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Artificial Intelligence in Health

Abstract
In any ailment, the identification of the symptoms, detection, and diagnosis 
plays a pivotal role in treatment and therapy. However, certain diseases share 
similar symptoms, lacking signature key indicators, which can lead to fallacious or 
incorrect inferences. Skin disorders, such as pruritus, dermatitis, eczema, psoriasis, 
and ichthyosis, all present similar symptoms, which confound clinicians. One such 
commonly misunderstood condition is atopic dermatitis (AD), a chronic inflammatory 
skin condition characterized by its relapsing nature, which heightens the importance 
of diagnosis and disease monitoring for effective management. Recent strides in 
artificial intelligence (AI) have opened avenues for precise diagnosis and continuous 
monitoring of AD. This review explores and evaluates current applications of AI in the 
diagnosis and monitoring of individuals with AD emphasizing the need to address 
challenges and collaborate across intra-, inter-, trans-, and multi-disciplinary domains 
to maximize the benefits of AI in enhancing the precision of AD diagnosis, ultimately 
leading to improved patient care and satisfaction through technologically-driven 
biomedical tools in customized healthcare.

Keywords: Deep learning; Machine learning; Convolutional neural networks; Artificial 
neural network; Pruritus

1. Introduction
Artificial intelligence (AI) has greatly improved our quality of life and is now widely used 
in many areas, including healthcare. Examples of its applications include autonomous 
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driving, industrial automation, and the widespread use of 
cell phones. Recent developments have notably bolstered 
the efficiency, accuracy, and productivity of AI-optimized 
workflows in the health-care industry. AI involves the 
application of sophisticated computational algorithms 
to simulate complex cognitive functions of humans, 
accomplished through learning and adaptation to gathered 
data. Over the past decades, there has been a marked increase 
in both research and application of AI in healthcare, with the 
potential to completely transform the sector.1-4

Similar to AI, the field of dermatology has experienced 
rapid growth owing to advancements in technology and 
inventions. This evolution has brought dramatic changes 
in the diagnosis and treatment of dermatological illnesses. 
Computer algorithms have proven to be invaluable tools for 
dermatologists, particularly in diagnosing diseases such as 
malignant melanoma.5 Dermatology boasts a vast archive 
of clinical, dermatoscopic, and dermatopathological 
images, positioning it as a leader in the application of AI 
in medicine. Therefore, having a basic understanding of 
AI becomes essential for designing and evaluating medical 
research in this area. Consequently, investigating the 
potential uses of AI in dermatological practice becomes 
imperative.

Atopic dermatitis (AD) is a common inflammatory 
skin disease that affects a significant proportion of 
dermatology patients worldwide, estimated to affect 1 – 
2% of the global population.6 Notably, between the 1980s 
and the early 2000s, there was a discernible global surge 
in the prevalence of AD, particularly pronounced among 
children under the age of five, with rates ranging from 10% 
to 16.5%.7,8 Individuals with AD exhibit a wide range of 
clinical symptoms, categorized into six distinct subtypes 
based on their origin. Among these, the most prevalent 
subtype is early-onset, early-resolving; nonetheless, 
recurrence is frequently observed, with less severe 
symptoms than the original episode.9,10 The three main 
symptoms of AD – skin inflammation, compromised skin 
barrier function, and persistent itching-exerta negative 
influence on the lives of those afflicted, significantly 
impacting their quality of life and level of satisfaction with 
therapy.11-13 Moreover, patients’ adherence to treatment 
procedures is severely hindered by these symptoms.14-16 
Staphylococcus aureus colonization often arises as a result of 
skin barrier dysfunction, exacerbating the degradation of 
the barrier function.17,18 Notably, AD is linked to systemic 
inflammatory conditions, such as metabolic syndrome 
and cardiovascular disease, despite not being as visually 
conspicuous as psoriasis.19

Given its broad spectrum of clinical symptoms, AD 
presents as an unexpected illness that can prove challenging 

to diagnose and monitor effectively. Prompt and accurate 
identification is indispensable for the effective management 
of AD. However, conventional diagnostic techniques 
tend to heighten variability in diagnosis and may cause 
delays in the initiation of therapy, relying heavily on 
clinical judgment. A  promising avenue toward achieving 
objective, accurate, and rapid diagnostic procedures lies in 
the integration of AI-based technology, which holds the 
potential to revolutionize AD management. This review 
highlights the rationale behind the potential of AI in 
completely transforming AD monitoring and diagnostic 
procedures. While acknowledging the efficiency of AI, 
it also emphasizes the importance of problem-solving 
and fostering teamwork. These initiatives are essential in 
maximizing the benefit of AI in improving the precision 
and effectiveness of AD monitoring and diagnosis 
procedures.

2. Methodology
In conducting a systematic literature review on the 
contemporary utilization of AI in diagnosing and 
monitoring individuals with AD, we implemented a 
rigorous methodology for gathering pertinent articles 
from prominent databases, including PubMed, Springer, 
and Elsevier. The search utilized specific keywords, such 
as “Artificial intelligence,” “Machine learning,” “Deep 
learning,” and “Atopic dermatitis.” Article selection 
prioritized peer-reviewed studies in dermatology that 
specifically examined the integration of AI in the diagnosis 
and monitoring of AD. Articles that failed to meet these 
criteria or published in languages other than English 
were systematically excluded from the study. Following 
data extraction, we summarized the key findings, and 
the synthesized information was then carefully compiled 
into a comprehensive literature review, providing valuable 
insights into the current state of knowledge, addressing 
challenges, and advocating for collaboration across intra-, 
inter-, trans-, and multi-disciplinary domains to optimize 
the benefits of AI in improving the accuracy of AD 
diagnosis.

3. Principle of AI
AI encompasses various computational subfields, including 
machine learning (ML) and natural language processing 
(NLP), enabling computer systems to mimic human 
cognitive functions (Figure  1). At present, ML, where 
computers anticipate data without explicit programming, 
stands as the frontier of AI advancement. Essentially, 
computers “learn” from data, offering analyses without 
explicit guidance on trait prioritization. Dermatologists 
offer compelling examples, such as identifying melanomas 
from clinical images,5 predicting the effectiveness of 
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biologic therapies for psoriasis,20 and analyzing doctor 
notes in electronic health records to discern clinic visit 
purposes for AD.21

Deep learning (DL), a subset of ML, uses algorithms 
modeled after human neurons to discern complex patterns 
and relationships in data. DL permits the direct entry of 
raw data, unlike older ML methods that require domain 
expertise and human engineering to translate raw data into 
intelligible algorithm features.22 For pattern recognition, 
the machine autonomously creates its own representations, 
which are arranged in a series of layers that build on one 
another to gradually abstract the data. Neural networks 
are represented by this layer architecture.23 DL includes 
diverse methods, such as transformers,24 which are adept 
at identifying sequential data relationships and extracting 
meaning, and convolutional neural networks (CNNs),25 
which are frequently used in imaging tasks. Due to its 
versatility and flexibility, DL is an effective tool for a wide 
range of applications.

Algorithms in the broad field of ML employ 
diverse techniques to acquire knowledge. As depicted 
in Figure  2, these techniques include reinforcement 
learning, unsupervised learning, and supervised learning. 
Supervised learning, the most popular ML technique, 
relies on labeled datasets to predict outcomes. Predictions 
based on unseen data are made possible by the algorithm’s 
ability to map input data to the correct output. During 
the training phase, the algorithm receives both the data 
and the corresponding answers (ground truths) from a 
set of training instances, enabling it to modify its weights 
accordingly. Subsequently, the algorithm’s performance 
is assessed against a different test set that it had not 

encountered before post-training. Logistic regression and 
linear regression, two of the most frequently used methods 
in this domain, find common applications in image-based 
dermatology models. On the other hand, unsupervised 
learning involves training a model on datasets without 
labels, meaning that the input lacks a known right response. 
The algorithm’s primary goal is to discover patterns and 
links in the data, such as clustering related data points. 
In the paradigm of reinforcement learning, an algorithm 
referred to as the agent interacts with the environment to 
accomplish predetermined objectives. Based on feedback, 
it receives from its actions in the form of rewards or 
penalties, the agent modifies its behavior to optimize 
rewards. Reinforcement learning learns through ongoing 
feedback loops, distinct from the predetermined data input 
found in supervised and unsupervised learning methods. 
This three-class categorization of ML techniques offers a 
thorough grasp of the various techniques algorithms use 
to learn from data.

Drawing on concepts from linguistics, statistics, ML, 
and DL, a discipline of AI known as NLP aims to interpret, 
analyze, and generate human language.26 This complete 
technique enables the processing of human language 
in its entirety. Within NLP, two primary subfields exist: 
natural language generation (NLG) and natural language 
understanding (NLU). NLG focuses on generating new 

Figure  1. An overview of the principles of artificial intelligence. 
Artificial intelligence (AI) is a broad category of algorithms that includes 
subcategories such as machine learning (ML), natural language processing 
(NLP), and deep learning (DL).

Figure  2. Several types of machine learning techniques, including 
supervised learning, unsupervised learning, and reinforcement learning. 
(A) Supervised learning involves using labeled datasets to categorize 
data, while (B) unsupervised learning does not use labeled datasets and 
instead finds patterns and relationships in the data to create categories. 
(C) Reinforcement learning uses iterative feedback loops to teach 
the algorithm. (D) Deep learning, a subset of machine learning, uses 
representation layers in a neural network to increase the abstraction of 
the data and employs techniques from all three types of machine learning.
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text, while NLU is committed to understanding textual 
material. NLG encapsulates recent advances in large 
language models, exemplified by OpenAI’s freely available 
Chat Generative Pre-trained Transformer.27 These 
advancements highlight the evolving landscape of NLP 
and its important role in the advancement of language-
related applications.

In recent years, the adoption of multimodal techniques 
in algorithms has surged, driven by the utilization of diverse 
data sources for training. Given the inherently multifaceted 
nature of medicine, where doctors must interpret a wide 
range of data, including genetic information, laboratory 
results, clinical notes, and radiological images, these 
multimodal approaches have gained prominence. 
The latest strides in this discipline focus on building 
more reliable models and algorithms by leveraging the 
abundance of readily available data. Noteworthy examples 
of these multimodal technologies include Med-Flamingo,28 
LLaVa-Med,29 Med-PaLM Multimodal (Med-PaLM M),30 
and MiniGPT-4.31 At the core of these technologies, they 
lie foundation models (FMs), which undergo training 
on a variety of unlabeled datasets before being adjusted 
for certain downstream applications.32 One particularly 
intriguing aspect is the ability of these models to absorb 
vast amounts of information from large datasets and 
subsequently apply this knowledge to specific applications, 
including those within the medical domain. This pattern 
represents a dynamic movement in the direction of using 
multimodal techniques to improve performance in medical 
applications.

4. AI for the diagnosis of AD
Accurate dermatological diagnosis and treatment of 
AD hinge on the quantitative evaluation of the disease, 
which emphasizes the molecular composition of the skin 
using non-invasive techniques. Confocal Raman micro-
spectroscopy (CRM) serves as a tool for assessing the skin’s 
biomolecular composition. Nevertheless, deciphering 
complex Raman spectroscopic signals requires multivariate 
analysis. Dev et al.33 have presented a novel approach to 
classifying AD from healthy individuals by combining 
CRM with multivariate analysis, more precisely, partial 
least squares discriminant analysis (PLS-DA). While the 
current PLS-DA classification model is designed for binary 
classification, there is potential to explore its applicability 
for multiclass categorization based on the severity of 
eczema illness. The ML-aided PLS-DA classification 
approach used in the study simplifies dimensional 
reduction, variable selection, and classification for Raman 
micro-spectroscopy data. The cross-validated PLS-DA 
classification model exhibits remarkable sensitivity and 
specificity, scoring 0.94 and 0.85, respectively. Further 

enhancement of categorization accuracy is feasible by 
concentrating on wave number bands with a variable 
importance in projection (VIP) score of ≥1. In addition to 
bolstering the model’s accuracy, the VIP score facilitates 
the identification of important Raman spectroscopic 
signatures associated with proteins, lipids, and nucleic 
acids, which can serve as biomarkers for therapeutic and 
clinical evaluation of AD patients’ skin health. Using CRM 
and multivariate analysis, this quantitative method of 
assessing skin inflammatory disorders such as AD offers a 
viable path for next-generation diagnosis, departing from 
the subjective scoring systems currently used in clinical 
practice. The presented study describes a novel diagnostic 
method specific for AD using CRM and multivariate 
analysis. This non-invasive method will provide a 
new approach for molecular-based evaluation of skin 
conditions. Nevertheless, several challenges need to be 
addressed, such as sample size and diversity, independent 
dataset validation, clinical utility assessment, CRM 
standardization across different laboratories, patient data 
privacy and informed consent ethics issues, equipment 
accessibility, and cost. Regulatory approval for CRM 
technology’s widespread use is also necessary. Overcoming 
these issues will improve the power and generalizability of 
this innovative diagnostic protocol for AD. Furthermore, 
the application assures the availability of significant 
datasets and ensures the repeatability and reliability of the 
model.

Multiphoton tomography (MPT) has previously 
demonstrated its utility as a diagnostic tool in dermatology. 
However, MPT data analysis has remained time-consuming 
and operator-dependent. In a study conducted by 
Guimarães et al.,34 the potential of using AI for diagnosing 
AD from MPT images was substantiated. AD system was 
developed to discern images containing living cells and 
performs subsequent diagnostics accurately and reliably, 
thus eliminating the need for human operators. The study 
has demonstrated the potential of completely harnessing 
MPT through a CNN-based, fully automatic method. 
CNNs were trained and fine-tuned using 3663 MPT images, 
including morphological and metabolic information from 
both AD patients and healthy individuals. The primary 
objectives were to identify live cells and diagnose AD, 
irrespective of the imaging layer or location. Impressively, 
the suggested algorithm successfully diagnosed AD in 
97.0±0.2% of the images containing live cells, with a 
sensitivity of 0.966±0.003, specificity of 0.977±0.003, 
and F-score of 0.964±0.002. The interpretability of the 
algorithm was enhanced using relevance propagation 
through deep Taylor decomposition, generating heat maps 
that highlighted important details for each classification. 
The study exemplifies the successful integration of MPT 
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imaging and AI for AD diagnosis, marking a substantial 
improvement in the field. The proposed method establishes 
a framework for automating the identification of skin 
conditions using MPT.

Activation-regulated chemokine (TARC/CCL17) and 
immunoglobulin E (IgE) have served as biomarkers for 
AD in traditional approaches over the past few decades.35-38 
Common techniques used in these investigations include 
regression or correlation analyses between potential 
biomarkers and the intensity of AD symptoms, as well 
as univariate research comparing AD patients to healthy 
controls. However, accurate diagnosing and evaluating AD 
solely based on a single biomarker are considered extremely 
challenging.39 Recent developments have ushered in the 
utilization of multivariate ML techniques to uncover 
hidden patterns between variables and develop more 
reliable predictive models in a variety of studies, including 
those in pain research.40,41 The combination of multiple 
serum biomarkers, such as TARC, IL-22, and sIL-2R, has 
improved the model’s capability to predict eczema area 
and severity index (EASI) scores compared to relying on a 
single biomarker.39 In addition, the correlation coefficient 
between the combined biomarkers and the disease 
severity surpasses that of the individual biomarkers. This 
method emphasizes the potential of combining multiple 
biomarkers for a thorough comprehension and prediction 
of AD severity.

In a recent study, Lee et al.42 investigated the potential 
of employing a multivariate ML technique to develop a 
diagnostic tool and severity prediction model for patients 
with AD. The authors conducted phase I ML analysis, 
wherein they collected multivariate data, divided it into 
training and test sets, trained the models, estimated 
prediction performance, and selected and estimated 
features. Clinical and serological indicators43,44 from a prior 
clinical study were combined. The results indicate that 
the classification model significantly outperformed the 
random permutation model, boasting an area under the 
curve of 0.85±0.10 and a balanced accuracy of 0.81±0.15, 
compared to 0.50±0.15 for the latter. Correlation analysis 
unveiled a significant positive association between the 
objective SCORing AD score (SCORAD) (r=0.53), 
measured and projected total SCORAD (r=0.43), and 
eczema area and severity index scores (r=0.58, each 
p<0.001). Nevertheless, no discernible relationship was 
observed between the measured and anticipated itch 
scores (r=0.21, p=0.18). The research encompassed the 
creation and evaluation of multivariate prediction models, 
as well as the identification of critical characteristics using 
a range of serum biomarkers. These results underscore the 
potential of utilizing a multivariate ML approach to reveal 

complex connections between clinical and serum measures 
in patients with mild-to-moderate AD.

Colonocytes or colonic epithelial cells have recently 
garnered attention for their role in host-microbial 
interactions. During gut dysbiosis, which is linked to a 
number of chronic human disorders, colonocytes influence 
the composition and activity of the gut microbiota.45 The 
diagnosis and prognosis of AD can now be achieved through 
the integration and correlation analyses of gut microbiota 
and host gene expression.46,47 Notable correlations have been 
observed, including those between IL-17 and Streptococcus 
infection in AD, and between enzyme commission genes 
and microbiota in inflammatory bowel illnesses.48,49 Despite 
these advancements, few researchers have investigated ML 
prediction analysis based on the gut transcriptome and 
microbiota in AD. In recent work, Jiang et al.50 developed 
an ML classifier for precise and automated AD detection 
by utilizing the transcriptome of gut epithelial colonocytes 
and gut microbiota data (Figure  3). With an average 
F1-score of 0.84, the classifier demonstrated accurate 
discrimination and successfully predicted the risk of AD. It 
was trained on data from 161 participants, including both 
AD patients and healthy controls. The research identified 
three genes and three bacteria that are either directly or 
indirectly linked to AD, as well asa combination of 35 
genes and 50 microbiome traits predictive for AD. These 
results suggest that the discovered genes and microbiota 
traits may provide fresh biological perspectives and serve 
as useful biomarkers for early detection of AD. However, 
replication studies with different populations are necessary 
to validate these findings. The study represents a major step 
toward the construction of an ML classifier for accurate 
and automated AD diagnosis, utilizing gut microbiota and 
transcriptome data from gut epithelial colonocytes. The 
robust ML pipeline used in the study, which comprises 
thorough procedures such as feature selection, model 
selection, cross-validation, classification, and follow-up 
statistical assessments, enables accurate distinction based 
on omics data (Figure 4).

Dautović et al.51 developed an artificial neural network 
(ANN) specifically designed for the automated diagnosis of 
AD, aiming to facilitate the diagnosis process. The network 
uses a feed-forward ANN with nine input parameters and 
one output parameter for classification. After evaluating 
various configurations, the final design of the expert 
system chose a neural network with 15 neurons in a hidden 
layer based on training results. Demonstrating impressive 
sensitivity at 95.62% and accuracy at 94.44%, the ANN 
exhibits excellent performance in distinguishing AD from 
other skin disorders. However, it is imperative to recognize 
that despite its high sensitivity, the comparatively lower 
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specificity (85%) leads to a notable and unsatisfactory 
false positive rate of 15%. Furthermore, it is noteworthy 
that the ANN model shows diminishing resilience, and the 
model over fitting that is likely responsible for the provided 
accuracy is demonstrated by the F1 score of 0.964 and the 
Matthews correlation coefficient of 0.7454. A  thorough 
summary of the performance results from the further 
validation of ANN is provided in Table 1, which also sheds 
light on the model’s advantages and disadvantages.

AI-based techniques for diagnosing AD face various 
challenges stemming from diverse methodologies and data 
types. Although MPT coupled with AI has demonstrated 
success in automated diagnosis, it faces challenges such 
as robust generalization, real-time application feasibility, 
and ethical concerns. Similarly, serum biomarkers and 

multivariate ML techniques encounter issues, including 
selection and integration challenges, data standardization, 
and the necessity for extensive clinical validation. The 
complexity of AD, which is a multifactorial condition, 
renders accurate diagnosis and disease severity evaluation 
difficult using a single biomarker. Furthermore, integrating 
gut microbiota, host gene expression, and ML presents 
challenges concerning data reproducibility and validation 
across different populations. Replication studies are 
crucial for validating genes and microbiota traits as viable 
biomarkers. For instance, the ANN developed by Dautović 
et al.51 exhibits sensitivity but grapples with specificity and 
resilience issues. Concerns such as overfitting and model 
validation necessitate thorough evaluation and validation 
across diverse datasets. Common challenges persist across 
these techniques, including the acquisition of diverse, 

Figure 4. A comparison of two atopic dermatitis classification pipelines by Jiang et al.50 (Both transcriptome and microbiota data)

Figure 3. A comparison of two atopic dermatitis classification pipelines by Jiang et al.50 (only the transcriptome dataset)
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representative datasets, ensuring the interpretability 
and explainability of AI models, addressing ethical 
considerations, and conducting rigorous clinical validation. 
The fulfillment of these requirements is essential to ensure 
the reliability and generalizability of proposed diagnostic 
tools for AD.

5. AI for monitoring AD
Clinical professionals’ subjective visual inspections are 
frequently used to determine the severity of AD, which 
introduces significant inter- and intra-observer variability, 
especially in varied clinical study settings. In an attempt 
to standardize and automate the diagnosis of AD severity, 
Pan et al.52 presented EczemaNet, a CNN computer vision 
pipeline. EczemaNet operates by initially identifying areas 
affected by AD in images, and subsequently generating 
probabilistic predictions regarding the severity of the 
condition. To generate its final predictions, EczemaNet 
uses ensemble approaches, including crops, ordinal 
categorization, and transfer and multitask learning. 
During evaluation in a published clinical trial, EczemaNet 
exhibited minimal root mean square error and well-
calibrated prediction intervals. The research demonstrated 
the effectiveness of CNNs in treating non-neoplastic 
skin conditions, especially when dealing with medium-
sized datasets. This finding highlights their potential for 
delivering an objective and more effective assessment of 
AD severity, which is a development with greater clinical 
significance compared to simple classification techniques.

Padilla et al.53 used the MobileNet architecture, a CNN, 
to successfully distinguish between psoriasis and AD. 
They utilized publicly accessible dermatology to train the 
network. In a real-world experiment involving a Raspberry 
Pi camera and 30 subjects, the model successfully classified 
psoriasis with an impressive 90% accuracy rate and AD 
with an 88% accuracy rate. In a related study, Patella et al.54 

employed an ANN to examine the association between 
the severity of AD and exposure to air pollutants and 
environmental factors. Their results revealed a robust 
association, with the severity of AD lesions increasing by a 
considerable 200% in response to an increase in the diurnal 
temperature range, defined as the difference between the 
highest and lowest temperatures of the day. By predicting 
disease severity based on environmental parameters, 
the ANN exhibited promise in providing patients with 
early warnings to avoid potential irritants, in line with 
the overarching objective of predictive model-informed, 
tailored health-care actions.

Neural network algorithms provide a reliable and 
non-invasive method for classifying AD, frequently 
demonstrating efficacy in assessing lesion severity. 
This capability eliminates the need for direct clinical 
or specialized dermatologist intervention by allowing 
individuals to remotely monitor their condition using the 
cameras on their mobile phones. However, it is imperative 
to acknowledge that ANNs are not designed for constant 
observation, and existing models generally attain a 
maximum documented accuracy of 90%. Therefore, 
future research should prioritize enhancing accuracy and 
developing user-friendly mobile devices or applications to 
enable patients to confidently assess their condition using 
cutting-edge algorithms. In addition, additional scientific 
evidence is required to determine how the use of emollients 
or moisturizing creams affects the sensitivity of ANN. 
These studies could yield important information regarding 
whether these neural network systems can be used to 
measure the effectiveness of dermatitis treatment progress. 
Table 2 provides an overview of key information from the 
included studies, while Figure 5 illustrates the various data 
formats used in the previously described studies.

6. Implications of AI in evaluating pruritus 
in AD
The sensation of itching, medically referred to as pruritus, 
is a complex problem that significantly affects one’s overall 
quality of life. The persistent and intense prickly discomfort 
associated with AD can cause mental health issues. These 
problems may manifest as increased activity levels, 
generalized anxiety, and, in certain cases, major depressive 
disorders.55-57 Despite the profound detrimental effects of 
pruritus in AD, the lack of standardized and established 
techniques for objectively evaluating it poses a challenge 
to physicians and researchers.58 Pruritus is inherently 
subjective, with diagnosis primarily reliant on patient 
reporting. To address this issue, numerous metrics and 
surveys have been developed. One such commonly used 
tool is the Peak Pruritus Numerical Rating Scale (NRS), 

Table 1. Artificial neural network system performance

Predicted 
positive output

Predicted 
negative 
output

Output class

Actual 
positive: 
160

True positive 
(TP):153

False negative 
(FN): 7

1 – �Subjects with 
disease

Output class
0 – Healthy subjects

Actual 
negative: 20

False positive 
(FP):3

True negative 
(TN): 17

Accuracy: 94.44%

Σ = 180 Sensitivity: 
95.62%

Specificity: 85% F1 score: 0.9684

MCC: 0.7454

Abbreviation: MCC: Matthews correlation coefficient.
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which asks patients a single question: “On a scale of 0 – 10, 
with 0 being ‘no itch’ and 10 being ‘worst itch imaginable,’ 
how would you rate your itch at the worst point over 
the past 24 h?” The peak pruritus NRS has proven to be 
a well-defined, reliable, sensitive, and accurate scale for 
determining the intensity of the most severe itching. Its 
clear and simple format makes it particularly appealing to 
busy clinicians.59

Although scales and questionnaires have proven quite 
useful in clinical settings, biases resulting from individual 
differences in perceiving and expressing pruritus diminish 
their utility in research contexts. For example, what one 
individual may rate as a “10 out of 10” or the “worst 
itch conceivable” might be noticeably less severe for 
another, rendering such measures subjective. In addition, 
not everyone experiences pruritus solely as an “itchy” 
sensation; some describe it as a “burning” or “tingling,” 
which could cause some clinical instruments to overlook 

genuine cases of pruritus. These cases demonstrate the 
limitations of relying solely on scales and questionnaires. 
While they may aid a doctor in managing an individual 
AD patient, more objective and supplementary tools are 
desperately needed.60-64 More specifically, rigorous research 
in this area requires instruments capable of identifying 
minute differences and facilitating comparisons among 
cohorts before and after AD therapies or interventions.65,66

7. Acoustic surveillance
Initially, acoustic surveillance was used on transgenic 
mice specially engineered to mimic AD. The scratching 
behavior of these animals was recorded using a sound 
recording device, and an in-depth analysis of the recorded 
scratching noises, including the examination of frequency 
and wavelength data, was conducted. Subsequently, a 
software application was developed to identify and measure 
the scratching habits of the mice. This method offers an 

Table 2. Overview of studies investigating diagnosis and monitoring of AD utilizing AI

Serial No. Applications Description References

1 CRM-PLS-DA Machine learning-assisted CRM along with PLS-DA aid in precise dermatological diagnosis of AD, 
distinguishing AD from healthy individuals and exploring multiclass categorization of eczema severity.

33

2 CNN-based MPT An advanced learning system has been developed to diagnose AD using MPT images, 
eliminating the need for manual intervention.

34

3 Multivariate machine learning 
for AD severity prediction 
using combined biomarkers

The study utilized multivariate machine learning to create a diagnostic tool and severity 
prediction model for AD patients, revealing intricate connections between clinical and serum 
measures and enhancing disease understanding.

42

4. Machine learning classifier 
for AD detection using 
gut microbiota and 
transcriptome data

The study uses a machine learning classifier to accurately detect AD using gut epithelial 
colonocytes and gut microbiota data. The robust pipeline includes techniques like feature 
selection, model selection, cross-validation, classification, and statistical assessments, enabling 
precise discrimination based on omics data.

50

5 ANN for automated AD 
diagnosis

The ANN has been developed for automated diagnosis of AD. It uses a feed-forward 
architecture with nine input and output parameters, aiming to improve accuracy and 
efficiency by distinguishing AD from other skin disorders and using its unique features for 
classification purposes.

51

6 EczemaNet EczemaNet is a computer vision tool used to monitor AD severity. It uses CNN and transfer 
learning techniques to predict severity. Clinical trials confirm its efficacy, providing a 
standardized, effective monitoring approach.

52

7 Itch Tracker The Itch Tracker is a software application for smartwatches that tracks nocturnal scratching 
and provides an objective assessment of itching. It uses an algorithm to analyze acceleration 
data, distinguishing scratching from other movements based on unique wrist motions. The 
device is effective in measuring pruritus severity in patients with AD.

71

8 Neurological imaging The application uses neurological imaging, specifically positron emission tomography and 
functional magnetic resonance imaging, to objectively identify structural and functional 
changes in pruritus, detecting brain activity during itching episodes.AI techniques could be 
used in the analysis of neurological imaging data for pruritus research. These could include 
automated image analysis, pattern recognition, and predictive modeling.

75

9 Acoustic surveillance Acoustic monitoring has been used to analyze scratching behavior in AD patients. Initially 
applied to transgenic mice, a software application automates data analysis. A sound detector 
integrated with wrist monitoring has accelerated data analysis, but more research is needed.

67,68

Abbreviations: AD: Atopic dermatitis; AI: Artificial intelligence; CNN: Convolutional neural network; MPT: Multiphoton tomography; CRM: Confocal 
Raman microspectroscopy; PLS-DA: Partial least squares discriminant analysis; ANN: Artificial neural network.
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automated and significantly more rapid analysis of scratch 
data, akin to video surveillance but without the need for 
direct observation. By contrasting the results of the acoustic 
counting method with those from video surveillance in the 
mouse model, the efficacy of the method was confirmed, 
revealing a close similarity between the two methods.67

In 2014, Noro et al.68 expanded on the achievements 
of the mouse model by developing a sound detector 
integrated with a similar acoustic surveillance system, 
designed to be worn on the wrist to monitor scratching 
behavior. This groundbreaking technology distinguished 
a particular bone-conducted sound produced by motions 
through the finger and wrist bones, rather than relying on 
air-conducted noises. Over a 6-h sleep period, sound data 
were gathered from both AD patients and healthy controls, 
while infrared video captured individuals’ scratching 
motions. The algorithm swiftly analyzed the audio data, 
taking only a few minutes compared to the several hours 
required for human observers to score video recordings. 
According to the study, the scratching time recorded by the 
sound detector was later discovered to be almost identical to 
the outcomes from video surveillance, which is considered 
the gold standard for comparison. As a result, the sound 
detector greatly accelerated and improved the objectivity 
of the study while also reducing the invasive need for 
human behavioral observation. Similar to advances in 
video surveillance, machine-learning algorithms are being 

actively researched to improve acoustic monitoring. These 
techniques analyze sound data to detect movement and 
quantify scratching activity. Despite the advantages of 
acoustic recording over visual surveillance, it has only been 
tested in a restricted capacity in the brief trial described 
earlier. Therefore, more extensive and comprehensive 
research is needed to confirm this strategy across a wider 
range of patient demographics.68

8. Smart devices
In the past 10 years, medical research has gained insights 
into a range of medical conditions, and novel therapies have 
been introduced subsequently, which include monitoring 
dietary intake and sending reminders for medication 
adherence, facilitated by the portability and processing 
power of smart devices.69,70 Researchers investigating 
pruritus have modified wrist actigraphy for smartwatches 
while maintaining its core principles and keeping up with 
technological advancements. In a pilot study conducted 
by Lee et al.,71 an accelerometer-equipped wristwatch 
was used with three subjects to identify scratching 
tendencies. Remarkably, when compared to infrared video 
surveillance, the wristwatch demonstrated remarkable 
accuracy, with detection rates ranging from 98.5 – 99.0% 
for right-hand scratching motions and 93.3 – 97.6% for 
left-hand scratching.

In 2017, the Itch Tracker device was developed 
through a joint effort between dermatologists, Nestle 
Skin Health, and Apple Inc. This invention consists of an 
application (software program) designed for well-known 
smartwatches, aimed at tracking nocturnal scratching and 
addressing the need for improved objective techniques in 
assessing itching. As stated in the study, the application 
incorporates an algorithm that evaluates acceleration 
data from smartwatches, using unique wrist motions to 
distinguish scratching from other types of movement. In 
addition, the application features a smartphone interface 
that enables users to respond to surveys linked to itching, 
thus combining subjective patient comments with 
objective data from wearables.71 These results highlight the 
effectiveness of Itch Tracker as a smart gadget for tracking 
scratching, offering an objective and indirect measure of 
pruritus severity in patients with AD. With its subtle design 
and user-friendly interface, Itch Tracker is appropriate for 
general use. However, further studies are necessary to 
evaluate the application in various clinical settings and 
patient demographics.72

9. Neurological imaging
A unique method for objectively identifying structural 
and functional changes in both acute and chronic pruritus 

Figure  5. Diverse data modalities (such as images, genetic data, and 
biomarkers) employed across distinct AI studies.
Abbreviations: AD: Atopic dermatitis; AI: Artificial intelligence; ANN: 
Artificial neural network; ML: Machine learning; MPT: Multiphoton 
tomography.
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is neurological imaging. Positron emission tomography 
(PET) and functional magnetic resonance imaging 
(fMRI) have been used to measure brain activity during 
experimentally induced itching episodes, offering insights 
into treatments for acute itching.73 In a previous study, 
eight patients with AD and six healthy controls underwent 
PET scanning to examine acute histamine-induced itching. 
PET scans of AD patients revealed increased brain activity, 
especially in the basal ganglia, which are known to be a key 
regulator of the itch-scratch cycle.74

A study using arterial spin labeling fMRI, which 
involved histamine induction in seven healthy controls 
and eight AD patients, has yielded similar findings, 
demonstrating markedly enhanced cerebral perfusion 
after acute scratching in patients with AD.75 In addition, 
two other studies investigating brain imaging in 
individuals with chronic scratching revealed increased 
activity in reward circuits and motor-related brain areas 
during scratching.76,77 Moreover, patients with chronic 
itching exhibited reduced sensation of itch in response 
to scratching in these two studies that used arterial spin 
labeling fMRI to measure brain activity during active 
scratching. Concurrently, brain regions linked to the 
central reward system showed significant activation. Taken 
as a whole, these results emphasize the pleasurable aspect 
of scratching in relieving both acute and chronic pruritus, 
and they suggest the possibility that individuals with AD 
may develop an addiction to scratching.

It is important to recognize three main limitations of 
neurological imaging in the context of AD-related acute 
and chronic pruritus.73 First, many of these studies involve 
limited sample sizes, and the results are contingent on the 
techniques used to induce itching and perform imaging. 
Second, there is a scarcity of studies demonstrating 
differences in resting states between healthy controls 
and AD patients. Instead, these techniques need an itch 
stimulus other than AD-induced itch (e.g., histamine-
induced itch) to identify changes that might not accurately 
mimic the natural state. Third, tests such as PET and fMRI 
are expensive for the health-care system and uncomfortable 
for patients, requiring extensive time for execution and 
analysis. These variables diminish the usefulness of brain 
imaging for routine clinical diagnosis and standard care. 
The different distribution of skin lesions with varying 
morphologies, intensities, and durations might complicate 
the diagnosis of AD further. However, in recent years, there 
has been a rapid development in AI-based techniques for 
image analysis. One method that represents complicated 
patterns is the use of CNNs, which rely on DL algorithms 
to identify correlations between neighboring images and 
integrate them into successive layers. CNNs are used in 
image analysis across a variety of medical specialties, 

including cardiology, neurology, and gastrointestinal 
research, in addition to dermatology.34

10. Limitations of AI in dermatology and 
possible solutions
At present, several noteworthy obstacles hinder the 
effective application of AI in the medical field, especially in 
dermatology. One of the primary challenges is the lack of 
appropriate quality manual annotation and limited sample 
numbers in existing dermatology training datasets for AI 
algorithms. This deficiency diminishes the accuracy and 
usefulness of AI algorithms, rendering them inadequate 
to meet the demands of routine clinical applications.78 
Furthermore, AI algorithms, usually developed using pre-
existing samples, often fail to align with actual medical 
needs, resulting in a disconnect between them and practical 
clinical requirements. High-quality training sets are 
necessary for AI to learn from experience and evolve over 
time-a capability that human doctors possess naturally. 
Without such datasets, AI’s capacity is hampered, making 
it challenging to satisfy the growing expectations of both 
clinical and scientific domains, especially in areas such 
as the hairy scalp, mucosal membranes, uncommon skin 
disorders, and the identification of picture artifacts such 
as colorful marks and tattoos on the skin.79 Furthermore, 
training AI to recognize and diagnose a variety of skin 
problems is difficult due to the wide range of dermatological 
diseases and the lack of standard criteria for identification 
and diagnosis.80 There remains a bottleneck in using AI 
for the automatic recognition and diagnosis of various 
dermatopathological images, with current AI applications 
more frequently used for differentiating between normal 
and abnormal instances.81,82 In addition, another major 
barrier to the use of AI in dermatology is the presence of 
rare disorders, characterized by a low number of cases and 
insufficient specimens for appropriate ML training.83

At the center of these challenges, it lies the critical 
importance of guaranteeing the quality of data used in 
AI services. This intricacy is compounded by intertwined 
issues, such as potential inaccuracies in the accuracy and 
reliability of annotations, which can affect the accuracy of 
the model training assumptions. Furthermore, variability 
introduced in data collection procedures aggravates these 
problems, resulting in datasets that are highly inconsistent 
and pose significant challenges for applying general models 
to a multitude of clinical scenarios. The presence of such 
errors, artifacts, or the lack of proper data preprocessing 
algorithms adds another layer of complexity to raw 
dermatological data, which must be addressed through 
comprehensive data preprocessing strategies to enhance 
the reliability of the model outputs.84
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One major challenge is addressing bias and limitations 
in dataset representation, which are evident in the diversity 
in skin types, conditions, and demographic factors. These 
aspects may not have been adequately emphasized in 
training datasets, leading to biases in model outcomes.85 
The complexity adds an extra layer to the dynamics related 
to clinical practices, impacting data relevance over time and 
asking for continuous adaptation of AI models. In addition, 
providing access to various datasets is crucial for adequate 
model training, but it poses challenges, and potential 
limitations may restrict effective model generalization. 
Moreover, ethical considerations and patient privacy issues 
further complicate matters, especially concerning sensitive 
dermatological information. Careful balancing of the use 
of patient information for AI research with individual 
privacy protection is essential. These factors make it 
challenging to predict the performance of AI models in 
actual clinical environments, which can significantly differ 
from controlled research environments due to diverse 
patient populations, variations in clinical workflows, and 
the dynamic nature of healthcare. Effectively recognizing 
and addressing these nuanced limitations in AI applications 
in dermatology are pivotal for developing models that not 
only demonstrate technical proficiency but also seamlessly 
align with the complex yet ever-changing realities of 
clinical practice.86

Overcoming the challenges of small datasets in AI 
applications in dermatology requires an appropriate and 
well-designed strategy. Data augmentation is the key 
approach that enhances dataset quality by transforming 
images into different forms, thus improving data diversity 
and allowing the model to learn more effective features.87 
Transfer learning proves advantageous when models 
initially trained on huge datasets are fine-tuned using 
particular dermatology datasets, allowing them to gain 
general knowledge from a wider context.88 In addition, 
the incorporation of carefully developed artificial data, 
resembling the characteristics of dermatological conditions, 
serves as an effective pathway toward diversification, 
underscoring the importance of adequate representation.

Active learning adds a new iterative retraining paradigm 
where the model selectively prioritizes informative or 
challenging samples during every retraining cycle, thereby 
refining its performance.89 Ensemble models, which 
employ different architectures and hyperparameters, help 
minimize the effect of limited data by mixing predictions. 
Collaboration with other institutions, clinics, or research 
groups, along with data pooling, ensures the development 
of a broader and more diverse dataset while adhering 
to established rules on privacy and ethics. Active data 
collection remains crucial, requiring regular acquisition 

through collaborations or utilizing telemedicine platforms 
to expand the spectrum of the dataset.

To reconcile the disparities between source and target 
datasets in AI scenarios for dermatology, domain adaptation 
techniques have been applied.90 These techniques aim to 
align the distributions of data and increase adaptability 
without leading to overfitting incapacitation. By focusing 
on key features and applying an expert-driven targeted 
approach within the limitations posed by limited datasets, 
effective solutions can be developed to address limited 
data.91 Overfitting can be mitigated by incorporating 
regularization techniques such as dropout or weight 
decay during training.92 Ensuring the high quality of the 
limited dataset is crucial as it significantly influences 
the proper exploitation and effective performance of AI 
models. By refining these strategies through the iterative 
process that is in line with evolving research and clinical 
needs, practitioners could effectively overcome the 
hurdles imposed by limited datasets in AI applications to 
dermatology.

11. The acceptance of AI in dermatology: 
Attitude attribute
The application of AI to medical image recognition has 
garnered substantial attention recently, particularly in the 
fields of dermatopathology and dermatology. The growing 
advancements in AI technology make its use as a decision 
support tool for dermatologists – particularly in diagnosis 
support – increasingly relevant within the current legal 
and health-care frameworks. With the growing utilization 
of AI by both patients and medical professionals, 
numerous regional and international survey studies 
have been conducted to gauge perceptions and attitudes. 
Between January and June 2019, a comprehensive online 
survey was distributed to 1271 participants across 92 
countries. The results revealed that respondents identified 
dermoscopic images as the most promising application 
of AI in dermatology. Significantly, 77.3% of participants 
expressed approval or strong approval of AI’s potential in 
improving dermatology, with 79.8% incorporating AI into 
their medical education. However, only a minimal 5.5% 
(70 out of 1,271) agreed or strongly agreed with the notion 
that AI would replace dermatologists in the near future. 
A comparable international survey was conducted among 
dermatopathologists by the same research team, involving 
718 respondents from 91 countries. The findings revealed 
that 84.1% of respondents thought AI should be included 
in medical education, and 72.3% of respondents agreed or 
strongly agreed that AI will improve dermatopathology. 
Only 6.0% of respondents thought AI would eventually 
replace human pathologists. Interestingly, 79.2% of 
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respondents thought that automated suggestions for 
diagnosing skin tumors had strong or very strong 
potential in terms of diagnostic categorization, whereas 
42.6% thought that automated detection of mitosis had the 
highest potential.93,94

Patients typically know little about AI than medical 
professionals. In a qualitative study conducted from May 
to July 2019, involving 48  patients and semi-structured 
interviews for analysis, around 60% of participants 
stated that shorter diagnosis times and easier access to 
healthcare were the two biggest advantages of AI for skin 
cancer surveillance. Nonetheless, 40% of participants 
expressed concerns about potential dangers, including a 
rise in patient anxiety. The patients identified the major 
benefits and drawbacks of AI as the ability to deliver more 
precise diagnoses (33 [69%]) and less precise diagnoses 
(41 [85%]). Notably, 35 out of 75 patients stated that they 
would recommend AI to friends and family.95 In summary, 
pathologists and dermatologists generally hold an 
optimistic view of the prospective advantages and effects 
of AI in the field of dermatology. However, only a minority 
of respondents within the cohort exhibited a good or 
exceptional comprehension of AI. While most pathologists 
expect AI to be most useful in specific tasks rather than 
offering overall automated diagnostic advice, a majority 
of dermatologists believe that AI will improve diagnostic 
capabilities. Overall, only a small percentage (1 – 3%) of 
pathologists and dermatologists express concern that AI 
may soon replace them. As long as AI is used in a way 
that maintains the doctor-patient relationship, patients are 
amenable to using it to monitor skin conditions.

12. Perspectives and conclusion
The potential of AI in the field of AD presents an opportunity 
to significantly enhance diagnostic accuracy and provide 
personalized healthcare. However, several aspects must 
be addressed before this innovative approach can be 
seamlessly integrated into routine clinical practice. AI is 
gaining recognition at a pace in the field of dermatology, 
with researchers increasingly focusing on developing AI 
programs that require diverse data sources for training 
purposes. These data sources include clinical patient data, 
which encompasses various aspects such as demographics, 
comorbidities, characteristics of skin lesions, and relevant 
laboratory and imaging findings. Furthermore, molecular 
profiles obtained from biopsy data, such as proteomic 
analysis, provide valuable information.5,96 Another avenue 
involves utilizing data from existing literature. Finally, images 
play a crucial role in the analysis and classification process. 
Notably, publicly available benchmarking image datasets 
such as the International Skin Imaging Collaboration and 
PH2 dermoscopic archives serve as instrumental training 

resources for AI models.97-99 These datasets often consist of 
lesions that have been confirmed by pathology, follow-up 
examinations, expert consensus, or in vivo confocal 
microscopy, which enhances their reliability.

Prudent consideration is crucial for researchers involved 
in the development of AI programs, especially when facing 
challenges related to training datasets. Estimating the 
optimal number of training images can be challenging, as 
having an insufficient dataset may compromise the quality 
of the program, while an excessively large dataset runs the 
risk of overfitting the ML classifier to the data, limiting its 
applicability to external datasets. It is important to note that 
advanced mathematical techniques are available to address 
these challenges, such as dropout, data augmentation, 
batch normalization, and others.92,100,101 These methods 
play a key role in preventing overfitting and ensuring 
the robustness and generalizability of the AI program, 
which holds significant clinical relevance from a scientific 
perspective. Efficient utilization of the dataset is crucial in 
achieving the desired accuracy for specific classifications. 
In addition, the dataset should include a diverse range of 
images from various demographics to ensure that resulting 
algorithms have external validity.102,103 When acquiring 
images, it is important to consider potential systematic 
errors such as variations in lighting, tools, or processes, 
particularly in different clinical settings, to maintain the 
research’s validity beyond its original context. Simplifying 
the program’s classifications to those with significant 
prognostic implications can help reduce the size of the 
dataset and the complexity of algorithms.102,104

Randomized clinical trials must be carried out to 
evaluate the potential of new computer methods and DL 
in large-scale investigations. Given the limited research 
in this area, these studies are especially important for 
gathering data on therapeutic benefits and assisting with 
causal inference.105 Moreover, addressing unmet demands 
such as cost-effectiveness and safety concerns is critical 
before transferring AI technology from research to clinical 
settings. Robust regulatory procedures are required to 
guarantee the safe handling and preservation of private 
information. Another important challenge is ensuring 
AI-based healthcare is equitable and inclusive. Healthcare 
AI should be trained and validated using population-
representative data to achieve generalizable performance 
levels.106 It is crucial to take into account social and health 
inequalities that can exclude kids from particular groups 
who typically have limited access to care. Relying mostly 
on data from majority ethnic groups or patients with 
high socioeconomic status could introduce bias into 
AI performance, as the system may pick up diagnostic 
tendencies from these over-represented groups.107
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Developing instructional programs to help doctors 
successfully use and interpret AI products and services 
through continuous education is another important factor 
to take into account. Although AI holds great potential to 
improve diagnosis, there are several possible drawbacks, 
including the risk of false diagnoses and erroneous risk 
assessments. Establishing formal collaboration between 
industry, the research community, and health-care systems 
is critical. Such collaboration is necessary to handle every 
important facet of AI and guarantee a smooth transfer 
from academic research to practical implementation.

In the near future, physicians and AI-guided computers 
will probably work closely together. AI has the ability to 
change clinical management by assisting physicians in 
analyzing patient data on an individual basis, identifying 
trends in different diagnostic test results, and more.108 In 
this setting, the role of medical experts in interdisciplinary 
teams becomes essential. The implementation of AI 
algorithms requires the collection and analysis of large 
amounts of data, which calls for interpretation within a 
particular healthcare setting. The domain of “augmented 
intelligence,” where people and machines cooperate to 
enhance the diagnostic workflow, share judgments, and 
work in concert, is where clinicians and computers can 
effectively collaborate. This collaboration has the potential 
to effectively minimize emotional and economic burdens, 
leading to more efficient patient care in the health sector.
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