” OR "Expert Systems" OR "Computer-Aided Diagnosis" OR
"reinforcement learning" OR "Generative Adversarial Network™)

Patch Test ("Patch Tests"[Mesh] OR "patch test” OR "patch testing" OR "patch tests"
OR "Patch Test Allergens" OR “Drug Patch Test” OR epicutaneous test OR
Contact Sensitization Testing)

Skin (skin OR epicutaneous OR cutaneous OR epidermis OR “skin barrier” OR
skin inflammation OR skin sensitization)

Contact ("Dermatitis, Contact"[Mesh] OR "contact dermatitis” OR "Dermatitis,

Dermatitis Allergic Contact"[Mesh] OR Allergic Eczematous Dermatitis OR Allergic

Contact Dermatitis OR "Dermatitis, Photoallergic"[Mesh] OR Photocontact
Dermatitis OR Photosensitive Dermatitis OR photoallergic OR photoallergy
OR "Allergic Dermatitis" OR "Contact Allergy" OR "Contact Sensitivity"
OR "Contact Hypersensitivity" OR Dermatitis Allergic Occupational OR
"Dermatitis, Occupational"[Mesh] OR Industrial Dermatosis OR
"occupational dermatitis" OR dermatitis)))

Inclusion and Exclusion Criteria:

Criteria for inclusion and exclusion were defined prior to screening to reduce potential biases.
Studies were included if they met the following criteria: the population consisted of human patient
populations undergoing patch testing; the study design involved Al (which includes ML and DL);
and outcomes reported on the performance of these algorithms. All publication types, including
journal articles, conference abstracts, and preprints, were considered. Studies were excluded if they
were not written in English or if they were not original research, such as review papers or

perspectives.

Study Selection Process and Data Extraction:

The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) approach was
selected to ensure transparency and replicability in the selection process, providing a clear pathway
from initial search to final inclusion [15,16]. Each article was independently reviewed by two
reviewers, and in cases of disagreement, a third reviewer assessed the article to determine its

inclusion in the study to enhance the reliability and accuracy of inclusion decisions and reduce the
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risk of individual reviewer bias. From the included studies, the following data elements were then
extracted: study design; sample size; skin types included; length of study for each participant;
location of study; materials used (such as types of patches); type of Al algorithm and its performance
in the study; limitations and challenges of the study; and future directions. The findings were then
synthesized to highlight trends, gaps, and potential areas for future research in the application of Al
in patch testing. This synthesis serves as a foundation for guiding future research efforts, with the
goal of synthesizing both technical and clinical factors of the clinical patch testing procedure,
analysis, data capturing, image capturing and storage, Al algorithms, and diagnostic accuracy
comprehensively, contributing to the current gaps in the current practice of Al integration within

dermatological patch testing diagnostics.

Results:

A total of 94 records were ultimately screened and evaluated for eligibility, as shown in the PRISMA
flow diagram (Figure 1) [15]. Of the 94 articles, our literature review identified 10 relevant studies
which employed various Al techniques in the context of patch testing and skin sensitization
prediction as shown in Table 1. These studies encompassed a wide range of approaches, from image

analysis of patch test results to molecular profiling and risk prediction models.

Figure 1: PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
2020 flow diagram for the identification of studies [15]

Idgntification
Records identified from: Record removed before
Databases (n = 1)* screening;:
Manual Search (n = 1) Duplicate records removed
(n=0)
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Records scro€heening
(n=94)

Reports sought for retrieval
(n=92)

Reports assessed for eligibility
n=92)

Tuded

Studies included in review
(n=10)

Records excluded:
Not human studies (n = 2)

(n=0)

Reports not retrieved

Reports excluded:**
Not human studies (n = 5)
Not original research (n = 2)
Not including AI/ML/DL in
patch testing (n = 85)

*Databases used in this narrative review: PubMed
**Reports excluded: Does not meet inclusion criteria: 1) Population: All patient populations
(humans) undergoing patch testing 2) Interventions: Studies designs and performance of artificial
intelligence (AI) / machine learning (ML) / deep learning (DL) algorithms in patch testing 3)
Outcomes: Non-English and non-original research (e.g.; review papers, perspectives) were excluded
for the purposes of this narrative review.

Tang et a

Table 1:
thor, Study Type of AI | Location | Skin Types | Materials Dermatologist | Training Data | Test/ Accuracy/
ar Objective Algorithm Included; Used Involvement Sample Size Validation Performance
Used Demographics (Yes/No) Data Sample
(n, %) Size
ritsi et | To investigate | Multiple Greece N/A 4 allergens Yes 800 patients N/A N/A
, 2024 the contact | Correspondenc
allergy patterns | e Analysis
(MCA),
Categorical
Principal
Components
Analysis
(CATPCA)
vishank | To evaluate the | Convolutional United Fitzpatrick N/A Yes 125 patients. | 2,725 images AUC: 0.940,
et al, | use of | Neural States Skin Types I- 13,622 images. Accuracy:
24 convolutional Network II: 110 (88%), 90.1%,
neural (CNN) I1-v: 15 Sensitivity:
networks  to (12%) 86.0%,
determine Specificity:
presence of Caucasian: 100 90.2%
patch test (80%), Black:
reactions 4 (3.2%),
Asian: 6

https://preprints.jmir.org/preprint/67154
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(4.8%),
Unknown: 15
(12%)

., | To develop a | CNN United White: 165 | 80  allergens | Yes 201 patients. | 507 images AUC: 0.885,
deep learning States (82.1%), Black | (Mayo Clinic 2,810 image Accuracy:
algorithm  for or African | standard tiles. 90.9%,
the analysis of American: 20 | series)  were Sensitivity:
patch testing (10.0%), used for all 70.1%,

Asian: 5 | patients; Specificity:
(2.5%), Other | specific series/ 91.7%, F1
or Unknown: | panels varied Score: 37.1

11 (5.5%) by patient.

et | To investigate | Multiple Greece Greek 3 allergens Yes 240 patients N/A N/A
the patterns of | Correspondenc Caucasian: 240
contact e Analysis (100%)
sensitization (MCA)

zakis et | To investigate | CNN Greece N/A 30 allergens Yes 200 patients. | Validation set: | Pre-processing
the feasibility 1,190 images 357 images scheme
of using a deep comparison:
learning F1 Score: 0.83,
classifier ~ for Accuracy:
automating the 90%,
identification Specificity:
of  allergens 95%, Recall:
causing ACD 79%,
Precision: 87%
fevre et | To characterize | Boruta, France, N/A 6 allergens, 3 | Yes 47 patients N/A Accuracy: 90-
the molecular | Random Forest | Belgium irritants 100%
signatures of | (RF)
chemical-
induced  skin
inflammation
through
comprehensive
transcriptomic
analysis

et | To develop a | CNN United Fitzpatrick 80 allergens | Yes 77 patients. | CNN training | AUC: 0.915,
machine States Skin Types I: 2 | (American 3,695 images. set: 1,118 | Accuracy:
learning (2.6%), II: 28 | Contact images. 99.5%, F1
approach  for (36.4%), III: | Dermatitis Validation set: | Score: 0.89
accurate 29 (37.7%), | Society 373 images.
classification Iv: 14 | (ACDS) Core Test set: 2,204
of  patch-test (18.2%), V: 4 | Screening images.
photographs. (5.2%) Allergen

Series)
nningha | To compare the | Gradient United N/A 36 allergens Yes 42,434 patients | Test set: | Gradient
et al., | predictive Boosting, RF, | Kingdom 10,609 patients | Boosting: AUC
accuracy of | AdaBoost, mean 0.69 (SD
logistic Logistic 0.06), RF:
regression with | Regression AUC mean
more (LR) 0.60 (SD
sophisticated 0.052).
machine AdaBoost:
learning AUC mean
approaches 0.58 (SD
such as 0.048). LR:
gradient AUC mean
boosting in 0.65 (SD
predicting 0.068).
patch  testing
results
rtino et | To identify and | GARBO Finland N/A 4 allergens Yes 85 patients. 89 | Validation set: | GARBO
validate (novel Genetic patch test | 31 patch test | Accuracy:
biomarkers to | Algorithm with biopsies. biopsies 86%-94%, F1
distinguish RF-based Score: 94% for
allergic and | classifier), RF, Allergic
irritant contact | CIBERSORT, Contact
dermatitis  in | INFORM Dermatitis
human skin. (Inference  of (ACD), 92%
Regulatory for Irritant
Modules) Contact
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Dermatitis
(ICD)
ler et | To identify if | RF, LR Germany | N/A 24 allergens No 105,325 Tuning set: | RF: N/A.
,2017 certain pairs of s patients. 35,294, LR: AUC >
positive Switzerla Validation set: | 0.90.
reactions to nd, 70,031.

allergens may Austria
be associated
with
polysensitizati
on.

https://preprints.jmir.org/preprint/67154

Characteristics of Included Studies:

Geographically, the studies were conducted across various countries and continents, with the United
States (3 studies) and Greece (3 studies) being the most represented. The remaining studies were
distributed across other European countries, including the United Kingdom, Finland, and a multi-
country study spanning Germany, Switzerland, and Austria. Sample sizes also varied considerably
between the studies, ranging from 47 patients in the molecular signature study by Lefevre et al. [17]
to 105,325 patients in the large-scale analysis by Adler et al [18]. The materials used for patch testing
varied, with many employing standard European baseline series allergens. However, some studies,
such as Lefevre et al. [17] and Fortino et al. [19], used specific sets of allergens and irritants for their
molecular profiling approaches. Regarding skin types, only three out of the 10 studies reported on
the distribution of skin tones in their datasets. Hall et al. [20] reported that 82% of their sample was
White and had lighter Fitzpatrick skin types (typically I-III). Chan et al. [21] included Fitzpatrick
skin types I-V, with the majority falling into Fitzpatrick II-III. Ravishankar et al. [22] showed a

significant imbalance, with 88% of images representing lighter skin tones (Fitzpatrick I-II).

Al and ML Techniques Used:
Overall, Convolutional Neural Networks (CNNs) were the most commonly used algorithms for
image analysis of patch test reactions, appearing in four of the ten studies (Hall et al. [20], Chan et al.

[21], Ravishankar et al. [22], and Vezakis et al. [23]). These CNN-based models demonstrated high

[unpublished, non-peer-reviewed preprint]
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accuracy in identifying and classifying patch test reactions. The study by Hall et al. [20] reported an
accuracy of 90.9% with an AUC of 0.885, while Chan et al. [21] achieved an even higher accuracy of
99.5% with an AUC of 0.915. Similarly, Ravishankar et al. [22] and Vezakis et al. [22] reported
accuracies of 90.1% and 90%, respectively, further supporting the potential of CNNs use in patch test
interpretation. Other approaches, such as Random Forest, Gradient Boosting, and Logistic
Regression, were employed in studies focusing on risk prediction and biomarker discovery
(Cunningham et al. [24], Lefevre et al. [17], Fortino et al. [19], and Adler et al. [18]). Notably, the
study by Cunningham et al. [24] compared multiple algorithms and found that Gradient Boosting
outperformed other methods, including Logistic Regression, with an AUC of 0.69 for predicting
cutaneous allergy risk. Two studies (Kyritsi et al., 2023 [25] and 2024 [26]) utilized Multiple
Correspondence Analysis to investigate patterns and relationships in patch test data, particularly in
the context of occupational dermatitis and population-specific sensitization profiles. While these
studies did not provide specific accuracy metrics, they demonstrated the utility of Al techniques in

uncovering complex associations within patch test data.

Discussion:

This review of 10 studies exploring the application of AI techniques in patch testing reveals
promising advancements along with numerous challenges and limitations. The diverse range of
approaches, from image analysis to molecular profiling and risk prediction, demonstrates the
versatility of Al in addressing various aspects of contact dermatitis diagnosis and patch testing in

general.

The high accuracy achieved by CNN-based models in analyzing patch test images is particularly
significant. With accuracies ranging from 90.1% to 99.5%, these models show great potential for
automating and standardizing patch test interpretation, as some studies have shown inter-rater
variability in diagnosing patch test reactions [4]. This could lead to more consistent diagnoses across

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]
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different clinical settings and potentially reduce the workload for dermatologists and help expand
access to patch testing. One key barrier is the need for standardized imaging protocols. The
variability in the quality of images, as well as the inconsistency in how and when these images are
captured, introduces a significant source of error in AI models. Standardized, high-quality image
capture and storage protocols are essential for ensuring that Al systems can be effectively trained and

applied across different clinical settings.

Moreover, our review underscores the necessity for large, diverse, and representative image
databases to train AI models. The development of these datasets will require multi-institutional
collaboration with diverse skin types. The creation of a global patch testing image repository would
not only improve Al model performance, but also accelerate the discovery of new dermatological
insights, enable the continuous refinement of diagnostic algorithms, and increase diagnosis

assistance for complex cases, especially in lower resource settings.

The application of other techniques such as Random Forest, Gradient Boosting, and Logistic
Regression in risk prediction and biomarker discovery is also promising. The study by Cunningham
et al. [24], which found Gradient Boosting to outperform other methods in predicting patch testing
results, suggests that more complex, non-linear approaches may be necessary to capture the
intricacies of skin sensitization mechanisms. This highlights the potential of ML in discerning subtle
patterns that may not be apparent through traditional statistical analyses. A more widespread and
diverse dataset would not only enhance the performance of Al but also address concerns around bias,
ensuring that Al-driven diagnostic tools are equitable and effective for all patients, regardless of

demographic factors.

Despite the promising results, several limitations were identified across the reviewed studies. Firstly,

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]
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most studies had relatively small sample sizes, with eight out of 10 studies including fewer than 250
participants, and only two studies (Cunningham et al. [24] and Adler et al. [18]) including more than
1,000 patients. This limits the generalizability of findings and may lead to overfitting in ML models
as many of the studies noted. Secondly, there was a lack of diversity in skin types reported across
studies, with eight of our studies not specifying the range of Fitzpatrick skin types included. This is
particularly important given that skin reactions can present differently across various skin types,
potentially affecting the performance of image-based Al models [27,28]. Additionally, the lack of
standardization in methodology across studies makes direct comparisons challenging. Some studies
used standard European baseline series allergens, while others used specific sets of allergens, making

it difficult to assess and compare the robustness of the models across different allergen panels.

The ethical implications of using Al in clinical practice and industry engagement in this space also
warrant attention. As Al tools become more integrated into dermatology, it is crucial to maintain
transparency and interpretability in AI models [29]. Clinicians must understand the basis of Al-
generated decisions to ensure that these tools complement, rather than replace, clinical judgment.
Efforts to increase Al literacy among healthcare professionals, as well as to develop user-friendly Al
interfaces, will be essential in fostering the integration of these technologies into routine clinical

workflows.

Furthermore, the regulatory landscape for Al in dermatology, and healthcare more broadly, is still
evolving. While AI tools show promise, rigorous validation and regulatory approval are needed
before they can be fully integrated into clinical practice [30]. Dermatologists, healthcare institutions,
and national and international policymakers must collaborate to develop clear guidelines for the safe

and effective use of Al in patch testing and other dermatological applications.
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Overall, Al holds immense potential to revolutionize the diagnosis of contact dermatitis through
more accurate and standardized patch testing methods. However, to realize this potential, further
research is needed to address the challenges of standardization, data diversity, model transparency,
and regulatory oversight. With concerted efforts, Al can serve as a powerful tool in dermatology,
enhancing diagnostic capabilities, improving patient outcomes, advancing precision dermatology,

and ultimately contributing to more equitable healthcare delivery [31].

Conclusion:

This narrative review underscores the significant potential of Al to revolutionize patch testing by
enhancing diagnostic accuracy, reducing inter-provider variability, and contributing to a more
standardized and efficient framework for diagnostics and interpreting patch test reactions from
digital images. The high accuracies achieved by CNN models in patch test image analysis are
particularly noteworthy, suggesting a possible path towards more standardized and objective patch
test interpretation internationally. Our analysis also highlights a need for the development and
adoption of standardized protocols for capturing and storing patch test images. Establishing these
protocols is crucial for facilitating accurate diagnostics across diverse patient populations, supporting
quality improvement efforts, and promoting Al-driven advancements and analyses. The creation of
expansive patch testing databases and standardized protocols will empower increased application of

Al systems to deliver more accurate, equitable, and scalable care in the management of ACD.

Acknowledgments:

We would like to acknowledge Robert Johnson, Clinical and Research Support Librarian at the
UCLA Louise M. Darling Biomedical Library, for his expertise and assistance in the development of
the search strategy for this review.

Conflicts of interest: The authors have no conflicts of interest to disclose.

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tang et a

References:

1. Alinaghi F, Bennike NH, Egeberg A, Thyssen JP, Johansen JD. Prevalence of contact allergy in the
general population: A systematic review and meta-analysis. Contact Dermatitis. 2019;80(2):77-85.
doi:10.1111/cod.13119.

2. Kalboussi H, Kacem I, Aroui H, et al. Impact of Allergic Contact Dermatitis on the Quality of Life
and Work  Productivity. =~ Dermatology = Research  and  Practice.  2019;2019:1-8.
doi:10.1155/2019/3797536.

3. Warshaw EM, Nelson D. Prevalence of patch testing and methodology of dermatologists in the
US: results of a cross-sectional survey. Am J Contact Dermat. 2002;13(2):53-58.

4. Goodier MC, DeKoven JG, Taylor JS, et al. Inter-rater variability in patch test readings and final
interpretation using store-forward teledermatology. Contact Dermatitis. 2021;85(3):274-284.
doi:10.1111/cod.13856.

5. McMullen E, Grewal R, Storm K, et al. Diagnosing contact dermatitis using machine learning: A
review. Contact Dermatitis. 2024;91(3):186-189. doi:10.1111/cod.14595.

6. Omiye JA, Gui H, Daneshjou R, Cai ZR, Muralidharan V. Principles, applications, and future of
artificial intelligence in dermatology. Front Med (Lausanne). 2023 Oct 12;10:1278232. doi: 10.3389/
fmed.2023.1278232.

7. Wongyvibulsin S, Frech TM, Chren MM, Tkaczyk ER. Expanding Personalized, Data-Driven
Dermatology: Leveraging Digital Health Technology and Machine Learning to Improve Patient

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tang et a

Outcomes. JID Innov. 2022 Feb 1;2(3):100105. doi: 10.1016/j.xjidi.2022.100105.

8. Wongvibulsin S, Sangers T, Clibborn C, Li YJ, Sharma N, Common JEA, Reynolds NJ, Tanaka
RJ. A Report and Proposals for Future Activity from the Inaugural Artificial Intelligence in
Dermatology Symposium Held at the International Societies for Investigative Dermatology 2023
Meeting. JID Innov. 2023 Sep 22;4(1):100236. doi: 10.1016/j.xjidi.2023.100236.

9. Lazzarini R, Duarte I, Ferreira AL. Patch tests. An Bras Dermatol. 2013;88(6):879-888.
doi:10.1590/abd1806-4841.20132323.

10. Jonker MJ, Bruynzeel DP. The outcome of an additional patch-test reading on days 6 or 7.
Contact Dermatitis. 2000;42(6):330-335. doi:10.1034/j.1600-0536.2000.042006330.x

11. Todd DJ, Hasdlev J, Metwali M, Allen GE, Burrows D. Day 4 is better than day 3 for a single
patch  test reading. Contact  Dermatitis. 1996;34(6):402-404.  doi:10.1111/j.1600-
0536.1996.tb02241 .x.

12. Uter WJ, Geier J, Schnuch A. Good clinical practice in patch testing: readings beyond day 2 are
necessary: a confirmatory analysis. Members of the Information Network of Departments of
Dermatology. Am J Contact Dermat. 1996;7(4):231-237.

13. Nazer LH, Zatarah R, Waldrip S, et al. Bias in artificial intelligence algorithms and
recommendations for mitigation. Kalla M, ed. PLOS Digit Health. 2023;2(6):e0000278. doi:10.1371/
journal.pdig.0000278.

14. Norori N, Hu Q, Aellen FM, Faraci FD, Tzovara A. Addressing bias in big data and Al for health
care: A call for open science. Patterns. 2021;2(10):100347. doi:10.1016/j.patter.2021.100347.

15. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, Shamseer L,
Tetzlaff JM, Akl EA, Brennan SE, Chou R, Glanville J, Grimshaw JM, Hrébjartsson A, Lalu MM, Li
T, Loder EW, Mayo-Wilson E, McDonald S, McGuinness LA, Stewart LA, Thomas J, Tricco AC,
Welch VA, Whiting P, Moher D. The PRISMA 2020 statement: an updated guideline for reporting
systematic reviews. BMJ. 2021 Mar 29;372:n71. doi: 10.1136/bmj.n71.

16. Jahan N, Naveed S, Zeshan M, Tahir MA. How to Conduct a Systematic Review: A Narrative
Literature Review. Cureus. 2016 Nov 4;8(11):e864. doi: 10.7759/cureus.864.

17. Lefevre MA, Nosbaum A, Rozieres A, Lenief V, Mosnier A, Cortial A, Prieux M, De Bernard S,
Nourikyan J, Jouve PE, Buffat L, Hacard F, Ferrier-Lebouedec MC, Pralong P, Dzviga C, Herman A,
Baeck M, Nicolas JF, Vocanson M. Allergy. 2021 Dec;76(12):3697-3712. doi: 10.1111/all.14989.
Epub 2021 Jul 14.

18. Adler W, Gefeller O, Uter W. Positive reactions to pairs of allergens associated with
polysensitization: analysis of IVDK data with machine-learning techniques. Contact Dermatitis.
2017 Apr;76(4):247-251. doi: 10.1111/cod.12706.

19. Fortino V, Wisgrill L, Werner P, Suomela S, Linder N, Jalonen E, Suomalainen A, Marwah V,
Kero M, Pesonen M, Lundin J, Lauerma A, Aalto-Korte K, Greco D, Alenius H, Fyhrquist N. Proc
Natl Acad Sci U S A. 2020 Dec 29;117(52):33474-33485. doi: 10.1073/pnas.2009192117. Epub
2020 Dec 14.

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tang et a

20. Hall MR, Weston AD, Wieczorek MA, Hobbs MM, Caruso MA, Siddiqui H, Pacheco-Spann
LM, Lopez-Dominguez JL, Escoda-Diaz C, Carter RE, Bruce CJ. An Automated Approach for
Diagnosing Allergic Contact Dermatitis Using Deep Learning to Support Democratization of Patch
Testing. Mayo Clinic Proceedings: Digital Health. 2024;2(1):131-138.
doi:10.1016/j.mcpdig.2024.01.006.

21. Chan WH, Srivastava R, Damaraju N, Do H, Burnett G, MacFarlane J, Xie SM, Chen JK, Honari
G, Sarin KY. Automated detection of skin reactions in epicutaneous patch testing using machine
learning. Br J Dermatol. 2021 Aug;185(2):456-458. doi: 10.1111/bjd.20141. Epub 2021 Jun 1.

22. Ravishankar A, Heller N, Bigliardi PL. Dermatitis. 2024 Mar-Apr;35(2):144-148. doi:
10.1089/derm.2023.0148. Epub 2023 Sep 12.

23. Vezakis IA, Lambrou GI, Kyritsi A, Tagka A, Chatziioannou A, Matsopoulos GK.
Bioengineering (Basel). 2023 Aug 3;10(8):924. doi: 10.3390/bioengineering10080924.

24. Cunningham L, Ganier C, Ferguson F, White IR, Watt FM, McFadden J, Lynch MD. Contact
Dermatitis. 2022 Mar;86(3):165-174. doi: 10.1111/cod.14011. Epub 2021 Dec 23.

25. Kyritsi A, Tagka A, Stratigos A, Pesli M, Lagiokapa P, Karalis V. A Retrospective Analysis to
Investigate Contact Sensitization in Greek Population Using Classic and Machine Learning
Techniques. Adv Exp Med Biol. 2023;1424:145-155. doi:10.1007/978-3-031-31982-2_15.

26. Kyritsi A, Tagka A, Stratigos A, Karalis V. Preservative contact allergy in occupational
dermatitis: a machine learning analysis. Arch Dermatol Res. 2024;316(7):372. doi:10.1007/s00403-
024-03101-1.

27. Burli A, Vashi NA, Li BS, Maibach HI. Allergic Contact Dermatitis and Patch Testing in Skin of
Color Patients. Dermatitis®. 2023;34(2):85-89. doi:10.1089/derm.2022.29011.abu.

28. Scott I. Update on Contact Dermatitis and Patch Testing in Patients With Skin of Color. Cutis.
2021;108(1). doi:10.12788/cutis.0292.

29. Lee I, Aninos A, Lester J, Rotemberg V, Schlessinger DI, Weed J, Wongvibulsin S, Daneshjou R.
Engaging industry effectively and ethically in artificial intelligence from the Augmented Artificial
Intelligence Committee Standards Workgroup. J Am Acad Dermatol. 2024 Aug;91(2):312-314. doi:
10.1016/j.jaad.2024.03.036. Epub 2024 Apr 30.

30. Wongvibulsin S, Yan MJ, Pahalyants V, Murphy W, Daneshjou R, Rotemberg V. Current State of
Dermatology =~ Mobile  Applications ~ With  Artificial  Intelligence = Features. JAMA
Dermatol. 2024;160(6):646—650. doi:10.1001/jamadermatol.2024.0468.

31. Wongvibulsin S, Ho BK, Kwatra SG. Embracing machine learning and digital health technology

for precision dermatology. J Dermatolog Treat. 2020 Aug;31(5):494-495. doi:
10.1080/09546634.2019.1623373. Epub 2019 Jun 14.

https://preprints.jmir.org/preprint/67154 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Tang et a

Abbreviations:
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ML: Machine Learning

OVID: Online Variants in Databases
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flow diagram for the identification of

studies [15].
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