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INTRODUCTION

Health care is one of several industries being revolution-
ized by rapidly developing technologies known as arti-
ficial intelligence (AI) and machine learning (ML). AI 
is the capacity of machines to carry out operations that 
ordinarily need human intelligence, such as learning, 
problem-solving, and decision making. The ability for ma-
chines to learn from experience and enhance their perfor-
mance without being explicitly programmed is provided 
by ML, a subset of AI.1 These technological advancements 
are able to analyze massive volumes of information, iden-
tify trends, and arrive at decisions with greater speed and 

precision than ever before by emulating human intelli-
gence. From enhancing patient outcomes to optimizing 
hospital operations, these technologies offer a wide range 
of uses in health care. AI and ML are currently being 
utilized in the healthcare industry to enhance medical 
image processing, disease prediction and prevention, and 
hospital operations.2 By leveraging these technologies, 
healthcare providers can diagnose and treat patients more 
accurately and efficiently. Additionally, AI and ML can 
help physicians optimize and accelerate the timeline for 
the diagnosis, treatment, and management of diseases.3 
As these technologies continue to evolve, more innova-
tive solutions will emerge that will hold the capability of 
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Abstract
Artificial intelligence (AI) utilization in health care has grown over the past few 
years. It also has demonstrated potential in improving the efficiency of diagnosis 
and treatment. Some types of AI, such as machine learning, allow for the effi-
cient analysis of vast datasets, identifying patterns, and generating key insights. 
Predictions can then be made for medical diagnosis and personalized treatment 
recommendations. The use of AI can bypass some conventional limitations as-
sociated with rare diseases. Namely, it can optimize traditional randomized con-
trol trials, and may eventually reduce costs for drug research and development. 
Recent advancements have enabled researchers to train models based on large 
datasets and then fine-tune these models on smaller datasets typically associ-
ated with rare diseases. In this mini-review, we discuss recent advancements in 
AI and how AI can be applied to streamline rare disease diagnosis and optimize 
treatment.
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revolutionizing and improving healthcare for all. Figure 1 
provides an overview of some emerging types of AI.

Individuals with rare diseases face numerous chal-
lenges, including late diagnosis and misdiagnosis, im-
proper or no response to therapies, and a lack of accurate 
monitoring tools. Misdiagnosing rare diseases is a signif-
icant obstacle that can lead to worsened symptoms along 
with the development of other health problems, ultimately 
resulting in a decline in patient well-being. Furthermore, 
patients with rare diseases are frequently hospitalized and 
suffer long-term complications as therapies do not elicit 
the proper response or only have a partial effect that di-
minishes over time.4 These challenges in the diagnosis 
and treatment of rare diseases affect more than 350 mil-
lion people worldwide and create a substantial economic 
burden on the healthcare system as well as result in poor 
patient outcomes.5 Therefore, it is imperative to develop a 
tool that can assist in early diagnosis, improve treatment 
effectiveness, and monitor conditions to improve care and 
reduce costs. One such tool is AI, which has, in the lit-
erature, shown benefits for common and rare disease di-
agnoses and treatments. AI has already been utilized in 
oncology, as it can predict survival time, recurrence risks 
metastasis, and therapy response among other key factors 
that influence prognosis as well as uses its computing 

power to create diagnosis systems and screen health re-
cords.1 Recently, AI has undergone significant improve-
ments because previous iterations allowing for its possible 
application for less common diseases which often have 
smaller datasets.

AI IN RARE DISEASE DIAGNOSIS

AI works as an accomplice in integrating and examin-
ing diversified data. Diagnostic decision support systems 
effectively assist the medical practitioner by providing a 
list of relevant differential diagnoses. These systems have 
previously been effectively utilized for a variety of well-
known use cases. Recently, it has been harnessed for the 
early detection and diagnosis of coronavirus disease 2019 
(COVID-19) through monitoring of demographic, clini-
cal, and epidemiological characteristics of patients.6 These 
systems are also useful for implementation for rare dis-
eases (RDs). The RDs, also sometimes referred to as or-
phan diseases, can stand to benefit from quicker and more 
efficient diagnoses. Algorithms have been designed and 
are already used to compile networks and register infor-
mation through patients on rare diseases to identify new 
cases.6 For instance, a combination of brain function and 

F I G U R E  1   Types of artificial intelligence (AI) and their application in the medical field.
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structural imaging data can be harnessed to determine 
whether a person with Huntington's disease (HD) will re-
ceive a clinical diagnosis within 5 years (pre-HD) or quan-
tifiable assessments of oculomotor function preceding 
HD.6 These use cases show promising potential for future 
utilization of AI in rare disease diagnoses.

Types of algorithms and associated benefits 
for disease diagnosis

Different AI algorithms have appreciable benefits in aid-
ing in the diagnoses of RDs and non-RDs.7 The ML helps 
in diagnosis via three types of algorithms: (a) unsupervised 
which works by identifying patterns, (b) supervised which 
classifies or predicts decisions based on former examples, 
and (c) reinforcement learning which uses reward and 
punishment processes to form a blueprint for operating in 
a definite obstacle. The first-generation AI works on mak-
ing clinical decisions by analyzing large amounts of data 
for diagnosing the RDs. However, a key issue for RDs is a 
lack of large amounts of initial data which can be input-
ted. Whereas the second-generation AI works by looking 
for the clinical clues that are commonly overlooked in the 
early course of the identification of RDs. This algorithm 
efficiently helps in the early diagnosis for intervention 
and prevention of various RDs.4 Detecting and aptly read-
ing the diagnostic image is a necessity that is increasingly 
leading to the recognition of ML in AI for RDs.1 ML, for 
example, has recently been utilized to identify which pa-
tients with systemic sclerosis are at a high risk of severe 
complications, early detection of organ involvement, and 
more.3

AI is an integral tool for the diagnosis of RDs as it can 
assist in image recognition, genetic analysis, and support 
clinical decision making. ML is a branch of AI that has 
demonstrated its effectiveness in systemic sclerosis diag-
nosis. ML is able to detect pulmonary involvement better 
than high-resolution computerized tomography (HRCT) 
and pulmonary function tests (PFTs), which currently 
serve as the standard diagnostic methods. Although 
HRCTs tend to be used when PFTs indicate a decline in re-
spiratory function, ML algorithms may detect pulmonary 
involvement prior to the onset of deterioration resulting in 
improved survival rates and reduced health costs.3 Deep 
learning (DL) represents a subset of ML algorithms in-
volved in image recognition. DL algorithms break down 
complex mappings into clusters of simpler mappings to 
facilitate more efficient analysis. The algorithm can then 
use its visible layer to read the image and its hidden layers 
to extract important features from the image. By doing so, 
DL is able to provide superior recognition with extensive 
and high-dimensional data. In some cases, these images 

may contain important clinical features that can aid in 
rapid and accurate diagnosis. Compared with more tradi-
tional biometric methods, AI has shown greater flexibility 
and scalability which allows it to contribute to under-
standing complex relationships, improving early detec-
tion, and making routine tasks more efficient.1

Artificial intelligence systems utilizing 
genetic data

With respect to phenotypic and genetic analysis, several 
AI systems have shown their effectiveness in analyzing 
data to provide accurate diagnoses. As nearly 80% of RDs 
are genetic, AI has great potential in this arena.5 Several 
tools have been applied to a variety of RDs. PhenIX, uti-
lizes the Disease-Associated Genome, which combines 
phenotypic concepts with genetic information to diagnose 
Mendelian diseases. PhenIX effectively reads the patient's 
genetic sequence, identifies variants, and prioritizes them 
based on pathogenicity and similarity to the patient's phe-
notype. Similarly, the Xrare tool has been used to identify 
causative variants of Mendelian diseases by using similar-
ity scores from phenotypic sets, genetic information from 
variant databases, and guidelines for variant prioritization. 
These tools can perform a variety of important functions, 
including predicting gene pathogenicity, discovery of mo-
lecular markers, and prediction models based on gene ex-
pression data.7 These examples highlight the advantages 
of AI in quickly scanning large datasets and identifying 
variants of interest.5

There are other tools and applications, utilizing AI, 
that have been developed to aid in the initial diagnosis of 
RDs. Rare Disease Discovery and Genetic Disease Diagno-
sis based on Phenotypes are two such examples.5 AI can 
also identify RD patterns utilizing Bayesian comorbidity 
networks. This type of AI methodology can be used to 
differentiate and group subtypes of both RDs and non-
RDs. Bayesian comorbidity networks are also capable of 
identifying rare subtypes and comorbidity relationships. 
Bayesian information criteria can categorize the biologi-
cal patterns in patients and cluster them accordingly. As 
a result, distinct subpopulation clusters can be identified 
which can contribute to a better understanding of the dis-
ease. Thus, AI not only aids in diagnosing rare diseases 
and their subtypes but also provides crucial insights for 
informed clinical decisionmaking.7

AI IN RARE DISEASE TREATMENTS

RDs have been neglected by the pharmaceutical in-
dustry due to their low and variable incidence, leaving 
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individuals with RDs often with few, expensive treat-
ment options. However, based on previous studies and 
information from the National Institutes of Health 
(NIH) Office of Rare Diseases Research and the US 
Food and Drug Administration (FDA) Office of Orphan 
Products Development, it is clear that recent govern-
ment support has led to the approval of many drugs 
for RDs, thanks in part to advances in AI technology.8 
Furthermore, the passage of the US Orphan Drug Act 
in 1983 and the European Union Regulation on Or-
phan Medicines in 2000 has rewarded innovation in 
rare disease treatment.6 Despite this, the conventional 
drug discovery pipeline has significantly hindered the 
research and development of new drugs to treat RDs. 
The process is further considered challenging because 
of the potential for low revenue gains, but drug repur-
posing and the establishment of interdisciplinary cent-
ers for RDs have become trending topics to ameliorate 
this challenge.8

Artificial intelligence systems for rare 
disease treatment development

Two subtypes of AI, ML and DL, have proven useful in 
drug development. DL enables the creation of more tai-
lored therapies, whereas ML is useful in clinical trials. 
AI has played a crucial role in a critical use case: fore-
casting patient susceptibility and identifying potential 
medications and therapies.6 There are several DL algo-
rithms that have been developed and applied to treat-
ment development. Support Vector Machine is a type 
of DL algorithm that performs supervised learning and 
Random Forest makes output predictions by combining 
outcomes from a sequence of regression decision trees. 
These are the most commonly used AI approaches in 
rare and ultra-rare diseases, given their ability to handle 
complicated, high-dimensional data and images. These 
algorithms can also learn from limited datasets, which 
are often encountered in RDs due to their frequency. 
With the aid of AI-powered approaches, researchers are 
gaining a deeper understanding of the underlying causes 
of many illnesses, which aids in the identification of 
specific targets for therapy. Quantitative structure activ-
ity relationship (QSAR) modeling and high-throughput 
screening can generate large data sets, which AI can 
utilize for treatment development. Computational ap-
proaches, such as QSAR modeling, may also be utilized 
to generate novel treatment compounds with more de-
sired properties. High-throughput screening campaigns 
can then generate large amounts of data, leading to the 
discovery of drugs such as riluzole for the treatment of 
amyotrophic lateral sclerosis.8

Advances in rare disease treatment 
development

The development of second-generation AI systems has 
enabled a patient-centered approach to the treatment 
and management of RDs. These systems aim to fill the 
gaps in diagnostic, prognostic, and therapeutic options 
by using a tailored closed-loop system to improve end-
organ function and overcome tolerance or loss of effec-
tiveness issues.6 Some RDs do have proposed treatments 
or therapeutic approaches. However, due to the hetero-
geneity and complexity of RDs, many patients do not re-
spond well to available therapies, including subsequent 
partial or complete loss of response.4 Second-generation 
AI-based systems are increasingly patient-tailored al-
lowing for a method to track and improve the outcomes 
of therapies.4 Unlike previous approaches and itera-
tions, these systems are not dependent upon large data-
sets and are dynamic systems that are able to adapt to 
ongoing changes in an RD patient's disease and therapy 
response.4 Thus, these systems are particularly useful 
for tackling the issue of partial or complete loss of re-
sponse by identifying these cases early.

Improvements to therapeutic and monitoring tools in 
RDs are critical. Second-generation AI tools, depending 
on the response to the therapeutic regimen, can final-
ize a treatment regimen along with electronic data and 
patient-reported outcomes. A calculation can adjust the 
treatment plan in reaction to changes in the patient's 
status, concurrent illnesses, drugs, natural conditions, 
and any other components that impact the patient's 
well-being and/or response to treatment.4 The system 
helps patients at three levels: reminding patients of the 
dose and time of administration and incorporating non-
pharmacological therapies, such as physiotherapy. It 
also includes a closed-loop system that adjusts the dose 
and delivery timing based on the patient's reaction to 
therapy and an algorithm that identifies disease-related 
patterns by determining variability in laboratory re-
sults or clinical parameters.6 To underscore how critical 
monitoring of treatment regimens is for RDs, one must 
simply look to the example of Gaucher disease (GD). 
Current therapeutic options for GD include intravenous 
enzyme replacement therapy (ERT) and oral substrate 
reduction therapy, however, there is high interindivid-
ual variability in response to ERT.4 This variability is 
associated with a high risk of long-term complications 
and thus it is critical to monitor the responses to these 
therapies systematically to discontinue therapy to avoid 
this high risk of long-term complications.4

Clinical trials are important for the development of 
treatments for RDs. Yet, traditional randomized clinical 
trials (RCTs) may not always be possible for individuals 
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with RDs. Clinical studies using AI have been used to 
overcome some of these limitations. Data mining com-
putable phenotype algorithms have aided in the identifi-
cation of patients with RDs for RCTs.7 In the future, AI 
could also be utilized as a synthetic control, based upon 
data for expected disease progression, to overcome chal-
lenges with sufficient patient enrollment numbers. Fur-
thermore, reliable biomarkers help in the identification of 
normal versus pathogenic processes and the assessment 
of the response to therapeutics or other interventions, 
which are both essential for the development of effective 
therapies.7 A recent study of bone morphogenetic protein 
therapy for congenital pseudarthrosis of the tibia caused 
by neurofibromatosis type 1 used Ward hierarchical clus-
tering to categorize subjects, and an RF-based algorithm 
identified possible biomarkers for therapeutic efficacy 
like the rate of cartilage formation (Pmc).7 However, it is 
important to note that obtaining regulatory approval for 
an identified biomarker can often be a complex, lengthy 
process that must also be addressed. Overall, AI has the 
potential to play a role in the development of treatments 
for RDs, enabling a patient-centric approach that is tai-
lored to the specific needs of each individual.

CONCLUSION

In this mini-review, we investigated AI and its potential 
for RD diagnosis and treatment. AI is rapidly growing in 
both efficiency and as a standard analytical tool for scien-
tific discovery. Particularly for RDs, these advancements 
have great potential to create a more effective, efficient 
pipeline for RD studies, drug discovery, and therapeutic 
fine-tuning. AI has many use cases at all stages of devel-
opment, including in discovery, preclinical, and clinical 
stages. In the discovery stage, AI may contribute to target 
identification, initial validation, and biomarker discovery. 
At the preclinical stage, it may be applied to test optimiza-
tion, progression modeling, and safety profiles. Last, at the 
clinical stage, it can aid in patient recruitment, optimizing 
RCT, real-world data (RWD) analysis, diagnostic imaging, 
and developing precision medicine approaches.

Searching for published studies on AI and RDs sup-
ports the idea that a majority of studies on the topic have 
been published in just the past 3 years. Thirty-eight of the 
45 studies (84%) published and indexed in PubMed on this 
particular topic were published from 2020 to 2023. Already 
DL has been utilized for epigenomic studies in RDs which 
could significantly boost discovery and therapy develop-
ment.9 Furthermore, quantitative model-based approaches 
like disease progression modeling with AI, advanced sta-
tistical approaches in natural history data, and RWD will 
play pivotal roles in increasing the efficiency of clinical 

study design in the drug development process.10 Already, 
there have been AI-based applications to optical coherence 
tomography, which demonstrate improvements in auto-
mated image pattern recognition.11 Some clear assets of AI 
include natural language processing eliminating human 
variability in translating information from the medical 
record, assisting clinician decision-making processes for 
managing complications, and phenotypic prediction.12–14

Of the various types of AI that have emerged, each type 
of AI has its own strengths, limitations, and applications. 
Whereas DL is catered to the development of tailored ther-
apies, ML is believed to be most applicable to clinical trials. 
Advances brought about by subsequent generations of AI 
are expected to more efficiently detect early signs of RDs, 
and test a plethora of candidates for drug development 
thereby maximizing the efficiency of the arduous process. 
It is important to note the limitations of some AI models. 
Namely, some AI models require accurate, clear, and large 
amounts of data in order to learn and perform best. The key 
challenge with RDs is that there is often not enough data 
available to effectively train a model. Many RDs have been 
difficult to treat because of the heterogeneity of their clin-
ical presentation, treatment by different healthcare provid-
ers, and sometimes even their biological characteristics. It is 
imperative that more research on RDs is able to collect fur-
ther data. It is important to note that different use cases and 
algorithms require a different amount of data to function at 
an optimal level. Recent advances have led to workarounds 
when data are limited, like data augmentation. Data aug-
mentation allows the model to be trained and learn patterns 
from a smaller amount of data. Utilizing an unsupervised 
learning approach, patterns can even be identified from 
data that are unlabeled and complex. Another emerging 
approach is known as “fine-tuning” or transfer learning, 
wherein models can be trained on a big data set (such as 
a more common disease) and then retrained slightly using 
a smaller dataset (such as with RDs).5 For example, the 
PLIER framework developed by researchers utilizes an un-
supervised transfer learning framework and may be applied 
to smaller datasets, such as RDs and precision medicine.15

With a great deal of recent advances in AI model gen-
eration and application, it can be challenging to determine 
the best use case for each type of approach. Investigators 
often have to choose between complex, but high-accuracy 
AI models or simplified, less accurate models. On one 
hand, accuracy is crucial for effective early diagnosis and 
treatment, but if the outputs are too difficult to interpret 
then it can be hard to understand why a recommendation 
was made by the algorithm. However, future iterations of 
AI may improve accuracy and eventually become easier to 
train and utilize. In the future, AI is likely to contribute to 
earlier diagnosis of RDs which can improve prognosis, ad-
vance translational research, and help optimize precision 
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medicine. Already, AI has made significant strides in 
furthering our understanding of different diseases, fine-
tuning therapeutic approaches, and identifying biomark-
ers that can be targets for new drug development.
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