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Abstract:

Foundation models (FMs) are deep learning models distinguished by their extensive training
data and adaptability to a variety of medical tasks including disease classification,
monitoring, risk stratification and treatment planning. They are categorized into large
language models (LLMs) and vision-centric FMs, which process only text or only images as
inputs, respectively. Alternatively, some models integrate multiple modalities, such as images
and texts, in vision language models (VLMs), or may expand this multimodality by
integrating audio, video, genomics and patient metadata in large multimodal models (LMMs).
FMs are expected to help dermatologists in the clinical setting by leveraging advanced Al
capabilities to standardize diagnosis and more accurately quantify disease severity,
personalize treatment planning and ultimately improve patient outcomes. In this narrative
review, we present an overview of the main milestones in generative Al that have driven the

1
Page 1 of 16



evolution of dermatology-focused FMs, a field still under active research. Additionally, we
summarize the current landscape and the principal medical FMs that have been developed for
image-based medical specialties. Finally, we analyze potential risks and future directions in
this field, offering insights from both clinical and technical perspectives.

Keywords: artificial intelligence, generative Al, foundation models, medical Al,
LLMs, LMMs, VLMs, vision-centric FMs

INTRODUCTION

Traditional Al, that typically focuses on a single task (eg, classification or prediction) has
been superseded by generative Al that can create outputs based on the features it has learned
from a variety of training datasets, including images, text, video, audio and other sources of
information'. Such capabilities are particularly attractive in medicine, where various domains
of care (prevention, diagnosis, treatment, prognosis) rely on diverse information
(photography, radiology imaging, video, genomics, medical textbook knowledge, etc). This
new domain has led to the development of foundation models (FMs), a paradigm shift from
limited-scale models in conventional deep learning algorithms, to large-scale models (Table

1).

A FM is a machine learning (ML) model that is trained on massive amounts of data which it
can draw on to perform different tasks, including those for which it has not been explicitly
trained’. By employing this training and adaptation methodology, FMs can significantly
improve the performance of traditional Al models, leading to enhanced diagnostic accuracy,
optimization of treatment recommendations, streamlined care and improved outcomes across
multiple disciplines. The term “foundation model”, first coined in 2021 by Bommasani,
serves as an umbrella term encompassing various types of models. Vision-centric FMs focus
purely on visual data (images or videos); large language models (LLMs) analyze text data
while large multimodal models (LMMs) can be trained on multiple modalities. Thus, vision-
language models (VLMs) that take both images and text as input are the paradigm example
within this latest category’. Given its heavy reliance on visual diagnosis, dermatology is one
of the primary medical specialties with immense potential for implementing these models.

The objective of this narrative review is to summarize the present state of FMs and current
applications in dermatology. We also provide a dermatologist’s perspective on the health care
impact of these models on our field emphasizing the crucial need for fostering
interdisciplinary collaborations across health care and engineering fields.

THE HISTORY OF FOUNDATION MODELS

The significant technological advancements in computerization between 2010 and 2016,
coupled with increased access to large datasets, led the world to transition from traditional
programming to ML (Figure 1). Unlike traditional programming, ML uses diverse algorithms
that automatically generate rules based on the input data received, without prior
programming. Initially, ML models extracted image features that were manually defined and
annotated beforehand*. Subsequently, deep learning with convolutional neural networks
(CNNps), rapidly gained interest in dermatology due to their high performance in extracting
image features, classifying skin conditions, and differentiating malignancy from
inflammatory diseases.” ! In dermatology Al studies, these networks based on publicly
available CNN architectures, such as IncepcionV3, InceptionV4 and ResNet, are the most
common architecture employed and they have outperformed dermatologists in controlled
research environments>.
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In 2018, the adoption of transformers, a type of neural network architecture, for natural
language processing (NLP) tasks, and later for image analysis, marked the inception of
FMs!!. Building on this foundation, vision transformers (ViT) revolutionized computer vision
by leveraging attention mechanisms to analyze both text and image data in parallel, enabling
faster and more efficient computations'?. Due to their computational efficiency and
scalability, these architectures provided capability to train large models with over 100 billion
parameters. In the evolution of ML, FMs could be seen as a practically inevitable step, with
the medical field emerging as a key adopter. Al is increasingly being used for image analysis
in pathology, ophthalmology, and radiology, which have already developed and implemented
medical FMs. 31

In addition to the deep neural networks employed by FMs, methods used for training require
a more complex computational design vs prior deep learning models. When developing an
algorithm for a ML model, it can be trained in a supervised or unsupervised manner.
Supervised learning has been widely used in Al models in dermatology so far, wherein the
learning is guided by providing data that is labelled with a certain category. For example,
clinical or dermoscopic images of cutaneous lesions are annotated with the confirmed
histopathological diagnosis or expert consensus for unbiopsied lesions (eg, ground-truth).
Unsupervised learning does not require labelled data but has not been common in
dermatology research to date. However, FMs are often based on self-supervised learning
(SSL). Considered a subtype of unsupervised learning, SSL models learn from data that has
not been annotated. They learn to associate different words within a text in the case of LLMs;
images and text in the case of VLMs; or they learn useful features and representations of the
images in vision-centric FMs'®, SSL is more scalable as it depends on unlabelled data and the
models are forced to predict parts of the inputs, which makes them more useful than models
trained on limited labels. This concept is also known as zero-shot learning, where the model
can perform tasks for which it was not explicitly trained by understanding the task through
NLP. Since there is a total absence of labelled examples, the model makes use of auxiliary
information, such as attributes and semantic descriptions'é. FMs apply SSL in the pre-training
phase, wherein the model learns from large-scale unlabelled data to self-generated labels*. In
a subsequent phase, the model acquires the ability to perform specific downstream tasks
through a fine-tuning process or reinforcement learning, among others? (Figure 2). Fine-
tuning is based on supervised learning, which requires only a small-scale annotated dataset,
which means the model is tailored to specific tasks like summarization or question-
answering. This reinforcement learning uses human feedback to improve outputs.!”!® This
innovative methodology is particularly compelling in dermatology, where large labelled
imaging datasets are frequently unavailable, and human expert annotation can be time-
consuming and prone to inaccuracy or misclassification.

TYPES OF FMs

Large language models (LLMs)

LLM have come into the spotlight in medical Al following their widespread availability to
the public through platforms such as ChatGPT and BERT (Google). LLMs exhibit excellent
performance in tasks related to NLP, such as translation, text generation or question-
answering, demonstrating unprecedented ability to comprehend the intricacies of human
language'®?°. After the launch of the GPT series in 2019, the advancements in LLMs have
immersed the world in global and direct human-machine interaction, particularly since the
release of ChatGPT-3, which was pre-trained in 175 billion parameters. LLMs are pre-trained
on extensive text data mainly extracted from online sources, including Wikipedia, Pubmed
articles and electronic health records?.
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In 2023, Med-PalLM became the first general medical FM to pass the US Medical Licensing
Examination (USMLE), achieving a score of 67.6% on the MedQA dataset, a comprehensive
dataset derived from professional medical board exams. However, the accuracy remained
inferior to clinicians?*?2. Shortly after, with the release of MedPalLM-2, this score was
surpassed reaching 86.5%, which could be considered expert level®. On the GPT-series, the
performance of LLMs on USMLE exams was evaluated obtaining scores around 60%, which
falls at or near the passing threshold for all required exams>*. In late 2023, the performance of
LLMs on the MedQA dataset experienced a significant milestone when ChatGPT4-
Medprompt achieved a 90.2% accuracy rate, the highest score to date, outperforming the then
state-of-the-art Med-PaLLM 2%°. Notably, in this instance, the authors did not employ
extensive fine-tuning, opening new opportunities in FMs for medicine. However, it should be
noted that all these models were deployed in specific research scenarios and have not yet
been tested in real-world contexts.

In dermatology, they have also been shown to aid in passing dermatology certification exams,
with an overall accuracy of 90% for ChatGPT-4 in passing the specialty examination,
although the authors emphasized the possibility that the answers could have been used as part
of the training dataset?. Language seems to play a major role for model performance. Studies
have shown variations in performance on dermatology certificate exams based on the
language used to answer. While ChatGPT-4 would pass the test regardless of the language
utilized, ChatGPT-3.5 failed an exam conducted in Polish?’. The study by Mirza et al.
assessed the performance of Google Bard, ChatGPT-3.5 and ChatGPT-4 on mock
dermatology board exams?®. Not surprisingly, ChatGPT-4 achieved the highest overall
performance among the 3 LLMs. Nonetheless, it was notably the sole model to demonstrate
accuracy associated with both adjusted and unadjusted readability levels. In contrast, another
study reported that Google Bard outperformed ChatGPT-3.5 in overall accuracy, although the
authors noted important limitations, such as not including image-based questions and failing
to compare the models’ performance with that of dermatology residents. These shortcomings

may reduce the applicability of the results in real-world clinical or exam scenarios?’.

Researchers have investigated the potential applications of these models in dermatology
consultations, including assistance with triaging GP referrals to dermatology services*’. In
this proof-of-concept study, despite the small dataset size (268 referral letters), the authors
showed that BERT could help categorise patients into binary outcomes (routine vs non-
routine cases).

From a health care provider's perspective, Jin et al. suggest various representative prompts to
interpret laboratory findings and manage overall skin conditions®'. Moreover, they describe
how ChatGPT could support patients' education across multiple dermatological domains, aid
medical students as a learning tool, and facilitate triage systems in clinical trials by assessing
eligibility criteria. Other authors have highlighted additional applications within dermatology,
such as assisting in writing clinical guidelines, helping draft academic leaflets from academic
societies and providing letters to patients’. Interestingly, a pilot study has shown that after-
visit summaries generated by ChatGPT-3.5 in dermatology consultations achieved high
patient satisfaction scores™>.

Other studies have also explored the utility of LLMs for patient queries about melanoma. A

study evaluating the utility of ChatGPT’s responses found them to be accurate, with a mean
score of 4.88 out of 5, rated by three board-certified dermatologists. However, while the
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content was precise, the text generated might not be suitable for the general public due to its
advanced level**.

Furthermore, the performance of LLMs has been investigated in Mohs surgery. A study
showed that ChatGPT significantly improved frequent patient queries regarding this type of
surgery, although 2 responses were considered harmful and inaccurate®>. Compared with
what has been previously published, a recent study comparing ChatGPT and Google Bard,
found ChatGPT to be comparable to surgeons answers in terms of accuracy and
comprehensibility. They attribute this variability in performance to the absence of restrictions
imposed on the chatbot to emulate patient querying style*®. The accuracy between
dermatology surgeons and ChatGPT has also been tested to select reconstruction techniques
for Mohs surgery defects, showing substantial variability between surgeons and chatbot
choices and raising concern about the inadvertent reliance on these chatbots®’.

Lately, the scope of LLMs have extended into inflammatory diseases in dermatology. In acne
and atopic dermatitis (AD), ChatGPT-3.5 achieved an average readability FRES score
(Flesch Reading Ease Score) of 39.88 for acne and 30.13 for AD queries, which corresponds
to college-level comprehension’®. Interestingly, some knowledge gaps were found,
particularly regarding available drugs such as spironolactone for acne treatment or biologics
and JAK inhibitors for the management of AD. In psoriasis, LLMs have been reportedly
comparable to meta-analyses in generating conclusions assessing drug efficacy. Yet,
ChatGPT remains insufficient when analyzing more than 3 drugs™®.

Large multimodal models (LMMs)

Due to the visual precision required in dermatology, LMMs that comprehend and generate
new content based on the alignment of different sources are particularly attractive as a
promising solution to the scarcity of labelled data in medicine. In the clinical setting, these
LMMs could be used across various tasks that mirror the real-world practices in dermatology,
wherein an accurate clinical diagnosis is supported by visual inputs (dermoscopy, confocal
microscopy, ultrasonography, pathology); attributes intrinsic of the individual (phenotype,
past medical history, etc); and genetic and laboratory findings (proteomics, genomics,
transcriptomics).

LMMs in medicine are currently a promising approach to exploring the performance of
various sources of data on specific medicine tasks with an enormous potential*!. In fact,
multimodal learning has been reportedly proven to outperform single-source models*?. The
ultimate definition of a multimodal model involves using and understanding information
from multiple modalities. Therefore, VLMs can be considered multimodal systems due to
their ability to process large-scale language and visual data. The fusion of visual and textual
inputs through sophisticated Al architectures forms the core of VLMs, enabling the
generation of text-to-image, visual-question answering or image-captioning®® (Figure 3).

In 2021, the first state-of-art technology CLIP (contrastive language-image pretraining) was
able to match images with their most relevant descriptions, and vice versa. Through a
contrastive learning approach, a form of SSL, the model can effectively process both images
and text with promising results across several tasks due to its generalizability and
interpretability**. The use of CLIP in the medical field has recently been explored leveraging
multimodal medical imaging like X-rays, MRI, and CT scans with potential implications that
still need to be fully addressed and contextualised®. In the field of dermatological research,
several studies have explored multimodality. Clinical, dermoscopic and fluorescence images
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have been combined with patient metadata in small-scale skin cancer research studies, with
sex, age and lesion location being the most utilized clinical inputs*®-*3, Diagnostic accuracy
has been reported to benefit from this multimodal integration*®. On the contrary, it has been
shown that the benefit of integrating patient metadata into some Al models might be

limited®. Yet, large-scale multimodal models in dermatology are still scarce™.

Another medical VLM, DALL.E2, addressed the limitations of biassed training datasets in
dermatology. Synthetic data of skin lesions generated by models like DALL.E2 can
effectively augment the training datasets to improve the performance of a conventional
dermatological classifier’!. The shortage of labelled health care data is prompting a rise of
synthetic data in ML for medicine’2. Interestingly, some authors have demonstrated that
synthetic data cannot surpass real-world data diversity in improving medical Al algorithms™>.
To help generate accurate labels, a FM has been recently released to annotate skin lesions
images with dermatology terms that can be used to train algorithms>*.

Given the crucial role of histopathology in precise dermatological diagnosis and the
appearance of digital pathology through whole slide images, VLMs in this field are also
steadily increasing. A VLM was trained using dermatopathology images and corresponding
labels from medical Twitter, demonstrating impressive performance, and a recent FM in
histopathology has been pre-trained using 1.17 million images with the corresponding text
description™.

In a recent study, the accuracy of ChatGPT vision in diagnosing melanomas was evaluated
using dermoscopic images from the ISIC archive. The model showed a sensitivity of 32%
and specificity of 40% when only the first diagnosis suggested by the chatbot was
considered™®. It should be highlighted that this accuracy still falls behind that of publicly
available diagnostic apps>’.

A new interactive VLM, called SkinGPT4, has been developed by fine-tuning MiniGPT-4
and trained on a vast collection of 52,929 skin disease images and clinician reports®,
Consumers can upload their own skin photographs for analysis and categorization into
specific groups, providing interactive treatment planning. However, the model has only been
tested in 150 real-life cases, achieving a 78.76% accuracy in correct or relevant diagnosis and
83.13% accuracy in treatment recommendations upon evaluation of chatbot responses by
certified dermatologists.

Vision-centric FMs

Despite the promise that multimodal learning holds in dermatology, they are still rare. This
scarcity stems from the lack of large-scale, high-quality multimodal medical datasets, making
their development extraordinarily challenging. Additionally, currently, these models require
significant computing power, which most centers do not have access to. Currently, Al
research in dermatology primarily focuses on vision-centric FMs, specialized in
understanding visual information solely, which have now become a reference in image
analysis for dermatology.

Since diagnosing skin conditions requires a full domain of different imaging modalities, these
models aim to emulate dermatologists’ visual expertise through the integration of skin images
to adapt afterwards to various applications, including change detection, risk assessment, or
lesion segmentation.
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In 2022, a vision-centric FM for medical images across different image-based medical
specialties was released”®. However, this model was still limited to a single task in
dermatology, which was image classification of 26 skin conditions. Another vision-centric
FM in dermatology has been pre-trained using 1.18 million unannotated and coarsely labelled
dermatology images collected from online sources and dermatologists' personal channels in
China®. The model can categorize up to 22 skin diseases, including skin cancer,
inflammatory and pigmented disorders. The model achieved an accuracy of 49.64% and has
been made accessible to doctors through the launch of a WeChat-based app.

Yan et al. have recently introduced the first general-purpose multimodal FM specifically
designed for dermatology. The model was able to classify up to 74 skin conditions and
performs well on a range of interconnected clinical tasks such as skin cancer diagnosis, lesion
monitoring, risk assessment, and predicting melanoma metastasis across different modalities.
Interestingly, the model outperformed the average dermatologist by 10%, demonstrating
superior ability in detecting early-stage melanoma®'. Although these vision-based FMs show
great promise as assistants not only in dermatology but also for general practitioners, they
must first be analyzed as potential human-Al collaborators and undergo final validation in
real-world clinical settings.

Table 2 illustrates the principal medical FMs to date, some of which include tasks in the field
of dermatology.

RISKS AND CONCERNS

The application of FMs in medicine holds an unparalleled transformation in global health
care delivery. However, they remain a subject of active research in dermatology across
leading institutions worldwide. While some hospitals have steadily increased their presence
within clinical practice (eg, Al scribes for patient consultations, triage tools for referrals),
large-scale Al-driven diagnostic and management tools have yet to be integrated into a real
health care scenario®®. Additionally, several challenges and ethical considerations for the use
of this technology in medicine need to be addressed.

A primary concern is the reliability, applicability and generalization of FMs, that are
significantly impacted by the quality and quantity of the training dataset. Despite notable
enhancement in overall performance for LLMs in medical questions, they are not exempt
from errors. Concerns arise regarding potential bias in training data, where models may have
inadvertently learned from the same questions they are later queried on to evaluate their
performance. Although bias in training datasets has been a matter of discussion for decades,
advances in neural network architectures have now made it possible to identify biases
inherent in the data®%*, Researchers have shown that modern Al models can uncover hidden
bias in datasets, particularly in large-scale datasets that are often less curated, and presumably
less biassed®. Dermatological algorithms to classify cutaneous diseases may perform poorly
on underrepresented skin types, sex, language and culture®. Since these models are
predominantly trained in English, there exists an inherent bias against non-English-speaking
regions. Addressing these biases is crucial, and seeking international collaboration on diverse,
open-access datasets is essential. It is mandatory to break down international barriers and
promote data sharing between countries to enhance the quality of datasets used in medical Al
research, ultimately improving data inclusivity.

Secondly, once deployed, these models quickly become obsolete as their underlying training
data evolves rapidly, potentially necessitating swift changes in prior established medical
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paradigm, such as new drugs discoveries, clinical guidelines, or staging systems. One
significant barrier to real-time implementation of FMs is the substantial cost and magnitude
of computing power required. Given their large-scale amount of data needs during the pre-
training phase, these models are not equally accessible and may find it difficult to reach the
entire population equally. Moreover, these highly energy-dependent models require
significant computational resources, such as modern multi-core computers with powerful
GPU cores (eg, NVIDIA SuperPod) in massive data centres>.

Publicly available Al-systems capable of generating rapid responses within seconds may alter
the medical principles of nonmaleficence and justice®”’. On one hand, if Al is entitled to make
clinical decisions, errors may occur, raising uncertainties about liability for diagnosis and
treatment recommendations made by Al models®”%®. The generation of medically inaccurate
or fabricated content (“hallucinations™) also poses a significant challenge to the safe and
ethical use of these systems®. On the other hand, the potential integration of these
technologies into care systems raises concerns about equitable access, particularly among lay-

persons who may face barriers related to financial resources or geographical location®.

Experts emphasize that FMs should assist, not replace, health care providers®. They would
work collaboratively with clinicians to provide solutions for complex clinical workflows
(bedside decision support for inpatients, treatment comparison, surgical margins assessment,
etc) and act as a triage system for non-urgent skin conditions’’. Some authors have advocated
for the explicit acquisition of informed consent before using these models, ensuring
adherence to ethical principles of autonomy and transparency®!. Additionally, FMs could
establish a robust knowledge base, while health care providers would contribute the essential
human element of the patient-doctor relationship, a critical aspect that has been significantly
affected by the growing digital workload in recent decades.

Finally, for FMs to gain full acceptance, they must undergo rigorous regulatory scrutiny, akin
to medical devices to ensure confidentiality and security’!. Since the core of these models is
clinical data, potential security breaches may occur, and it should be noted that for most
models patients may not have explicitly provided consent for their data use’*">. In this
regard, the research community should raise for discussion the implementation of robust
privacy policies within the health care system to explicitly address data use for Al. This
includes establishing frameworks to obtain informed consent, ensuring transparency in data
handling, and protecting patient information while responsibly collecting data.

CONCLUSIONS AND FUTURE PERSPECTIVES

FMs in dermatology have immense potential for application in primary care triaging and
holistic disease management. Their adoption could help alleviate the shortage of
dermatologists in certain regions and improve health care access for under-resourced and
geographically isolated populations’®. Additionally, they may discover clinical associations
and patterns that enhance disease management, reducing the enormous effort and cost of
clinical trials to tailor treatments more effectively to individual patients. A new era in drug
discovery for dermatology could unfold, particularly after the release of models like
AlphaFold that could contribute to this area of dermatology research’’. However, while there
is still a considerable journey ahead for Al to advance sufficiently to handle complex medical
scenarios in dermatology, the development of large-scale, high-quality multimodal datasets is
recognized as essential and inevitable to achieving these goals, despite potential limitations
related to privacy and ethics in accessing extensive datasets /57’
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The application of FMs is poised to fulfil the aspiration of personalized and individualized
medicine, particularly in specialties whose knowledge core is inherently visual. Nevertheless,
skin specialists should embrace rather than fear the implementation of this technology,
actively participating in its development within healthcare. To facilitate this transition,
dermatologists must receive proper training in Al and FMs, providing them with the
necessary tools to understand how these algorithms function and how to identify potential
biases that can affect their performance. Furthermore, the effectiveness of human-Al
collaboration should be evaluated, with a focus on how health care professionals interact with
Al-generated recommendations. Behavioural differences among doctors must also be
considered. The level of seniority, along with personal traits like confidence or insecurity, can
condition a doctor’s attitude toward Al suggestions. Addressing these factors will lead to an
effective collaboration with these Al models to achieve a more interactive, multimodal, and
integrated health care delivery system.
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Figure 1. Timeline of key milestones in the development of foundation models (FMs) from
2007 through 2023. ML: machine learning. CNN: convolutional neural networks. SSL: self-

supervized learning.
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Figure 2. Foundation models (FMs) are pre-trained on diverse and large-scale datasets that
include various modalities, often without labels. This pre-training phase enables the model
to learn general representations and patterns. In a subsequent phase, the pre-trained model
can be adapted to a wide range of specific tasks through fine-tuning or reinforcement
learning, making it highly versatile and capable of performing numerous tasks.

15
Page 15 of 16



This is & skin image of benign _—
malanocylic lesion —

This is a skin imaga of
abypical, ran-melanccytic —_—
lgsicn

]

& o
o

@

This is5 a skinimaga of
maignant, mesanocytic ksion

. ST
L]
: Image
- encoder
-

3 -_-

ke Tz

ke

Figure 3. This figure depicts the vision-language pre-training phase for skin lesion
classification. Text descriptions of skin lesions are processed by a text encoder, while a skin
lesion dataset is concurrently and independently analyzed by an image encoder. The text
encoder transforms the textual descriptions into a series of text embeddings in the token
format (T1, T2,..., Tn), and the image encoder converts images into a series of image
embeddings (I1, 12,..., In). These embedding tokens are then combined, forming joint

representations that can be used for subsequent downstream tasks.
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