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Dear Editor,

Patch testing is the diagnostic gold standard to identify causes of allergic contact dermatitis 

(ACD); however, the paucity of specialized patch testing clinics along with the need for multiple 

clinic visits can be burdensome for patients and healthcare systems. Automated classification of 

allergic reactions from photographs offers the opportunity to reduce patient, physician, and clinic time 

and improve access to care. Machine learning approaches have evolved over the past decade to 

classify skin cancer lesions, risk-stratify psoriasis patients, and identify promising new therapies. 

Here, we demonstrate a new proof-of-principle application of machine learning in dermatology for 

accurate diagnosis of allergic reactions from patch testing photographs.

77 patients [Fitzpatrick I (n=2), II (n=28), III (n=29), IV (n=14), V (n=4)] who underwent 

patch testing with the American Contact Dermatitis Society (ACDS) Core Screening Allergen Series 

at Stanford Hospital & Clinics between February 2019 and January 2021 were recruited for this study. 

Allergens were placed in eight 5x2 panels on the back and removed after 48 hours per routine clinical 

care (Figure 1A). De-identified images of each 5x2 panel were obtained four days after allergen 

application. We developed a cropping algorithm to perform automated cropping of each panel into 

images of individual allergens. Ground truth labels [1+ (n=83), 2+ (n=33), 3+ (n=2), IR (n=16)] for 

each allergen image were derived from Day 4 patch test scoring by two dermatologists (JKC, GH) 

according to International Contact Dermatitis Research Group (ICDRG) guidelines and further 

categorized into positive (1+, 2+, 3+) and negative (0, IR) reactions. Doubtful (?+) reactions and 

images of insufficient quality were excluded, resulting in a labeled dataset of 3695 images (118 

positive, 3577 negative).

The dataset was separated into a training set (1118 total images: 51 positive, 1067 negative), 

validation set (373 total images: 17 positive, 356 negative), and test set (2204 total images: 50 

positive, 2154 negative), with no overlap in patients between the test set and the training/validation 

data. Training was performed using Google’s Xception convolutional neural network (CNN) 

architecture1 pretrained to 94.5% top-five accuracy on the 1,000 object classes (1.28 million images) 

of the 2014 ImageNet Large Scale Visual Recognition Challenge.2 Following removal of the final 

classification layer, the CNN was retrained using transfer learning, leveraging the natural-image 

features learned by the ImageNet pretrained network.3 A
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On the test set of 50 positive and 2154 negative images, the CNN achieves an accuracy of 

99.5% and F1 score of 0.89. A precision-recall curve was generated and compared to that derived 

from a colors-based computer vision approach (Figure 1B). 21 unique allergens (out of the 80 ACDS 

Core Screening Allergens) comprise the 50 positive images in the test set. 13 out of the 21 allergens 

were correctly classified with 100% accuracy by the CNN (that is, the CNN classification was 

consistent with clinician clinical interpretation) in all test patients. 7 allergens (neomycin, epoxy resin 

bisphenol A, nickel, thimerosal, cobalt chloride hexahydrate, budesonide, and benzoyl peroxide) were 

each correctly classified in 96.7% of patients, while 1 allergen (Balsam Peru) was classified correctly 

in 93.3% of cases. Of the misclassifications, 4 were false positives and 7 were false negatives. The 

CNN correctly classified all dyes (p-Phenylenediamine, Disperse Yellow 3, and Disperse Blue 

106/124 Mix) in all patients. All 6 IR images in the test set were correctly classified as negative 

reactions. 

Several benefits underlie the application of machine learning for automated detection in patch 

testing. First, a standardized machine learning algorithm addresses low inter-individual accordance4,5 

between dermatologists trained in patch testing and allows for the standardization of diagnoses across 

institutions. Second, a robust machine learning application can facilitate the emerging possibilities of 

at-home diagnosis, a welcome alternative to multiple clinic visits at sparse specialized patch testing 

locations. Third, the properties of deep learning6 enable the creation of schemata that include skin-

sensitizing potency7 and regional prevalence and clinical relevance8 (Figure 1C), which may 

motivate improvements in future classification accuracy. 

Our study provides a proof-of-principle demonstration of a machine learning approach that 

can be used to classify patch test photographs with a high degree of accuracy in a limited dataset. To 

train a classifier that can distinguish beyond positive vs. negative reactions (i.e. between positive 

grades (1+,2+,3+), IR, and ?+ reactions), multi-institution efforts focused on expanding the training 

dataset of patch test photographs are needed. This letter calls for academic centers to aid in the accrual 

of patch testing images. Together with the Xception-based CNN and machine learning schema, these 

elements serve as the building blocks towards a future in which aspects of patch testing reading can 

be automated, standardized, and virtualized, with the potential to reduce cost for patients and 

physicians, improve detection accuracy, and enhance access to care. A
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Figure legend

Fig 1. CNN workflow, performance, and schema. A, Data pre-processing, training, and evaluation 

workflow. Photographs were collected using a 12-megapixel camera, cropped into individual allergen 

images, and normalized by temperature, hue, and intensity. B, Precision-recall curves showing A
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convolutional neural network (CNN) performance (F1 score 0.887, AUC 0.915) on the test set of 

2204 images, compared to a color-based computer vision (CV) representation (F1 score 0.027, AUC 

0.166). C, Schema for future automated scoring of patch testing results. Iteration over each allergen 

(e.g. Myroxylon pereirae) and identification of the image corresponding to the allergen is followed by 

a CNN based-image feature extraction and integration with allergen skin-sensitizing potency and 

significance-prevalence index number (a composite measure of allergen prevalence and clinical 

relevance) to arrive at a probability distribution over ICDRG scores. 
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