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Abstract: Superficial fungal infections can have significant physical and psychological consequences for affected patients. These
painful infections have become more prevalent and the rise of antifungal resistant strains is of great concern. New tools in the fight
against these infections are needed, especially in areas were appropriate dermatological care is lacking. Artificial intelligence (Al)
offers a potential solution for these care gaps. Al’s capabilities have been increasing in sophistication at an astonishing pace, with large
language models (LLMs), such as ChatGPT (OpenAl), Claude (Anthropic) and Gemini (Google) being capable of generating detailed
responses to complex problems as well as demonstrating reasoning type behaviour. Al is currently in use and being developed for use
within the clinic as well as the laboratory, with the potential to significantly improve access to dermatological care and patient
outcomes. However, understanding how these Al models work at a basic level is necessary for safe, effective and efficient use and
application to the management of superficial fungal infections. In this review, we provide a high-level description of how these models
work, discuss the potentials and pitfalls of Al and LLMs, as well as their applications and the current and future outlook for the field.
Keywords: artificial intelligence in dermatology, superficial fungal infections, dermatology specific LLMs, ethics of artificial
intelligence in medicine

Introduction

Superficial fungal infections, including onychomycosis, are infections that can not only cause significant discomfort in
patients, but also create cosmetic issues that further impact patients’ lives.' These infections preferentially affect the
elderly, but also impact regions of lower socio-economic development more frequently.” These infections can be difficult
treat, having high failure rates and requiring lengthy courses of antifungal agents.> The rate of antifungal resistant
infections is on the rise and has significant implications for dermatology, particularly in less developed regions where
access to adequate dermatological care may be limited. The emergence of terbinafine-resistant strains, such as
Trichophyton indotineae underscores the need to monitor patient care.*

With the clinical challenges that we are facing in managing superficial fungal infections, there is a need for new tools that can
assist physicians in the diagnosis and treatment of these infections. Tools that can hasten the identification of pathogens and assist
in determining drug susceptibility will improve treatment outcomes and help to reduce the risk of new anti-fungal resistant strains
from emerging. Artificial intelligence (Al) platforms, and in particular large language models (LLMs), have the potential to create
these types of tools, leading to better patient outcomes, reduced physician workload and improved laboratory throughput. Several
LLMs have been developed and are available commercially for general use, including OpenAl’s ChatGPT (https://chatgpt.com/),
Google’s Gemini (https://gemini.google.com/), and Anthropic’s Claude (https://claude.ai/), as well as many others. Our goal in
this review is to provide an overview of the current and future applications of LLMs in combating superficial fungal infections,
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while discussing their inherent limitations and potential dangers, providing the physician with the necessary knowledge to use
these models safely and effectively.

We will cover the basics of Al and how LLMs actually work/think, the advantages, disadvantages and safety concerns
these models pose, as well as discuss the current and future applications of LLMs in the diagnosis and treatment of
superficial fungal infections.

What Is Artificial Intelligence?

Al-based technologies have already been deployed within medicine with great benefit, for example Apple’s atrial
fibrillation detection using the ECG application on the Apple Watch, Medtronic’s Guardian Sugar.IQ system, and
Paige.ai’s Al-based pathology tools.”” However, before we can learn how to best use Al deep learning technologies
such as LLMs, we must first gain an understanding of what this technology is and how it actually works.

We do not need extreme detail, but a general understanding will suffice for this review. We can think of Al systems,
particularly machine learning and deep learning systems, as statistical models of the real world (Figure 1).* These models
use iterative statistical methods to essentially “learn” or “perceive” the relationship between a set of independent
variables and a dependent variable (training).*” These variables can be a measurement, a group of measurements (or
properties), or even pieces of text and images, which are relevant to LLMs. Once these relationships are determined, the
model can then be used to make inferences about the value or property of the dependent variable when only given the
independent variables as an input.

As a simple example, a model can be trained on data that shows that 80% of people that like oranges also like
grapefruit and that 30% of people that like apples also like grapefruit. Once trained, the model can be shown data on two
individuals, one that likes oranges and one that likes oranges and apples, and asked to predict whether these individuals
will like grapefruit.

There are many different methods for developing machine/deep learning models; however, these are outside the
scope of this review. We would like to refer the inclined reader to additional resources to learn more (Introduction to
Deep Learning by Eugene Charniak; Deep Learning by Ian Goodfellow, Yoshua Bengio, and Aaron Courville).
Understanding the basic principles discussed above will help us understand how LLMs work and how to best work
with these models.

What Is a Large Language Model?

LLMs have a seemingly astonishing capacity to interpret unstructured information that the user provides and craft
a response that is not only informative, but also accurate and useful. However, these models are once again only
statistical models of the real world. Language models — and LLMs by extension — require natural language to be broken
into small pieces of information through a process called tokenization, where characters, words and/or portions of words
are assigned unique numerical values or “tokens” (Figure 2). These models are then provided with a sequence of tokens
which represents the sentences entered by the user. Similar to Al models in general, these language models only truly
predict the next most likely “word” or token in the response based on the sequence of information that was given.” LLMs
are trained on vast amounts of text data, which consists vetted information extracted from internet sources, in order to
achieve these feats.'®!! Training these models can be costly with the need for large amounts of computing power as the
number of parameters that need to be optimized are extremely high — for example OpenAl’s GPT-3.5 has approximately
175 billion parameters.'®'

Training also occurs in multiple steps, with the first step training the LLM to predict the next token in a sequence
forming its knowledge base. The second step is to fine tune the model so that it can respond to instruction, and the third is
to further fine tune the model to produce desired behaviour through reinforcement learning. It is important to note that the
date that the LLM was trained will impact its knowledge base. An LLM will only have “memory” for information that
was present by the training dataset’s cut-off date, if asked about information that would not have been in the training
dataset (eg a medication that was approved a year after the cut-off date, or a newly emergent drug-resistant strain), it will
not be able to provide accurate information.
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(A) Basic Al Model

(B)

Basic Al Model
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Figure | Simplified model of artificial intelligence (Al) system. The Al model, in this case a very simple neural network (A), receives parametrized information of either
a piece of text or image and performs an initial calculation with the weights shown in the purple boxes. The model then conducts a second calculation with the results of the
first, obtaining probabilities that the information is in a certain category. During training (B) the model is fed the same type of information and calculates the most likely
category. However, the model then compares its answer to the ground truth category (or label) of the information. If the if the model’s answer and the information’s ground
truth label do not match, then the weights of the model are adjusted slightly and the process is run again.

Al and LLMs: Potential and Pitfalls

With the advent of more powerful chips designed to handle the demands of Al technologies, but with higher efficiency
and lowered costs, as well as the increasing amounts of online data available for training and advanced algorithms, the
potential for developing sophisticated tools to assist the dermatologist is staggering. Koo et al have developed a deep
learning model to identify the presence of fungal hyphae in potassium hydroxide (KOH) stains of skin and nail scrapings,

and Zieliski et al have developed a model to specifically identify fungal species from Gram stained samples.'>'
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Figure 2 Tokenization of data for large language models. (A) The tokenization of text data. The sentence which consists of 4 words, 3 spaces and | punctuation mark is split
into distinct “tokens”. These tokens are each represented by a unique code and can consist of a combination of words, parts of words, spaces with words and punctuation
marks. (B) Image data can also be tokenized where the information within the image is split into smaller individual pieces that can then be passed to the model.

However, there are some significant concerns surrounding the use of Al and LLMs in medical practice. These include,
but are not limited to cost, accuracy, and regulatory and ethical issues.'” Understanding the trade-offs is essential for
health care professionals to effectively and safely use these tools. Below we discuss the potentials as well as the pitfalls

that users of these technologies need to be aware of, in addition to listing in Table 1.

How Al Models Can Help the Physician

The applications mentioned above are only some of the possible applications of Al system. The very recently developed
emGene system, which utilizes a specially trained LLM installed locally on a next-generation sequencer (NGS) system,
could potentially be used for fungal species identification and anti-fungal resistance gene detection, and provide reports
to physicians who may not have the knowledge or experience to interpret raw gene sequencing data.'® These types of
systems have the potential to not only decrease physician workload, but also improve consistency and make this type of
testing, particularly genetic tests, more accessible.

These models also have the potential to greatly improve clinical workflows, and not only for the analysis of laboratory
samples as mentioned above. Specially trained LLMs, such as Med-Alpaca'’ and PMC-LLaMA,'® with their vast
medical knowledge base, have the potential to act as consultation tools.'” These models could be used by the physician
to aid in clinical decisions. For example, after providing information about the patient’s skin or nail symptoms as well as
the patient’s characteristics and health history, the model can provide feedback on the likelihood that the patient’s
complaint is due to a fungal infection vs a bacterial infection vs a non-infectious disorder, with Figure 3 highlighting
these potential applications and workflows. These models can help guide testing and treatment decisions to not only
achieve accurate diagnoses faster, but also help reduce the need for unnecessary testing, while promoting anti-microbial
stewardship by reducing the unnecessary prescribing of antifungal drugs. This could be of particular importance in areas
where specialized dermatological care is not readily available or accessible. These tools could allow general practitioners
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Table | Advantages/Potentials and Disadvantages/Pitfalls of Al and LLMs in Managing Superficial Fungal Infections

Potentials Pitfalls
Pathology Settings Model Accuracy
Increased throughput of samples Can be prone to hallucinations/confabulations
Al assisted analysis of samples Quality of training data can impact accuracy
Report generation in genetic testing for species identification and Falsehood mimicry due to accepting false information from user as fact

detection of resistance mutations

Algorithmic errors

Patient Screening User experience in prompting
Differentiate infectious vs non-infectious conditions Potential for patient harm
Reduce need for unnecessary testing Stale-dating of training data
Reduce the need for unnecessary antifungal prescriptions Data bias

Promote anti-microbial stewardship
Regulatory and Ethical Concerns

Breach of patient privacy

Unauthorized use of patient information

Regulatory status and implications
Access to Dermatological Care Process transparency

Consultation tool to assist non-dermatologists in providing care

Formation of treatment plans personalized to each patient Legal Concerns

Who is responsible party in event of medical error
Access Concerns

Cost of specialized hardware

Cost of running the model

Availability of sufficient infrastructure

Adequate training for users

with more limited knowledge and experience with these infections to provide appropriate care and therefore improving
patient outcomes.

The Downside of Al in the Clinic

The potential that these models hold is counter-balanced by many pitfalls. Currently, there are concerns around (1) model
accuracy, (2) regulation and ethics, (3) legal implications and (4) access.

Model Accuracy

LLM:s are trained on vast amounts of data from mainly online sources.'' Even though considerable effort has been taken
to vet this data for accuracy, the sheer volume of data precludes complete accuracy. This is partly due to unavoidable
errors when screening such an enormous dataset, but also due to the nature of the information that would be available.
Many online sources may contain information that is contradictory or misleading but may appear to be credible and even
biased information. When this information is not recognized and allowed to remain in the training data, then these
inaccuracies will essentially be “learned” by the model.

Another possible reason for inaccuracies may be the cut-off date of the training data. As these models are quite costly
and time consuming to train and vetting the training data is also time consuming,?® the dataset that is fed to the only
contains information up to a specific date. As development of a new model may take many months, the information
contained within the training data can become outdated. This is of particular concern in when applied to superficial
fungal infections as the information surrounding the emergence of new and/or antifungal resistant strains can change
extremely quickly. This type of data inaccuracy will lead to inevitable errors.

Another concern is LLM “hallucinations” or confabulations.?! These models truly only predict the next tokens
(or series of words) in a given sequence. If the model has had very little experience through training on similar
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Figure 3 Applications of artificial intelligence to the management of superficial fungal infections. (A) When applied to laboratory diagnostic testing, a specialized Al model
can interpret the image of a stained sample and then determine if there is any evidence of fungus within the image. The model could then provide a classification of the
sample as either low risk, high risk, or inconclusive. Samples that are high risk or inconclusive would be reviewed by an expert to confirm diagnosis. (B) Large language
models could also act as an assistant to the physician. The patient would be seen by the physician, who would then consult with an LLM fined tuned with dermatology data,
providing details of the patient’s presentation. The model could then provide differential diagnoses, recommend appropriate diagnostic testing and assist in developing
a treatment plan. (C) In teledermatology, a similar process could be used, where in place of the physician, the patient would communicate with the LLM and provide details
and photographs of their complaint. The LLM could then either provide possible diagnoses, determine if urgent care is needed or even initiate referrals for further
investigations and management. The LLM in this case would have physician oversight to ensure accuracy.

sequences (eg not trained specifically on medical knowledge),?” then it will not be able to accurately predict the next
set of tokens, leading to erroneous responses. Physicians using these models must not take the output at face
value.?""** Additionally, these models cannot understand the difference between true and false information. If false
information is inadvertently fed into the model during use, either by unintentional data entry error or vague
prompting, the model can actually take the false information and mimic it back with additional information that
will be incorrect.

These inaccuracies, if not recognized in a timely manner, can lead to significant patient harm. For example, a patient
may be harmed by an LLM recommending an antifungal medication that is contraindicated due to the patient’s medical
history, or an LLM misinterprets pathology results; this may result in a patient with a clear infection not being promptly
treated. This risk can be reduced by ensuring that the LLM’s training data has detailed and accurate medical knowledge
at all stages of training.

Regulatory and Ethical Concerns
Protecting patient’s privacy and maintaining the security of their personal health information is a must. Any implementa-

tion of Al technology must uphold these principles. One of the main issues surrounding patient privacy is the requirement
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for high performance hardware to run many of these models. In the case of commercial models such as ChatGPT, the
model itself is hosted by the developer (in this case OpenAl) and interactions with the LLM are through the developer’s
provided interface and through their infrastructure. This flow of data to the developer can have significant consequences.
Firstly, any patient information that is transferred online has the potential to be intercepted by malicious entities.”
Second, many of these developers will store the information provided within the chats that the physician has with the
LLM, leading to patient information being given to a third party without the explicit consent of the patient.''** Thirdly,
some developers may use these stored chats as future training data unless the user specifically tells the LLM not to hold
the data and use it for training. For example, OpenAl states on their website that conversations can be retained and used
for training unless the user disables this option.* These issues could be potentially be rectified by hosting these models
locally; however, this would require additional computing resources as well as frequent on-site updates to the model to
ensure accuracy, particularly in microbiology and infectious disease applications.

We also need to consider if the use of Al algorithms and LLMs, including those such as ChatGPT, Gemini and
Claude, in healthcare could be considered the use of a medical device. Currently, there are laws within both the European
Union and the US that do consider AI technologies to be medical devices when developed for such purposes.”” However,
commercial general use LLMs have not been built for those purposes and would not necessarily conform to these
regulations. In this case, how would we classify the act of a physician consulting an LLM regarding a diagnosis or
whether to collect a specimen for testing? Physicians must undergo extensive training and licencing before they can
practice independently. If LLMs are to be used in a similar, yet albeit at a reduced capacity, then regulation of these
systems for transparency is a must. Similar considerations also apply for LLMs that are used in the analysis of laboratory
and pathology samples. Currently, it is not known how often these models, particularly those such as ChatGPT, Gemini
and Claude are used in the clinical setting. However, a study of physician performance augmented by LLMs has hinted
that some physicians may already be using these tools to some extent within their practice.”

Legal Concerns

Inevitably, there will be medical errors made with the use of LLMs. The question then becomes: who are the responsible
parties? Traditionally it would just be the practitioners and their organizations that were involved in the error that would be
liable. However, with an LLM, depending on the particular use case, would the practitioner (physician, laboratory technician,
nurse, hospital, etc.) be fully responsible, or are the developers of the LLM fully responsible, or is it reasonable for fault to be
shared by multiple parties.”> The legal ramifications of LLMs in practice are not clear, but will need to be seriously considered
by any practitioner or organization looking to implement these models into their practice.”’

Ease of Access

As mentioned earlier, LLMs can be extremely costly. Specialized hardware, extremely large amounts of vetted training data, long
training times and high energy needs all lead to high costs. In less socio-economically developed areas the cost of these
technologies may be prohibitive, even though these areas would stand to benefit the most. Additionally, remote areas which may
not have the electrical and internet infrastructure may also have limited access to these technologies.'” Training users
appropriately in these remote areas will be more difficult and also contribute to reduced access from the perspective of the patient.

Applications to Superficial Fungal Diseases

One of the major applications of Al to superficial fungal diseases is diagnostic assistance. With the ability of LLMs to
analyse different types of images, these models have potential to assist in reducing physician work load by classifying
high and low risk samples, and to also potentially act as an “expert” in areas where knowledgeable practitioners may not
be readily available.

As mentioned earlier, several groups have been able to develop technologies for the identification of superficial fungal
infections in pathology samples. Koo et al have developed a convolutional neural network model to detect fungal hyphae
in KOH stained samples.'® The advantage of analysing these types of images is that KOH staining is relatively quick and
inexpensive compared to other testing methods. They demonstrated a high degree of accuracy in detection using data
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from actual patient samples, however, the amount of data for training and testing was limited, which would inevitably
lead to biases and inaccuracies when applied to images from outside of their study.

Zieliski et al have also conducted a similar study, but with the aim of identifying the species present within Gram-
stained samples.'* The training set used within this study prevented the use of standard neural network architectures, but
the authors were able to use different methods (bag-of-words followed by support vector machine classification) to
achieve classification with a high degree of accuracy, with up to 100% accuracy for some species.'® It is important to
note with this work that the available training data was much smaller than the study by Koo et al. However, even with
these limitations, both of these studies demonstrate the feasibility of applying these models to screening methods.

Jansen et al have presented a deep learning system that utilizes Periodic Acid Schiff (PAS) stained whole slide images
produced by commercially available histopathology slide scanners to detect fungal elements in nail samples with
accuracy similar to that of trained pathologists.”® Decroos et al conducted a similar study of PAS stained whole slide
images, again demonstrating similar overall accuracy to dermatopathologists in side-by-side comparisons, where their
model demonstrated greater accuracy than half of assessed dermatopathologists.”” Even though their algorithms shows
very promising results, the image artifacts that can occur with whole slide images do have the potential to lead to
errors.”®?’ Nonetheless, their work is an important demonstration of how these Al technologies can potentially fit into
current clinical workflows.

Another application is identification of fungal infections in photographs of nails. This could be particularly useful in
settings where access to specialized testing may be limiting, helping to spare those limited resources. One example is the
work presented by Han et al in which they demonstrate a serial series of convolutional neural networks that performs
with the same accuracy as dermatologists in identifying onychomycosis from photographs of nails.*® One downside of
this work is that the training and validation sets are from non-standardized images, adding additional variation to the
dataset.”® Another is that the images in the training set were derived from patients in South Korea, which may introduce
biases into the model in terms of using primarily South Korean patients to train from. Kim et al then demonstrated
efficacy of this algorithm to identify onychomycosis in nail photographs in a study of 90 patients independent of the
training data, where they showed equivalent performance to five board-certified dermatologists.*’

Abdulhadi et al conducted a head-to-head comparison of five different transfer learning models (a type of LLM) in
classifying nail images into either healthy, hyperpigmented, nail clubbing or onychomycosis, with the DenseNet201>°
model demonstrating the highest efficacy.’’ Elbes et al have conducted a similar study, but have examined the ability of
various LLMs (VGG-16/19, Inception V3, ResNet50, Inception-ResNet-v2 and MobileNet) to specifically differentiate
between 11 different skin pathologies, again demonstrating efficacy.>>

A dermatology-specific LLM named SkinGPT-4 has also been developed by Zhou et al with the goal of providing
diagnoses for a wide variety of skin conditions, including superficial fungal infections.*® In this work, the authors use the
MiniGPT-4 LLM as a starting point and further fine tune the model with dermatology-specific data, leading to
a potentially effective diagnostic tool in areas with reduced dermatological care.’® However, there is the potential for
errors which could be harmful to patients in situations where physician oversight is not available.

The work of Han et al, Kim et al, Abdulhadi et al, Elbes et al and Zhou et al demonstrate the utility of these
approaches; however, there are some caveats to note. Firstly, these models may not be able to correctly classify
ambiguous cases from images. Using a method where the likelihood is presented versus a definitive category may
help in assessing ambiguous cases, where the final decision is made by the practitioner. This is especially important when
determining if a patient needs microbiological testing, as missing possible positive cases may lead to delayed testing,
potentially leading to poor outcomes for infected patients.’

In addition to diagnostic applications, these models have the potential to assist in patient management planning and
treatment decisions. Various commercial versions of ChatGPT (OpenAl) have been tested as diagnostic agents and aids,
patient education tools, and in teledermatology applications.** These general models have been found to perform
reasonably well on medical licencing exams, with Mihalache et al demonstrating that ChatGPT-4 was able to correctly
answer 88% text-based questions from the United States Medical Licencing Examination practice set.*> Very recently,
Zhan et al compared GPT-40 to both infectious disease residents and specialists on a set of panel-developed questions,
finding that GPT-40 performed at an equivalent level to specialists, demonstrating its potential as a tool for medical
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students and junior residents.*® Fine tuning these existing models with dermatology and medical information will allow
for these models to become effective tools for overburdened physicians. These LLMs may be able to provide sufficient
and accurate responses for physicians on possible patient diagnoses, suggest appropriate diagnostic tests and even
provide treatment plans that the physician can then adjust to the patient's needs.?’

While specific clinical application of ChatGPT and other commercial LLMs as physician aids in the management of
superficial fungal infections has not been found in our literature search, there is evidence of their utility in other
dermatological applications. Liu et al examined the performance of both ChatGPT-4 with vision and Claude 3 Opus in
melanoma assessment, with Claude 3 Opus outperforming ChatGPT with an accuracy of 56% and 48%, respectively.*®
This type of approach can be adapted to the diagnosis and management of superficial fungal infections and careful
integration of these LLMs into clinical practice would benefit both patient and physician.*®

Due to their unique capabilities, ChatGPT, as well as other commercial LLMs, have great potential in teledermatology
applications. In 2024, Shapiro and Lyakovitsky demonstrated the utility of a teledermatology chatbot (“Dr. DermBot”)
which uses ChatGPT-4 as a backbone.*® This chatbot was designed to take the patient’s medical history, examine and
classify provided clinical images, and then finally provide recommendations. The model was able to accurately diagnose
alopecia areata in a patient test case.*® These types of models, as well as those described earlier by Han et al, Zhou et al,
Abdulhadi et al, Elbes et al and Kim et al, would fill essential care gaps in rural and remote areas, but would also provide
patients with continued access to care in situations where patient-physician contact is not possible, such as in the
COVID-19 pandemic,?®%-31733:37:41

Additionally, these LLMs can act as patient education tools, informing patients about what types of outcome they can
expect with their disorder or infections, as well as providing information to patients regarding appropriate care strategies
for their condition.****

Altogether, Al technologies and LLMs specifically have the capacity to greatly increase patient access to dermato-
logical care, specifically supporting patients in underserved regions. However, appropriate implementation and use are
essential.

What We Know and Where We are Going

The current landscape of Al technology is extremely dynamic. A search of clinical trial registries reveals numerous
studies at different stages of completion addressing a range of clinical applications and workflows, including but
definitely not limited to a trial of an AI decision support system to reduce unnecessary antimicrobial prescriptions in
children (NCT0687625),*° a study of Al in supporting skin cancer management (NCT04040114),*® Al implementation in
teledermoscopy (NCT05033678)*" and a trial for clinical workflow optimization with AI in dermatological conditions
(NCT06263413).4®

Currently, there are only a limited number of studies of specifically exploring the use of LLMs in the management of
superficial fungal infections, with published studies assessing diagnostic accuracy or demonstrating feasibility.'?*'4¢2®
Larger studies to specifically assess model accuracy, along with much larger sets of training data, will be need to progress
development in this particular niche.

A range of Al tools are already being used clinically, namely Al medical scribe software such as, but not limited to,

DeepScribe (www.deepscribe.ai), Lyrebird (lyrebirdhealth.com), Tali (tali.ai) and Scribeberry (scribeberry.com), assisting

physicians with documenting patient interactions and administrative tasks. These clinically available Al tools, as well as
those in development have the potential to significantly lower physician workload and increase diagnostic accuracy.
Additionally, teledermatology-based Al tools would improve access to dermatological care, particularly in regions where
adequate medical resources may not be available.

Even though these technologies possess great potential, there are significant challenges that will need to be addressed
for this potential to be realized. Current models can experience hallucinations, particularly when the model has not seen
similar information during the training process.”'** Additionally, bias may be introduced into these models during the
training phase through skewed training data, both of which have the potential to lead to patient harm. Another issue is
that there is a regulatory “grey zone” surrounding the use of these models.”> Commercial generic LLMs, such as
ChatGPT, which may be currently used by physicians, have not been specifically developed for medical use and would
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not have undergone the necessary regulatory processes, raising the concern for potential patient harm and legal
implications around responsibility for medical errors.?***2

At the current rate of LLM development, what is state-of-the-art today may be obsolete within a year’s time. Current
estimates are that performance is doubling between every 3 to 14 months, with the majority of estimates at approximately
7 to 8 months.**>' This rapid development holds great promise for improving performance in dermatological applications;
however, there is a great risk that this extremely fast development will outpace not only the ability of physicians to train on
these systems, but also the ability of governments to establish requirements and regulations around their safe use. The

potential benefits of this technology can outweigh the risks, but only if we choose to as a society.
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