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Mpox-AISM: Al-mediated super
monitoring for mpox and like-mpox

Yubiao Yue,>* Minghua Jiang,"* Xinyue Zhang,*® Jialong Xu,® Huacong Ye,® Fan Zhang,'* Zhenzhang Li,?>*
and Yang Li®*

SUMMARY

Swift and accurate diagnosis for earlier-stage monkeypox (mpox) patients is crucial to avoiding its spread.
However, the similarities between common skin disorders and mpox and the need for professional diag-
nosis unavoidably impaired the diagnosis of earlier-stage mpox patients and contributed to mpox
outbreak. To address the challenge, we proposed “Super Monitoring”, a real-time visualization technique
employing artificial intelligence (Al) and Internet technology to diagnose earlier-stage mpox cheaply,
conveniently, and quickly. Concretely, Al-mediated “Super Monitoring” (mpox-AISM) integrates deep
learning models, data augmentation, self-supervised learning, and cloud services. According to publicly
accessible datasets, mpox-AISM's Precision, Recall, Specificity, and F1-score in diagnosing mpox reach
99.3%, 94.1%, 99.9%, and 96.6%, respectively, and it achieves 94.51% accuracy in diagnosing mpox,
six like-mpox skin disorders, and normal skin. With the Internet and communication terminal, mpox-
AISM has the potential to perform real-time and accurate diagnosis for earlier-stage mpox in real-world
scenarios, thereby preventing mpox outbreak.

INTRODUCTION

Monkeypox, also known as mpox, is an infectious disease caused by the mpox virus."” In 2022, the World Health Organization (WHO)
declared the global mpox outbreak a public health emergency of international concern. Since May 2022, over 90000 cases of mpox have
been reported worldwide.” Given the increasing number of cases of mpox, it is urgent to quickly and timely diagnose the mpox virus. poly-
merase chain reaction (PCR) is the primary clinical technology for mpox diagnosis.” Although its diagnosis result is credible, it is still not the
best solution to forestall mpox spread. This is because the clinical features of mpox patients initially show symptoms resembling the flu,” fol-
lowed by skin rashes, which first appear on the face and then gradually spread to the extremities.® From the appearance, symptoms of these
rashes are easily confused with measles, chickenpox, eczema, and other skin diseases.”® Furthermore, mpox symptoms usually start within
three weeks of exposure to the virus, yet the mpox virus spreads to others from the time symptoms begin or even during the incubation
period.” When patients actively seek testing, they are usually in the later stage of conditions, which may have caused the widespread spread
of the virus among the public.

The above facts demonstrate that employing traditional diagnostic techniques to diagnose late-stage mpox is not conducive to prevent-
ing mpox spread, particularly at crucial places like border customs or in high-risk areas with dense crowds such as hospitals and schools.
Notably, PCR technology necessitates specialized operating equipment, skilled medical personnel, and significant costs. For areas with
limited medical resources, such as the wild and rural areas in underdeveloped regions, timely and efficient mpox testing is often inaccessible.
Meanwhile, the diagnostic results of PCR are often incorrect since the viremia lasts for a short span of time in relation to the time specimens are
generally collected after symptoms begin.® Furthermore, earlier-stage mpox rash resembles common skin diseases, frequently resulting in
misdiagnosis and wrong treatment. Even more worryingly, most of the cases of mpox outbreak have been reported in locations that have
historically been free from the infection,” thereby highlighting the fact that developing an easy-to-use, low-cost, rapid and accurate method
for the diagnosis of earlier-stage mpox is critically significant for swiftly preventing the spread of the outbreak and avoiding the deterioration
of patients’ physical conditions.”

Given the above issues, artificial intelligence (Al) offers a reliable solution.'® Recently, deep learning (DL) models in Al have achieved sig-
nificant success in various fields, including machine vision, medical imaging, and driverless vehicles. They have become sophisticated tools for
addressing previously unknown and challenging problems. Moreover, Al-based innovations have reduced the cost of expensive equipment
and professional knowledge required in the clinical diagnosis process, thereby helping overcome resource-constrained environments.'" In
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Figure 1. Application process and settings of Mpox-AISM
(A) Application process of Mpox-AISM.
(B-E) Application settings in different situations.

this work, we employed the Internet, popular DL algorithms, data augmentation and a novel self-supervised learning (SSL) strategy, i.e., “A
Simple Framework for Contrastive Learning of Visual Representations” (SimCLR),'” to design a real-time and online strategy for diagnosing
mpox. Our strategy considers the clinical characteristics of mpox rash and its high similarity to common skin diseases and helps diagnose
earlier-stage mpox conveniently and swiftly (Figure 7). We validated the effectiveness of Mpox-AISM using publicly available datasets.
Furthermore, we classified the mpox rash images into four grades (1, Il, Ill, and Others) and two stages (earlier and later) based on dataset
characteristics and the clinical evolution trend of the mpox rash. In detail, Grade-l means body parts are more prone to poxrash, i.e., the faces,
necks, and hands.'*'* At the same time, Grade-Il contains the arms and legs, which are not easily covered by clothing and other articles of
daily use. We retested Mpox-AISM and found that it still performs well in diagnosing mpox images in different parts and stages. Particularly, to
improve the reliability and security of mpox-AISM, we also visualized and explained its decision-making process and results.

Based on the advantages above, we have named this strategy Al-mediated “Super Monitoring” (Abbreviated as mpox-AISM, Figure 1A).
Mpox-AlISM has the potential to diagnose earlier-stage mpox in various settings, such as entry-exit inspection in airports and customs (Fig-
ure 1B), family doctors (Figure 1C), a rural area in an underdeveloped region (Figure 1D), the wild and other settings (Figure 1E). By deploying
mpox-AISM in these settings, users only need to capture images of human skin using networked devices with lenses and upload them to our
cloud server via the Internet, and then mpox-AISM will then return the results to the user in real-time (Figure 1A). In the end of the work, we
have also developed a smartphone application based on mpox-AISM (mpox-AISM App) to provide free mpox testing services to the public
and healthcare providers.

RESULTS

Mpox-AISM design workflows

In this study, we selected ten classical classification models from the field of computer vision, namely VGG-19, GooglLeNet, ResNet101,
ResNeXt101_64x4D, DenseNet201, EfficientNet_BO, RegNetY_16GF, RegNetX_32GF, Vision Transformer Base, and Swin Transformer Base.
Before training and testing these models, we expanded Data_A into Data_C through data augmentation. Subsequently, Data_C was used to train
and test each model under identical experimental conditions. Owing to the requirements for SSL, the EfficientNet-BO and ResNeXt-101_64x4D
models were selected as final candidate models based on their superior performance. To further improve model performance, SimCLR and the
SSL Dataset were employed to pre-train these two models. Following SSL, Data_C was utilized to retrain and retest the pre-trained models. Exper-
imental results reveal that ResNeXt101_64x4D with SImCLR achieved state-of-the-art (SOTA) performance. The SOTA model was ultimately de-
ployed to the cloud server, and Mpox-AISM was constructed. Mpox-AISM is capable of interacting with smartphones, webcams, and other
network devices via the Internet. Users need only capture images of the lesioned skin area using the lenses of networked devices and upload
them to Mpox-AISM. Subsequently, a real-time primary diagnosis result will be provided. The specific workflow is shown in Figure 2.

Model screening, self-supervised learning, retraining and retesting

The Test Accuracy and Train Loss were used to evaluate the candidate models. The Test Accuracy and Train loss of each candidate model
were recorded during 300 epochs (Figure 3A). Among all models, EfficentNet_BO had the highest Accuracy (90 - 57%, 273th epoch), followed
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Figure 2. The workflow of this study

by Resnext101_64x4D (84 - 97%, 258th epoch), and their trends were also similar in terms of Train loss (Figure 3B). Typically, higher Accuracy
means better performance. However, due to the use of SSL, the structure of the model architecture was also considered. Like supervised
learning, SSL benefits from deeper and wider networks,” which means that although the Accuracy of Resnext101_64x4D is not as good as
EfficientNet_BO, Resnext101_64x4D with SImCLR may outperform EfficientNet_B0 with SimCLR due to its deeper and wider model architec-
ture. Considering this fact, we chose these two models as the encoders of SImCLR.

During the SSL, we adjusted the size of inputimages to 224 x 224 pixels and uniformly used stochastic gradient descent (SGD) to optimize
model parameters. Data augmentation in SImCLR was set as random crop and resize + random color jitter. We recorded the NT-Xent Loss
values after each epoch and plotted the trend of NT-Xent Loss (Figure 3A). The experimental results indicate that the NT-Xent Loss of
Resnext101_64x4D is lower than that of EfficientNet_BO throughout the whole process, which signifies Resnext101_64x4D benefits more
from SSL when NT-Xent Loss is only compared.

Data_C was utilized to retrain and retest two models pre-trained by SImCLR. The experimental equipment and the hyperparameters of the
training process were the same as before. Meanwhile, the models were comprehensively evaluated using five metrics, i.e., Accuracy, F1-score
(Fi3. 4C), Precision (Figure 3D), Recall (Figure 3E), Specificity (Figure 3F) and confusion matrix (Figures 3G-3J). Meanwhile, the above metrics
were also used to evaluate the models without SImCLR to demonstrate the potential of SSL. In terms of Accuracy, Resnext101_64x4D
improved from 84 - 96% previously to 94 - 51% and EfficientNet_BO improved from 90 - 51% previously to 92 - 5%. In terms of F1-score (Fig-
ure 3C), Resnext101_64x4D pre-trained by SimCLR was the most advanced in six categories (i.e., Bullous, Chickenpox, Eczema, mpox, Urti-
caria, and Vasculitis), reaching 90 - 4%, 96 - 8%, 95 - 7%, 96 - 6%, 93 - 3%, and 88 - 1% respectively. In terms of Precision (Figure 3D),
Resnext101_64x4D pre-trained by SimCLR is the most advanced in the six categories (i.e., Bullous, Eczema, mpox, Normal, Urticaria, and
Vasculitis), reaching 88 - 8%, 95 - 5%, 99 - 3%, 98 - 2%, 94 - 2%, and 86 - 9% respectively. Regarding Recall (Figure 3E), Resnext101_64x4D
pre-trained by SimCLR learning was the most advanced in five categories (i.e., Bullous, Eczema, Measles, mpox, and Vasculitis), reaching 92 -
0%, 96 - 0%, 97 - 8%, 94 - 1%, and 89 - 4% respectively. In terms of Specificity (Figure 3F), Resnext101_64x4D pre-trained by SimCLR was the
most advanced in the six categories (i.e., Bullous, Eczema, mpox, Normal, Urticaria, and Vasculitis), achieving 98 - 5%, 99 - 0%, 99 - 9%, 99 -
8%, 99 - 3%, and 98 - 4%, respectively. Consistent with our considerations, Resnext101_64x4D benefited more from SSL and was superior on
the confusion matrix (Figures 3G-3J). Based on the results of these metrics, Resnext101_64x4D with SimCLR was eventually deployed in
Mpox-AISM.

Mpox-AISM grading assessment

To enable Mpox-AISM to be conveniently deployed in various real-world settings, we, according to the characteristics of the dataset, the evo-
lution trend of mpox rash and clinical features of most cases, further classified images of mpox rashes into four grades and evaluated the
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Figure 3. Training and testing performances of various models

(A and B) Test Accuracy and Train loss trends for the ten models, respectively.

(C) F1-score for test set of Data_C.

(D) Precision for test set of Data_C.

(E) Recall for test set of Data_C.

(F) Specificity for test set of Data_C.

(G-J) Confusion matrix of Renext101_64x4D with SimCLR, Renext101_64x4D, Efficientnet_B0O with SimCLR and Efficientnet_BO for test set of Data_C (“+" means
“with").
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Earlier
Stage

Figure 4. Sample categories and division styles

(A) Diagrams of mpox rash (Grade-I, Grade-Il, Grade-Ill and Others).
(B) Diagrams of human body parts.

(C) Diagrams of mpox rash at earlier-stage and later-stage.

performance of the model in predicting these images (Figures 4A and 4B): Grade-| (faces, necks and hands) is a body part that is not easily
covered and has high incidence; Grade-Il (arms and legs) is a body part that is easier to check; Grade-lll (back and chest); These three grades
photos were taken from a distance. Grade-IV, or Others, is taken at close range. After evaluating these images via Mpox-AISM, the Recallrates
of Grade-l, Grade-ll, Grade-lll, and Others are 98 - 59%, 100 - 00%, 94 - 59% and 99 - 33%, respectively.

Accurate diagnosis for earlier-stage mpox helps curb the epidemic’s spread. However, the symptoms of mpox rash are not severe in the
earlier-stage and are easily confused with other skin diseases. So, we specially tested Mpox-AISM's performance using rash images of earlier-
stage mpox patients (Figure 4C). Experimental result shows that Mpox-AISM achieves 100% Recall in testing the images of earlier-stage mpox
patients and has excellent diagnosis performance in diagnosing the images of later-stage mpox patients too. Most importantly, the Accuracy
of the earlier-stage mpox means that even in the earlier-stage of mpox rash, Mpox-AISM can also make a primary diagnosis of the sus-
pected case.

Mpox-AISM interpretability

Deep learning models have exhibited superior performance in various tasks. However, due to their over-parameterized black-box nature, it is
often difficult to understand the prediction results of deep models."® The lack of interpretability raises a severe issue about the trust of deep
models in high-stakes prediction applications, such as autonomous driving, healthcare, criminal justice, and financial services.'® Especially in

iScience 27, 109766, May 17, 2024 5
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Figure 5. Heat maps for eight categories of skin diseases generated by the Grad-CAM method
(A) Normal.
(B) Bullous.
(C) Chickenpox.
(D) Eczema.

(E) Measles.

(F) Urticaria.

(G) mpox.

(H) Vasculitis.

the healthcare field, the results predicted by the models will affect the patient’s subsequent treatment, so it is imperative to interpret these
results. In addition, the WHO's Ethics and Governance of Artificial Intelligence for Health: WHO Guidance, published in 2021, specifies that Al
should be intelligible or understandable to developers, users and regulators.!” Therefore, it is necessary to provide interpretable techniques
in model prediction.

In our work, we employed Gradient-weighted Class Activation Mapping (Grad-CAM) to explain the Mpox-AISM’s decision-making pro-
cess. Grad-CAM s a result visualization and interpretation technique that makes prediction results made by deep learning models more trans-
parent. Grad-CAM helps in visualizing the regions of the image that are important for a particular classification. The gradient information is
used to calculate the activation map of CNN for the input image, and the magnitude of the activation map can indicate the degree of influ-
ence of the image classification result on each part of the original image. Figure 5 shows the heat maps of the diagnosis results generated by
the Grad-CAM method where red stands for high relevance, yellow stands for medium relevance, and blue stands for low relevance. From
Figure 5, it can be seen that our model focuses well on the lesion region.

Mpox-AISM application
We designed PC (Figure 6B) and mobile (Figure 6A) application pages corresponding to Mpox-AISM for ease of use. The PC terminal com-
bines the terminal camera to capture the target image for diagnosis, which can be applied to entry-exit inspection in airports and customs

6 iScience 27, 109766, May 17, 2024
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Figure 6. Mobile and PC application styles

(A) Mobile application page.

(B) PC application page.

(C) Box distribution diagram of prediction probability of each category.

(Figure 1B). Mobile terminals, such as mobile phones, users only need to upload skin images from mobile phone lens or album by clicking the
button located at the center of the screen, and then the categories of skin lesion area can be predicted, which provide a primary diagnosis to
the user. The mobile terminal can be applied to family doctors, rural areas in underdeveloped regions, the wild and other settings
(Figures 1C-1E). The Mpox-AISM corresponding terminal in this study is highly convenient and imposes no strict restrictions on the operator's
photographing angle or distance thanks to multiple data augmentation strategies.

To further improve the reliability of the application system, we carried out prediction probability distribution statistics on the test set
(Hllustration in Figure 6C). It was found that in the test set, the proportion of samples with prediction probability >0 - 6 is 94%, and the
Accuracy of Mpox-AISM for these samples is almost 95 - 9%. For mpox images in these samples, Precision, Recall, Specificity, and F1-score
achieve respectively 99 - 3%, 95 - 9%, 99 - 9% and 97 - 6%. Besides, the proportion of samples with a prediction probability <0 - 5is 5 - 4%, and
the error is >98%. So, we set the prediction threshold at the application terminal to 0 - 6. If the application displays a case with a prediction
probability value less than O - 6, the application will give a prompt that manual intervention is required. In addition, we tested the model using
ten images of our normal skin and images (23 bullous images, 13 eczema images, two chickenpox images, two measles images, eight vascu-
litis images and 12 urticaria images) of 60 cases in the dermatology atlas. The results show that the prediction results of the model are almost
consistent with the ground truth. That is, the model accuracy achieved 93%.

Notably, the application also provided confidence in results and typical pathological images of various parts to improve the interpretability
of results and the vigilance of patients. Our application can help suspected patients and doctors preliminarily screen and diagnose lesion
areas anytime and anywhere without cost. In particular, during the outbreak of mpox, such applications can provide specific technical support
for limiting the spread of the epidemic.

DISCUSSION

In this study, we aimed to develop an efficient and real-time mpox diagnosis technology to help control the spread of mpox. In view of the
unique appearance characteristics of mpox, we proposed mpox-AlSM, an innovative diagnosis strategy integrating Al and Internet technol-
ogy. With the help of the Internet, mpox-AISM can swiftly realize the visual diagnosis of mpox through the captured a skin rash image and
distinguish it from six common like-mpox skin diseases and normal skin. The widely recognized public dataset was utilized to verify mpox-
AISM. The experimental results showed that the accuracy of mpox-AISM reached 94.51%. Especially in the diagnosis of mpox, the Precision,
Recall, Specificity, and F1-score of mpox-AISM reached 99.3%, 94.1%, 99.9%, and 96.6%, respectively, showing its excellent diagnosis
performance.

The rapidly developing Al has made significant contributions to simplifying clinical processes and decision-making in health care.'’ How-
ever, the performance of an Al model largely depends on the quality of the dataset.'® For healthcare professionals, collecting a large number
of medical images with accurate labels is facing great challenges, while obtaining unlabeled medical images is relatively easy.'” Especially for
diseases such as mpox, itis particularly difficult to establish a high-quality dataset, because it requires dermatologists to spend much time on
image acquisition and the accurate diagnosis of skin lesions in numerous patients. Facing this challenge, we employed data augmentation
technology to simulate the image changes that the model may encounter in real-world settings. It is worth noting that we have introduced
SSL, an innovative unsupervised learning paradigm aimed at enhancing the performance of the deep learning model in diagnostic tasks. Re-
searchers generally believe that the use of SSL in medical image processing is of great significance because it can build proxy tasks to repre-
sentand learn large-scale unlabeled data, thereby effectively improving the performance of downstream tasks (such as image classification).”
Our experimental results show that the performance of the deep learning model using SSL in diagnosing various types of images has been
significantly improved, which is consistent with the previous research results.”’~>* Due to the implementation of SSL, we can also use a large
number of captured unlabeled data to quickly iterate and optimize the deep learning model when mpox-AISM is used to diagnose patients
with skin rashes in real-world settings.”* To our knowledge, we adopted the SSL strategy in mpox diagnosis research for the first time and
verified its effectiveness.

The outbreak of infectious diseases may spread rapidly around the world and bring huge risks to global public health.”> Consequently,
enhancing the management of infectious diseases is crucial for preventing infection and mitigating associated risks. Research shows that
mHealth technology can assist people in better detecting, monitoring, and managing infectious diseases, thus facilitating the rapid identi-
fication of potential epidemics.”® The WHO defines mHealth as the medical and public health practice supported by mobile devices. Statis-
tical data reveal that approximately 2.5 billion individuals globally possess smartphones, and about 4.9 billion individuals have access to the
Internet.””*® Simultaneously, advancements in optical technology, materials, and software engineering are making smartphones increasingly
compact and powerful. Smartphone-based mHealth applications hold significant potential in facilitating unparalleled professional clinical di-
agnoses and treatments.”’ Particularly, Al enables smart tools (such as smartphones) to assist primary healthcare providers in helping with a
rough screening at the doorstep and in peripheral areas having poor doctor-patient ratios."" In light of these considerations, we have devel-
oped an Internet-enabled smartphone application (mpox-AISM App) based on the proposed mpox-AISM strategy. Given the widespread
adoption of smartphones and the Internet, the mpox-AISM App could be pivotal in maintaining public health safety and controlling the
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mpox outbreak. Despite the application’s functions (reading images, sending images to the cloud server, and displaying diagnostic results to
users) being straightforward and fundamental, it serves as an invaluable resource for both the public and primary healthcare providers in high-
risk areas with limited medical resources. The mpox-AISM app not only accelerates the preliminary screening of suspected cases and reduces
reliance on professional medical facilities but also offers a dependable and accessible tool for healthcare providers and the public to manage
the mpox outbreak more effectively. In the future, the mpox-AISM app can aid individuals in high-risk areas and primary healthcare providers
lacking specialized knowledge (such as community doctors, general practitioners, rural doctors, and family doctors) in swiftly conducting pre-
liminary screenings for skin rashes, thereby urging at-risk individuals to seek professional medical care promptly and reducing the risk of trans-
mitting the mpox virus. The mpox-AISM app can significantly enhance the speed and efficiency of public health responses, particularly in
communities requiring rapid diagnosis and response, thereby combating the spread of mpox, safeguarding public health, and curbing
the outbreak.

The early diagnosis of mpox patients holds critical importance, as it not only markedly enhances the effectiveness of treatment and
mitigates the long-term impact on the patient’s health but also significantly curtails the speed of disease transmission.”” Building upon
this foundation, we specifically evaluated the potential of mpox-AISM in diagnosing earlier-stage mpox rash. This endeavor aims to enhance
the confidence of users affected by earlier-stage mpox in mpox-AISM. Clinically, mpox rashes, with significant morphological differences, can
manifest across various body parts. Additionally, when deploying systems based on mpox-AISM in public spaces, these systems are typically
restricted to capturing individuals’ facial and hand areas. Therefore, a grading assessment strategy has been implemented. Our dataset is
divided into mutually exclusive subsets based on body parts, and the model subsequently predicts each subset. Using this evaluation strategy
affords users comprehensive insight into the model’s performance in diagnosing rashes across various body parts. The significance of inter-
pretable Al in medical image processing has grown, as it not only bolsters the trust and comprehension of medical professionals in the Al
decision-making process but also enhances the model’s transparency and reliability. Here, we employed Grad-CAM (Gradient-weighted
Class Activation Mapping) to highlight the areas in rash images that contribute most significantly to the model’s predictions, thus offering
an intuitive visual explanation for the model’s decision-making process. The reason for choosing grad cam is that compared with other inter-
pretable Al technologies, grad cam can be applied without modifying the model architecture and can be applied to various deep learning
models.*

At the outset of this work, numerous studies have successfully employed Al and rash images to diagnose mpox swiftly. We conducted a
comprehensive review of these studies, detailing their findings and the advantages of our research in Table 1. Our analysis revealed that
despite progress in previous research, numerous limitations persist. Specifically, previous studies predominantly focus on differentiating
mpox from non-mpox cases, as well as diagnosing mpox, chickenpox, measles, and normal skin conditions. Indeed, an efficient model ought
not only to diagnose mpox accurately but also to identify various non-mpox rashes accurately, thereby offering detailed preliminary screening
results for the public in areas with limited medical resources and alleviating the workload of clinicians. Furthermore, from a clinical standpoint,
the model’s efficacy in the early diagnosis of mpox is crucial for controlling the outbreak. However, previous studies have overlooked eval-
uating the model’s diagnostic capabilities for earlier-stage mpox. Additionally, most previous studies only developed and validated deep
learning models, neglecting the development of corresponding applications. The most crucial thing is that all previous work only used
data augmentation and supervised learning strategies to address the challenge of insufficient medical images, which may lead to the
following drawbacks: (1) Model performance depends on the number of annotated images used; (2) the model is susceptible to the impact
of imbalanced datasets®'; and (3) overuse of data augmentation may lead to overfitting of the model. In contrast, our work effectively ad-
dresses the aforementioned shortcomings.37 Firstly, our model can not only diagnose mpox, chickenpox, measles, and normal skin but
also diagnose four common skin diseases in daily life: eczema, urticaria, bullae, and vasculitis. Therefore, the mpox-AISM App can serve
as a skin disease screening tool for most patients with rashes and primary healthcare providers. Secondly, we specifically evaluated the per-
formance of the model in diagnosis earlier-stage mpox and developed corresponding networked smartphone applications. Most impor-
tantly, for the first time, we adopted a joint strategy based on SSL and supervised learning to develop the model. We not only demonstrated
for the first time that SSL can effectively improve the performance of mpox diagnostic models but also trained high-performance diagnostic
models using a small number of labeled images.

In conclusion, this work utilized Al technology and the Internet to develop an innovative mpox diagnosis strategy called mpox-AISM suc-
cessfully. By reading digital images captured by the lenses of networked devices, mpox-AISM can not only accurately diagnose mpox, but
also recognize common like-mpox skin diseases and normal skin conditions. It is worth emphasizing that mpox-AISM has demonstrated
excellent performance in diagnosing early mpox, providing strong technical support for controlling the mpox outbreak. The unique design
of mpox-AISM allows it to be widely deployed on everyday electronic devices, enabling rapid mpox screening in various real-world settings. In
addition, the mpox-AISM App, tailored for smartphones, has shown great potential for application, especially in environments with limited
medical resources. In daily life, the mpox-AISM App can serve as a skin disease management tool for the public and healthcare providers,
thereby significantly reducing the risk of the mpox virus to public health safety.

Limitations of the study

We acknowledge that this study has several limitations. First, although data augmentation and SSL strategies have alleviated the model per-
formance degradation caused by insufficientimages, the diversity of our dataset still needs to be strengthened. Therefore, future research will
seek to collaborate with professional institutions to obtain more clinical images to improve the diagnostic performance and robustness of
mpox-AISM. Second, the model used by mpox-AISM has many parameters, which puts significant pressure on the computing resources
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Table 1. Comparison of our work with previous studies

Training Earlier-stage
Method Year  Strategy Dataset Size Image Categories  mpox Accuracy  Application
AICOM-MP?* 2024  SL 6124 labeled images MPOX, Non-Mpox x 96.3% x
MobileNetV3-large™ 2024 SL 400 labeled images mpox, chickenpox, X 88.2% x
acne,
normal
PoxNet22?” 2023 SL 3192 labeled images mpox, x 100.0% x
non-mpox
DenseNet201%¢ 2023 SL 1710 labeled images mpox, chickenpox, x 97.6% X
measles,
normal
MobileNetV3-small*” 2023 SL 2056 labeled mpox, X 96.0% x
images non-mpox
ResNet18%* 2023 SL 3192 labeled mpox, X 99.5% X
images non-mpox
Vision Transformer®? 2023 SL 3192 labeled mpox, X 94.7% X
images non-mpox
MonkeyNe’c40 2023 SL 8689 labeled mpox, chickenpox, X 93.2% X
images measles,
normal
Xception+DenseNet169*! 2022 SL 1754 labeled mpox, chickenpox, X 87.13% X
images measles,
normal
MobileNetv2*? 2022 SL 3192 labeled mpox, X 91.1% v
images non-mpox
Mpox-AISM* (this work) 2024 SL + SSL 25331 unlabeled mpox, chickenpox, 100.0% (Recall) 94.5% 174
images +4831 labeled measles,
images bullous,
eczema,
urticaria,
vasculitis,
normal

‘SSL’ and 'SL" mean self-supervised learning and supervised learning, respectively.

of cloud servers. Therefore, future research will also focus on developing lightweight models to improve response speed and reduce compu-
tational costs. Third, although mpox AISM can recognize seven types of skin diseases and normal skin, it is still necessary to expand more
disease categories in the dataset to improve its practicality. Finally, conducting a thorough clinical evaluation of Al algorithms before adopt-
ing them in practice is crucial.” Therefore, further prospective clinical testing is needed to ensure its reliability and safety before the wide-
spread use of the mpox-AISM app. Given that mpox is an infectious disease, it is recommended that primary healthcare providers combine
epidemiological survey results when using the mpox-AISM app to make more accurate diagnoses and guide patients to refer them to pro-
fessional institutions.** In addition, considering that models based on multimodal inputs have better learning ability compared to single
modal input models,*” we are planning to develop a multimodal model that combines rash images and epidemiological survey results, aiming
to improve the diagnostic accuracy and stability of mpox-AISM.
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Figure 7. Some samples of mpox and other rash diseases
(A) mpox.

(B) Measles.

(C) Bullous.

(D) Eczema.

(E) Chickenpox.
(F) Urticaria.
(G) Normal.

(H) Vasculitis.

o EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
o METHOD DETAILS

O Data usage

O Data augmentation and SimCLR
o QUANTIFICATION AND STATISTICAL ANALYSIS

ACKNOWLEDGMENTS

This work was financially supported by the National Natural Science Foundation of China (Grant No. 52172083), International Science & Tech-
nology Cooperation Program of Guangdong (Grant No. 2021A0505030078), and Guangzhou Key Research and Development Program (Grant
No. 2023B03J1239); Program for Innovative Research Team in University of Education System of Guangzhou (Grant No. 202235404). Open
research funds from the Sixth Affiliated Hospital of Guangzhou Medical University, Qingyuan People’s Hospital.

AUTHOR CONTRIBUTIONS

Design or conceptualization of the study: Y.Y.,M.J., Z.L., F.Z,, and Y.L.; Acquisition of data: Y.Y.,, M.J., Z.L., F.Z,, and J.X.; Models training: Y.Y.,
X.Z.,HY., and Z.L.; Analysis or interpretation of the data: Y.Y., M.J., F.Z,, and Z.L.; Drafting or revising the manuscript for intellectual content:
Y.Y.,MJ., ZL,FZ,and Y.L; Grant proposal and funding acquisition: F.Z. and Y.L.; Supervision and mentoring: Y.Y., Z.L., and Y.L.

DECLARATION OF INTERESTS

The authors declare no competing interests.

Received: May 27, 2023
Revised: September 16, 2023
Accepted: April 15, 2024
Published: April 17, 2024

iScience 27, 109766, May 17, 2024 11




¢? CellPress

OPEN ACCESS

REFERENCES

1.

N

w

o

~

[ee)

12

Gong, Q., Wang, C., Chuai, X., and Chiy, S.
(2022). Monkeypox virus: a re-emergent
threat to humans. Virol. Sin. 37, 477-482.
https://doi.org/10.1016/j.virs.2022.07.006.

. Ciccarese, G., Di Biagio, A., Bruzzone, B.,

Guadagno, A., Taramasso, L., Oddenino, G.,
Brucci, G., Labate, L., De Pace, V.,
Mastrolonardo, M., et al. (2023). Monkeypox
outbreak in Genoa, Italy: Clinical, laboratory,
histopathologic features, management, and
outcome of the infected patients. J. Med.
Virol. 95, €28560. https://doi.org/10.1002/
jmv.28560.

. Zygmunt, A., Saunders, A., Navarro, C.,

Hasso, M., and Collinson, S. (2023). Mpox
outbreak control indicators used in Ontario,
Canada: May 21-December 10, 2022. J. Med.
Virol. 95, €29251. https://doi.org/10.1002/
jmv.29251.

. Algarate, S., Bueno, J., Crusells, M.J., Ara, M.,

Alonso, H., Alvarado, E., Ducons, M., Arnal,
S., and Benito, R. (2023). Usefulness of Non-
Skin Samples in the PCR Diagnosis of Mpox
(Monkeypox). Viruses 15, 1107. https://doi.
org/10.3390/v15051107.

. Absil, G., Sougne, L., Lahrichi, D., Collins, P.,

Meuris, C., Moutschen, M., Nikkels, A.F., and
Orban, C. (2022). Monkeypox. Rev. Med.
Liege 77, 452-455.

. Soheili, M., Nasseri, S., Afraie, M., Khateri, S.,

Moradi, Y., Mahdavi Mortazavi, S.M., and
Gilzad-Kohan, H. (2022). Monkeypox:
Virology, Pathophysiology, Clinical
Characteristics, Epidemiology, Vaccines,
Diagnosis, and Treatments. J. Pharm. Pharm.
Sci. 25, 297-322. https://doi.org/10.18433/
jpps33138.

. Ciccarese, G., Di Biagio, A., Drago, F.,

Mastrolonardo, M., Pipoli, A., Lo Caputo, S.,
Serviddio, G., Santantonio, T., and Parodi, A.
(2022). Monkeypox virus infection mimicking
primary syphilis. Infez. Med. 31, 113-115.
https://doi.org/10.53854/1iim-3101-16.

. Patel, SK., Rana, J., Agrawal, A.,

Channabasappa, N.K., Niranjan, A.K., and
Emran, T.B. (2023). Mpox and the need for
improved diagnostics — correspondence.
Ann. Med. Surg. 85, 1323-1324. https://doi.
org/10.1097/MS9.0000000000000436.

. CDC (2023). Mpox in the U.S. Cent. Dis.

Control Prev.. https://www.cdc.gov/poxvirus/
monkeypox/index.html

. Cogkun, M., Yildirim, O., UCar, A., and Demir,

Y. (2017). An overview of popular deep
learning methods. Eur. J. Tech. 7, 165-176.
https://doi.org/10.23884/ejt.2017.7.2.11.

. Sethi, Y., Patel, N., Kaka, N., Desai, A.,

Kaiwan, O., Sheth, M., Sharma, R., Huang, H.,
Chopra, H., Khandaker, M.U., et al. (2022).
Avrtificial Intelligence in Pediatric Cardiology:
A Scoping Review. J. Clin. Med. 11, 7072.
https://doi.org/10.3390/jcm11237072.

. Chen, T., Kornblith, S., Norouzi, M., and

Hinton, G. (2020). A Simple Framework for
Contrastive Learning of Visual
Representations. Preprint at arXiv. https://
doi.org/10.48550/arXiv.2002.05709.

. El'Eid, R, Allaw, F., Haddad, S.F., and Kanj,

S.S. (2022). Human monkeypox: A review of
the literature. PLoS Pathog. 18, €1010768.
https://doi.org/10.1371/journal.ppat.
1010768.

. Petersen, E., Kantele, A., Koopmans, M.,

Asogun, D., Yinka-Ogunleye, A., lhekweazu,
C., and Zumla, A. (2019). Human Monkeypox:
Epidemiologic and Clinical Characteristics,
Diagnosis, and Prevention. Infect. Dis. Clin.

iScience 27, 109766, May 17, 2024

15.

20.

21.

22.

23.

24.

25.

26.

27.

North Am. 33, 1027-1043. https://doi.org/10.
1016/j.idc.2019.03.001.

Li, X., Xiong, H., Li, X., Wu, X., Zhang, X., Liu,
J., Bian, J., and Dou, D. (2022). Interpretable
deep learning: interpretation,
interpretability, trustworthiness, and beyond.
Knowl. Inf. Syst. 64, 3197-3234. https://doi.
org/10.1007/s10115-022-01756-8.

. Carvalho, D.V., Pereira, E.M., and Cardoso,

J.S. (2019). Machine Learning Interpretability:
A Survey on Methods and Metrics. Electronics
8, 832. https://doi.org/10.3390/
electronics8080832.

. WHO Guidance (2021). Ethics and

Governance of Artificial Intelligence for
Health (World Health Organ).

. Wang, X., Liang, G., Zhang, Y., Blanton, H.,

Bessinger, Z., and Jacobs, N. (2020).
Inconsistent Performance of Deep Learning
Models on Mammogram Classification.

J. Am. Coll. Radiol. 17, 796-803. https://doi.
org/10.1016/j.jacr.2020.01.006.

. Shurrab, S., and Duwairi, R. (2022). Self-

supervised learning methods and
applications in medical imaging analysis: a
survey. PeerJ. Comput. Sci. 8, e1045. https://
doi.org/10.7717/peerj-cs.1045.

Xu, J. (2021). A Review of Self-supervised
Learning Methods in the Field of Medical
Image Analysis. Int. J. Image Graph. Signal
Process. 13, 33-46. https://doi.org/10.5815/
ijigsp.2021.04.03.

Guo, Y., Yang, C., Lin, T, Li, C., Zhang, R., Wu,
R., and Xu, Y. (2022). Self Supervised Lesion
Recognition for Breast Ultrasound Diagnosis.
In 2022 IEEE 19th International Symposium
on Biomedical Imaging (ISBI), pp. 1-4.
https://doi.org/10.1109/ISBI52829.2022.
9761701.

Xiang, Z., Zhuo, Q., Zhao, C., Deng, X., Zhu,
T.,Wang, T., Jiang, W., and Lei, B. (2022). Self-
supervised multi-modal fusion network for
multi-modal thyroid ultrasound image
diagnosis. Comput. Biol. Med. 150, 106164.
https://doi.org/10.1016/j.compbiomed.2022.
106164.

Tiu, E., Talius, E., Patel, P., Langlotz, C.P., Ng,
A.Y., and Rajpurkar, P. (2022). Expert-level
detection of pathologies from unannotated
chest X-ray images via self-supervised
learning. Nat. Biomed. Eng. 6, 1399-1406.
https://doi.org/10.1038/s41551-022-00936-9.
Krishnan, R., Rajpurkar, P., and Topol, E.J.
(2022). Self-supervised learning in medicine
and healthcare. Nat. Biomed. Eng. 6, 1346~
1352. https://doi.org/10.1038/s41551-022-
00914-1.

Quinn, S.C., and Kumar, S. (2014). Health
Inequalities and Infectious Disease
Epidemics: A Challenge for Global Health
Security. Biosecur. Bioterrorism Biodefense
Strategy, Pract. Sci. 12, 263-273. https://doi.
0rg/10.1089/bsp.2014.0032.

Ahn, E., Liu, N., Parekh, T., Patel, R.,
Baldacchino, T., Mullavey, T., Robinson, A.,
and Kim, J. (2021). A Mobile App and
Dashboard for Early Detection of Infectious
Disease Outbreaks: Development Study.
JMIR Public Health Surveill. 7, €14837. https://
doi.org/10.2196/14837.

Rowland, S.P., Fitzgerald, J.E., Holme, T,
Powell, J., and McGregor, A. (2020). What is
the clinical value of mHealth for patients? NPJ
Digit. Med. 3, 4. https://doi.org/10.1038/
s41746-019-0206-x.

. Ali, A, Raza, AAA., and Qazi, l.A. (2023).

Validated digital literacy measures for

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

iScience

populations with low levels of internet
experiences. Dev. Eng. 8, 100107. https://doi.
org/10.1016/j.deveng.2023.100107.
Almufareh, M.F., Tehsin, S., Humayun, M.,
and Kausar, S. (2023). A Transfer Learning
Approach for Clinical Detection Support of
Monkeypox Skin Lesions. Diagnostics 13,
1503. https://doi.org/10.3390/
diagnostics13081503.

Liang, Y., Li, M., and Jiang, C. (2022).
Generating self-attention activation maps for
visual interpretations of convolutional neural
networks. Neurocomputing 490, 206-216.
https://doi.org/10.1016/j.neucom.2021.
11.084.

Rajaraman, S., Ganesan, P., and Antani, S.
(2022). Deep learning model calibration for
improving performance in class-imbalanced
medical image classification tasks. PLoS One
17, e0262838. https://doi.org/10.1371/
journal.pone.0262838.

Su, J., Yu, X,, Wang, X., Wang, Z., and Chao,
G. (2024). Enhanced transfer learning with
data augmentation. Eng. Appl. Artif. Intell.
129, 107602. https://doi.org/10.1016/j.
engappai.2023.107602.

Yang, T., Yang, T., Liu, A., An, N, Liu, S., and
Liu, X. (2024). AICOM-MP: an Al-based
monkeypox detector for resource-
constrained environments. Conn. Sci. 36,
2306962. https://doi.org/10.1080/09540091.
2024.2306962.

Campana, M.G., Colussi, M., Delmastro, F.,
Mascetti, S., and Pagani, E. (2024). A Transfer
Learning and Explainable Solution to Detect
mpox from Smartphones images. Pervasive
Mob. Comput. 98, 101874. https://doi.org/
10.1016/j.pmcj.2023.101874.

Yasmin, F., Hassan, M.M., Hasan, M., Zaman,
S., Kaushal, C., El-Shafai, W., and Soliman,
N.F. (2023). PoxNet22: A Fine-Tuned Model
for the Classification of Monkeypox Disease
Using Transfer Learning. IEEE Access 11,
24053-24076. https://doi.org/10.1109/
ACCESS.2023.3253868.

Sorayaie Azar, A., Naemi, A., Babaei Rikan, S.,
Bagherzadeh Mohasefi, J., Pirnejad, H., and
Wiil, U.K. (2023). Monkeypox detection using
deep neural networks. BMC Infect. Dis. 23,
438. https://doi.org/10.1186/s12879-023-
08408-4.

Altun, M., Guriler, H., Ozkaraca, O., Khan, F.,
Khan, J., and Lee, Y. (2023). Monkeypox
Detection Using CNN with Transfer Learning.
Sensors 23, 1783. https://doi.org/10.3390/
$23041783.

Nayak, T., Chadaga, K., Sampathila, N.,
Mayrose, H., Gokulkrishnan, N., Bairy G, M.,
Prabhu, S., S, S.K., and Umakanth, S. (2023).
Deep learning based detection of
monkeypox virus using skin lesion images.
Med. Nov. Technol. Devices 18, 100243.
https://doi.org/10.1016/j.medntd.2023.
100243.

Aloraini, M. (2024). An effective human
monkeypox classification using vision
transformer. Int. J. Imag. Syst. Technol. 34,
e22944. https://doi.org/10.1002/ima.22944.
Bala, D., Hossain, M.S., Hossain, M.A_,
Abdullah, M.1., Rahman, M.M., Manavalan, B.,
Gu, N., Islam, M.S., and Huang, Z. (2023).
MonkeyNet: A robust deep convolutional
neural network for monkeypox disease
detection and classification. Neural Netw.
161, 757-775. https://doi.org/10.1016/].
neunet.2023.02.022.


https://doi.org/10.1016/j.virs.2022.07.006
https://doi.org/10.1002/jmv.28560
https://doi.org/10.1002/jmv.28560
https://doi.org/10.1002/jmv.29251
https://doi.org/10.1002/jmv.29251
https://doi.org/10.3390/v15051107
https://doi.org/10.3390/v15051107
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref5
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref5
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref5
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref5
https://doi.org/10.18433/jpps33138
https://doi.org/10.18433/jpps33138
https://doi.org/10.53854/liim-3101-16
https://doi.org/10.1097/MS9.0000000000000436
https://doi.org/10.1097/MS9.0000000000000436
https://www.cdc.gov/poxvirus/monkeypox/index.html
https://www.cdc.gov/poxvirus/monkeypox/index.html
https://doi.org/10.23884/ejt.2017.7.2.11
https://doi.org/10.3390/jcm11237072
https://doi.org/10.48550/arXiv.2002.05709
https://doi.org/10.48550/arXiv.2002.05709
https://doi.org/10.1371/journal.ppat.1010768
https://doi.org/10.1371/journal.ppat.1010768
https://doi.org/10.1016/j.idc.2019.03.001
https://doi.org/10.1016/j.idc.2019.03.001
https://doi.org/10.1007/s10115-022-01756-8
https://doi.org/10.1007/s10115-022-01756-8
https://doi.org/10.3390/electronics8080832
https://doi.org/10.3390/electronics8080832
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref17
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref17
http://refhub.elsevier.com/S2589-0042(24)00988-X/sref17
https://doi.org/10.1016/j.jacr.2020.01.006
https://doi.org/10.1016/j.jacr.2020.01.006
https://doi.org/10.7717/peerj-cs.1045
https://doi.org/10.7717/peerj-cs.1045
https://doi.org/10.5815/ijigsp.2021.04.03
https://doi.org/10.5815/ijigsp.2021.04.03
https://doi.org/10.1109/ISBI52829.2022.9761701
https://doi.org/10.1109/ISBI52829.2022.9761701
https://doi.org/10.1016/j.compbiomed.2022.106164
https://doi.org/10.1016/j.compbiomed.2022.106164
https://doi.org/10.1038/s41551-022-00936-9
https://doi.org/10.1038/s41551-022-00914-1
https://doi.org/10.1038/s41551-022-00914-1
https://doi.org/10.1089/bsp.2014.0032
https://doi.org/10.1089/bsp.2014.0032
https://doi.org/10.2196/14837
https://doi.org/10.2196/14837
https://doi.org/10.1038/s41746-019-0206-x
https://doi.org/10.1038/s41746-019-0206-x
https://doi.org/10.1016/j.deveng.2023.100107
https://doi.org/10.1016/j.deveng.2023.100107
https://doi.org/10.3390/diagnostics13081503
https://doi.org/10.3390/diagnostics13081503
https://doi.org/10.1016/j.neucom.2021.11.084
https://doi.org/10.1016/j.neucom.2021.11.084
https://doi.org/10.1371/journal.pone.0262838
https://doi.org/10.1371/journal.pone.0262838
https://doi.org/10.1016/j.engappai.2023.107602
https://doi.org/10.1016/j.engappai.2023.107602
https://doi.org/10.1080/09540091.2024.2306962
https://doi.org/10.1080/09540091.2024.2306962
https://doi.org/10.1016/j.pmcj.2023.101874
https://doi.org/10.1016/j.pmcj.2023.101874
https://doi.org/10.1109/ACCESS.2023.3253868
https://doi.org/10.1109/ACCESS.2023.3253868
https://doi.org/10.1186/s12879-023-08408-4
https://doi.org/10.1186/s12879-023-08408-4
https://doi.org/10.3390/s23041783
https://doi.org/10.3390/s23041783
https://doi.org/10.1016/j.medntd.2023.100243
https://doi.org/10.1016/j.medntd.2023.100243
https://doi.org/10.1002/ima.22944
https://doi.org/10.1016/j.neunet.2023.02.022
https://doi.org/10.1016/j.neunet.2023.02.022

iScience

41.

42.

43.

44.

45.

46.

47.

48.

Sitaula, C., and Shahi, T.B. (2022). Monkeypox
Virus Detection Using Pre-trained Deep
Learning-based Approaches. J. Med. Syst.
46, 78. https://doi.org/10.1007/s10916-022-
01868-2.

Sahin, V., Oztel, I., and Oztel, G. (2022).
Human Monkeypox Classification from Skin
Lesion Images with Deep Pre-trained
Network using Mobile Application. J. Med.
Syst. 46, 79. https://doi.org/10.1007/s10916-
022-01863-7.

Park, S.H., Han, K., Jang, H.Y., Park, J.E,, Lee,
J.-G., Kim, D.W., and Choi, J. (2023). Methods
for Clinical Evaluation of Artificial Intelligence
Algorithms for Medical Diagnosis. Radiology
306, 20-31. https://doi.org/10.1148/radiol.
220182.

Philpott, D., Hughes, C.M., Alroy, K.A., Kerins,
J.L., Pavlick, J., Asbel, L., Crawley, A.,
Newman, A.P., Spencer, H., Feldpausch, A.,
et al. (2022). Epidemiologic and Clinical
Characteristics of Monkeypox Cases —
United States, May 17-July 22, 2022. MMWR
Morb. Mortal. Wkly. Rep. 71, 1018-1022.
https://doi.org/10.15585/mmwr.mm?7132e3.
Huang, Y., Du, C., Xue, Z., Chen, X., Zhao, H.,
and Huang, L. (2021). What Makes Multi-
modal Learning Better than Single (Provably).
Preprint at arXiv. https://doi.org/10.48550/
arXiv.2106.04538.

Ali, S.N., Ahmed, M.T., Jahan, T., Paul, J.,
Sani, S.M.S., Noor, N., Asma, A.N., and
Hasan, T. (2023). A Web-based Mpox Skin
Lesion Detection System Using State-of-the-
art Deep Learning Models Considering Racial
Diversity. Preprint at arXiv. https://doi.org/10.
48550/arXiv.2306.14169.

Ali, S.N., Ahmed, M.T., Paul, J., Jahan, T.,
Sani, S.M.S., Noor, N., and Hasan, T. (2022).
Monkeypox Skin Lesion Detection Using
Deep Learning Models: A Feasibility Study.
Preprint at arXiv. https://doi.org/10.48550/
arXiv.2207.03342.

Tschandl, P., Rosendahl, C., and Kittler, H.
(2018). The HAM10000 dataset, a large
collection of multi-source dermatoscopic
images of common pigmented skin lesions.
Sci. Data 5, 180161. https://doi.org/10.1038/
sdata.2018.161.

49.

50.

51.

52.

53.

54.

55.

56.

Combealia, M., Codella, N.C.F., Rotemberg,
V., Helba, B., Vilaplana, V., Reiter, O., Carrera,
C., Barreiro, A., Halpern, A.C., Puig, S., et al.
(2019). BCN20000: Dermoscopic Lesions in
the Wild. Preprint at arXiv. https://doi.org/10.
48550/arXiv.1908.02288.

Codella, N.C.F., Gutman, D., Celebi, M.E,
Helba, B., Marchetti, M.A., Dusza, S.W.,
Kalloo, A., Liopyris, K., Mishra, N., Kittler, H.,
et al. (2018). Skin lesion analysis toward
melanoma detection: A challenge at the 2017
International symposium on biomedical
imaging (ISBI), hosted by the international
skin imaging collaboration (ISIC). In 2018 IEEE
15th International Symposium on Biomedical
Imaging (ISBI 2018), pp. 168-172. https://doi.
org/10.1109/1SBI.2018.8363547.

Simonyan, K., and Zisserman, A. (2015). Very
Deep Convolutional Networks for Large-
Scale Image Recognition. Preprint at arXiv.
https://doi.org/10.48550/arXiv.1409.1556.
Szegedy, C., Liu, W., Jia, Y., Sermanet, P.,
Reed, S., Anguelov, D., Erhan, D., Vanhoucke,
V., and Rabinovich, A. (2015). Going deeper
with convolutions. In 2015 IEEE Conference
on Computer Vision and Pattern Recognition
(CVPR), pp. 1-9. https://doi.org/10.1109/
CVPR.2015.7298594.

He, K., Zhang, X., Ren, S., and Sun, J. (2016).
Deep Residual Learning for Image
Recognition. In 2016 IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR), pp. 770-778. https://doi.org/10.
1109/CVPR.2016.90.

Xie, S., Girshick, R., Dollar, P., Tu, Z., and He,
K. (2017). Aggregated Residual
Transformations for Deep Neural Networks.
In 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pp. 5987—
5995. https://doi.org/10.1109/CVPR.
2017.634.

Huang, G., Liu, Z., Van Der Maaten, L., and
Weinberger, K.Q. (2017). Densely Connected
Convolutional Networks. In 2017 IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 2261-2269. https://
doi.org/10.1109/CVPR.2017.243.

Tan, M., and Le, Q.V. (2020). EfficientNet:
Rethinking Model Scaling for Convolutional

57.

58.

59.

60.

61.

62.

63.

¢? CellPress

OPEN ACCESS

Neural Networks. Preprint at arXiv. https://
doi.org/10.48550/arXiv.1905.11946.

Radosavovic, I., Kosaraju, R.P., Girshick, R.,
He, K., and Dollar, P. (2020). Designing
Network Design Spaces. In 2020 IEEE/CVF
Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 10425-10433.
https://doi.org/10.1109/CVPR42600.2020.
01044.

Dosovitskiy, A., Beyer, L., Kolesnikov, A.,
Weissenborn, D., Zhai, X., Unterthiner, T.,
Dehghani, M., Minderer, M., Heigold, G.,
Gelly, S., et al. (2021). An Image is Worth
16x16 Words: Transformers for Image
Recognition at Scale. Preprint at arXiv.
https://doi.org/10.48550/arXiv.2010.11929.

Liu, Z., Lin, Y., Cao, Y., Hu, H., Wei, Y., Zhang,
Z., Lin, S., and Guo, B. (2021). Swin
Transformer: Hierarchical Vision Transformer
using Shifted Windows. In 2021 IEEE/CVF
International Conference on Computer Vision
(ICCV), pp. 9992-10002. https://doi.org/10.
1109/1CCV48922.2021.00986.

Selvaraju, R.R., Cogswell, M., Das, A.,
Vedantam, R., Parikh, D., and Batra, D. (2017).
Grad-CAM: Visual Explanations from Deep
Networks via Gradient-Based Localization. In
2017 IEEE International Conference on
Computer Vision (ICCV), pp. 618-626. https://
doi.org/10.1109/ICCV.2017.74.

Taylor, L., and Nitschke, G. (2018). Improving
Deep Learning with Generic Data
Augmentation. In 2018 IEEE Symposium
Series on Computational Intelligence (SSCI),
pp. 1542-1547. https://doi.org/10.1109/SSCI.
2018.8628742.

Yang, S., Xiao, W., Zhang, M., Guo, S., Zhao,
J., and Shen, F. (2022). Image Data
Augmentation for Deep Learning: A Survey.
Preprint at arXiv. https://doi.org/10.48550/
arXiv.2204.08610.

Huynh, T., Nibali, A., and He, Z. (2022). Semi-
supervised learning for medical image
classification using imbalanced training data.
Comput. Methods Progr. Biomed. 216,
106628. https://doi.org/10.1016/j.cmpb.
2022.106628.

iScience 27, 109766, May 17, 2024 13



https://doi.org/10.1007/s10916-022-01868-2
https://doi.org/10.1007/s10916-022-01868-2
https://doi.org/10.1007/s10916-022-01863-7
https://doi.org/10.1007/s10916-022-01863-7
https://doi.org/10.1148/radiol.220182
https://doi.org/10.1148/radiol.220182
https://doi.org/10.15585/mmwr.mm7132e3
https://doi.org/10.48550/arXiv.2106.04538
https://doi.org/10.48550/arXiv.2106.04538
https://doi.org/10.48550/arXiv.2306.14169
https://doi.org/10.48550/arXiv.2306.14169
https://doi.org/10.48550/arXiv.2207.03342
https://doi.org/10.48550/arXiv.2207.03342
https://doi.org/10.1038/sdata.2018.161
https://doi.org/10.1038/sdata.2018.161
https://doi.org/10.48550/arXiv.1908.02288
https://doi.org/10.48550/arXiv.1908.02288
https://doi.org/10.1109/ISBI.2018.8363547
https://doi.org/10.1109/ISBI.2018.8363547
https://doi.org/10.48550/arXiv.1409.1556
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2017.634
https://doi.org/10.1109/CVPR.2017.634
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.48550/arXiv.1905.11946
https://doi.org/10.48550/arXiv.1905.11946
https://doi.org/10.1109/CVPR42600.2020.01044
https://doi.org/10.1109/CVPR42600.2020.01044
https://doi.org/10.48550/arXiv.2010.11929
https://doi.org/10.1109/ICCV48922.2021.00986
https://doi.org/10.1109/ICCV48922.2021.00986
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1109/SSCI.2018.8628742
https://doi.org/10.1109/SSCI.2018.8628742
https://doi.org/10.48550/arXiv.2204.08610
https://doi.org/10.48550/arXiv.2204.08610
https://doi.org/10.1016/j.cmpb.2022.106628
https://doi.org/10.1016/j.cmpb.2022.106628

¢? CellPress

OPEN ACCESS

STARXMETHODS

KEY RESOURCES TABLE

iScience
Article

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

MSID Bala et al.”” https://www.kaggle.com/datasets/dipuiucse/
monkeypoxskinimagedataset

MSLD Ali et al.*o%” https://www.kaggle.com/datasets/nafin59/
monkeypox-skin-lesion-dataset
https://www.kaggle.com/datasets/joydippaul/
mpox-skin-lesion-dataset-version-20-msld-v20

Dermnet Kaggle.com https://www.kaggle.com/datasets/
shubhamgoel27/dermnet

ISIC 2019 Tschandl et al., Noel et al. and Marc et al.**>° https://challenge.isic-archive.com/data/#2019

Dermatology atlas

DXY Website

N/A

Software and algorithms

VGG

GoogleNet

ResNet

ResNeXt

DenseNet

EfficientNet

RegNet

Vision Transformer

Swin Transformer

Simonyan et al.””’

Szegedy et al.”?

He et al.”*

Xie et al.>*

Huang et al.”

Tan et al.”®
Radosavovic et al.”’
|58

Dosovitskiy et a

Liu et al.””

https://github.com/pytorch/vision/blob/main/
torchvision/models/vgg.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/googlenet.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/resnet.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/resnet.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/densenet.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/efficientnet.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/regnet.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/vision_transformer.py
https://github.com/pytorch/vision/blob/main/
torchvision/models/swin_transformer.py

SimCLR Chen et al." https://docs.lightly.ai/self-supervised-
learning/examples/simclr.html

Grad-CAM Selvaraju et al.® https://github.com/frgfm/torch-cam

Pytorch Version 1.13.0 https://pytorch.org/

Python Version 3.8.0 https://www.python.org/

Mpox-AISM Yue et al. https://github.com/zhenzhang-li/Mpox-AISM

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Zhenzhang Li (zhenzhangli@

gpnu.edu.cn).

Materials availability

This study did not generate new unique reagents.

14 iScience 27, 109766, May 17, 2024


mailto:zhenzhangli@gpnu.edu.cn
mailto:zhenzhangli@gpnu.edu.cn
https://www.kaggle.com/datasets/dipuiucse/monkeypoxskinimagedataset
https://www.kaggle.com/datasets/dipuiucse/monkeypoxskinimagedataset
https://www.kaggle.com/datasets/nafin59/monkeypox-skin-lesion-dataset
https://www.kaggle.com/datasets/nafin59/monkeypox-skin-lesion-dataset
https://www.kaggle.com/datasets/joydippaul/mpox-skin-lesion-dataset-version-20-msld-v20
https://www.kaggle.com/datasets/joydippaul/mpox-skin-lesion-dataset-version-20-msld-v20
http://Kaggle.com
https://www.kaggle.com/datasets/shubhamgoel27/dermnet
https://www.kaggle.com/datasets/shubhamgoel27/dermnet
https://challenge.isic-archive.com/data/#2019
https://github.com/pytorch/vision/blob/main/torchvision/models/vgg.py
https://github.com/pytorch/vision/blob/main/torchvision/models/vgg.py
https://github.com/pytorch/vision/blob/main/torchvision/models/googlenet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/googlenet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/resnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/resnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/resnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/resnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/densenet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/densenet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/efficientnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/efficientnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/regnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/regnet.py
https://github.com/pytorch/vision/blob/main/torchvision/models/vision_transformer.py
https://github.com/pytorch/vision/blob/main/torchvision/models/vision_transformer.py
https://github.com/pytorch/vision/blob/main/torchvision/models/swin_transformer.py
https://github.com/pytorch/vision/blob/main/torchvision/models/swin_transformer.py
https://docs.lightly.ai/self-supervised-learning/examples/simclr.html
https://docs.lightly.ai/self-supervised-learning/examples/simclr.html
https://github.com/frgfm/torch-cam
https://pytorch.org/
https://www.python.org/
https://github.com/zhenzhang-li/Mpox-AISM

iScience ¢? CellPress
OPEN ACCESS

Data and code availability
e All images used in this work are from public datasets.
® The codes and demonstration video are available at https://github.com/zhenzhang-li/Mpox-AISM.
e Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

e Allimages used in this work are from public datasets.
e Download links for all datasets can be found in the key resources table.

METHOD DETAILS

Data usage

In this study, we employed two datasets. One was named Data_A (3100 images, eight categories). Data_A includes Mpox (381 images), Mea-
sles (91 images), Chickenpox (107 images), Eczema (881 images), Urticaria (265 images), Bullous disease (561 images, Bullous for short), Vascu-
litis (521 images), and Normal (293 images). Mpox, Measles, Chickenpox and Normal skin images were obtained from the Monkeypox skin
images dataset (MSID)*° and Monkeypox Skin Lesion Dataset (MSLD).*** The remaining four categories, i.e., Eczema, Urticaria, Bullous, and
Vasculitis, were obtained from the Dermnet. Figure 7 shows the example for each of the eight disease categories. The other was named
Data_B (25331 images, eight categories). Data_B includes Melanoma (4522 images), Melanocytic nevus (12875 images), Basal cell carcinoma
(3323 images), Actinic keratosis (867 images), Benign keratosis (2624 images), Dermatofibroma (239 images), Vascular lesion (253 images),
Squamous cell carcinoma (628 images). The Data_B was from training data of ISIC 2019 and utilized in self-supervised learning. Generally,
self-supervised learning does not require labeled images. Consequently, we merged these eight categories of images and randomly shuffled
them.

Data augmentation and SimCLR

Data is the driving force of deep learning, which determines the upper limit of models.®’ Data augmentation alleviates the problem that insuf-
ficient samples hinder model performance by generating more data from limited data, enhancing the number and the diversity of samples,
and improving model robustness.®” In the medical field, the dataset’s insufficient sample size and category imbalance are especially prevail-
ing.®® Therefore, it is necessary to perform an appropriate data augmentation strategy. In this study, we performed data augmentation for
these five categories due to the scarcities of Mpox, Chickenpox, Measles, Normal and Urticaria. This work employed “Gaussian Noise +
Crop and Resize + Affine + Cutout + Flip Horizontal + Flip Vertical + Gamma Contrast + Gaussian Blur (Random order and Random prob-
ability)”. Data_A was expanded from the original 3100 to 4831 images by augmenting the above five categories. We labeled these 4831 im-
ages as Data_C. Ultimately, the Data_C was divided into a training set (3866 images) and a test set (965 images) in a ratio of 8:2. Here, the loss
function of the models was uniformly set as Cross-Entropy-Loss, and the optimizer uniformly manipulated Stochastic Gradient Descent (SGD).
This paper’s training and evaluation of models were performed in the Pytorch framework and an Ubuntu system with NVIDIA GeForce
RTX 3090.

Z-TZ]'
sij = —— (Equation 1)
B |
I(i,j) = — log—x exp(siy) (Equation 2)
k21 1k! = ilexp(sik)
2N
Loss = 1 12k — 1,2k) + 12k, 2k — 1)] (Equation 3)
2N ~

When using SImCLR, the original input image is first randomly augmented twice, and then the new images generated are fed into the
encoder simultaneously. Later, the encoder transforms the images into two vectors (h;, h). Next, SimCLR employs a small neural network pro-
jection head to turn (h;, h)) into two new vectors (z;, z). Finally, the NT-Xent-Loss between the two unknown vectors is calculated. Finally, the
parameter information in the whole framework is updated with a configured optimizer according to the loss value. The NT-Xent loss was
calculated as shown in Equations 1, 2, and 3 and 7 is a hyperparameter.

QUANTIFICATION AND STATISTICAL ANALYSIS

The objective evaluation for the model is essential. This work adopted five common evaluation metrics for deep learning models, namely
Accuracy, Precision, Recall, F1-score, and Specificity. Equations 4, 5, 6, 7, and 8 define the calculation process for each metric. Concretely,
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Accuracy measures the proportion of both true positives and true negatives in all the samples. Precision represents the proportion of true
positives among the instances that the model identifies as positive. Recall represents the proportion of true positives that are correctly iden-
tified by the model out of all actual positives. Specificity measures the proportion of true negatives that are correctly identified. F1-score rep-
resents the harmonic mean of precision and recall, providing a balance between them.

Accuracy = % (Equation 4)
Precision = % (Equation 5)
Recall = % (Equation 6)
Specificity = % (Equation 7)

2Precision X Recall
F1_score = —rec:.s:.on eca (Equation 8)
Precision+Recall

In these equations: TP means True Positives; TN means True Negatives; FP means False Positives;FN means False Negatives.

16 iScience 27, 109766, May 17, 2024



	ISCI109766_proof_v27i5.pdf
	Mpox-AISM: AI-mediated super monitoring for mpox and like-mpox
	Introduction
	Results
	Mpox-AISM design workflows
	Model screening, self-supervised learning, retraining and retesting
	Mpox-AISM grading assessment
	Mpox-AISM interpretability
	Mpox-AISM application

	Discussion
	Limitations of the study

	Acknowledgments
	Author contributions
	Declaration of interests
	References
	STAR★Methods
	Key resources table
	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Experimental model and study participant details
	Method details
	Data usage
	Data augmentation and SimCLR

	Quantification and statistical analysis




