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Title. AI-Driven Drug Discovery for Rare Diseases
ABSTRACT: Rare diseases (RDs), collectively affecting nearly 300 million people worldwide, represent a significant public health challenge characterized by clinical complexity, diagnostic difficulties, and limited therapeutic options. Despite legislative initiatives such as the U.S. Orphan Drug Act of 1983, more than 90% of rare diseases still lack effective treatments. Conventional drug discovery approaches, which are often time-consuming, costly, and associated with high failure rates, struggle to address the unique challenges posed by rare diseases, frequently resulting in low returns on investment.
In this context, artificial intelligence (AI), including machine learning (ML) and deep learning (DL), has emerged as a transformative tool with the potential to revolutionize rare disease drug discovery. This review examines the role of AI in overcoming key challenges by enabling innovative strategies such as drug repurposing, biomarker identification, personalized medicine, genetic data analysis, clinical trial optimization, and novel target discovery.
Furthermore, this study highlights recent advancements, industry applications, and emerging trends in AI-driven drug development. By synthesizing current research and technological progress, this review provides valuable insights into how AI can accelerate therapeutic innovation for rare diseases.
Overall, this comprehensive analysis addresses a critical gap in the existing literature and underscores the pivotal role of AI in transforming rare disease research, ultimately contributing to improved patient outcomes and more efficient drug development processes.
KEYWORDS: Artificial Intelligence (AI), Machine Learning (ML), Deep Learning (DL), Rare Diseases (RDs), Drug Discovery, Drug Repurposing, Biomarker Discovery, Personalized Medicine, Genomics, Next-Generation Sequencing (NGS), Multi-omics, Bioinformatics, Clinical Trial Optimization

■ INTRODUCTION	Rare diseases (RDs), defined as conditions affecting fewer than 1 in 2,000 individuals, are commonly referred to as orphan diseases due to their low prevalence. Despite their rarity at the individual level, approximately 7,000 rare diseases have been identified, collectively affecting nearly 300 million people worldwide. These disorders are often complex, exhibiting diverse clinical manifestations, multiple subtypes, and overlapping symptoms, which make diagnosis and treatment particularly challenging.
Most rare diseases are genetic in origin; however, the underlying causes of many remain unknown, hindering progress in gene therapy and drug development. As a result, rare diseases pose serious healthcare challenges, including delayed diagnosis, unclear molecular mechanisms, limited treatment options, and fragmented patient data. These issues are further exacerbated by inadequate public health initiatives and limited awareness.
Compared with common diseases, rare diseases present unique challenges for healthcare systems due to small patient populations and insufficient clinical data. Traditional drug discovery and development paradigms, which often span over a decade and exhibit failure rates of nearly 90%, are not well-suited for rare diseases. These limitations highlight the urgent need for innovative and efficient drug discovery approaches.
Although legislative measures such as the U.S. Orphan Drug Act of 1983 and the European Orphan Regulation of 1999 provide financial incentives, including market exclusivity and grants, more than 90% of rare diseases still lack effective therapies. Pharmaceutical companies often show limited interest due to high development costs and low expected returns, despite some advantages such as reduced competition and potential niche markets.
The U.S. Food and Drug Administration (FDA) plays a crucial role in advancing rare disease research by supporting funding initiatives and promoting orphan drug development programs. In parallel, recent technological advancements, particularly next-generation sequencing (NGS), including whole-exome and whole-genome sequencing, have significantly improved diagnostic accuracy. Additionally, emerging data from advanced imaging, multi-omics technologies, and behavioral analyses (such as gait and facial recognition) are generating large and complex datasets.
These developments have driven the increasing adoption of advanced computational tools, particularly artificial intelligence (AI). Over the past two decades, AI, including machine learning and deep learning, has demonstrated significant potential in analyzing complex biomedical data, identifying novel drug targets, and accelerating drug discovery processes. Therefore, integrating AI with modern biomedical technologies offers a promising pathway to address the unmet medical needs associated with rare diseases.
Orphan Regulation of 1999 provide financial and regulatory incentives, over 90% of RDs lack effective treatments. The number of FDA-approved medications with orphan designation increased from 2 in 1983 to 33 by 2020, but progress remains limited due to the small patient populations for each condition (Table 1). Pharmaceutical companies face hurdles in RD drug development. The traditional research and develop-


Table 1. Most Expensive Drugs
	Drug Name
	Costa
	
	Indication
	
	Mechanism/Target

	Zolgensma
	$2.1M
	Spinal Muscular Atrophy (SMA)
	Gene therapy replacing SMN1 to counteract muscle weakness

	Skysona
	$3M
	Cerebral Adrenoleukodystrophy (CALD)
	Modifies stem cells with ALDP gene to slow disease progression

	Zynteglo
	$2.8M
	Thalassemia
	Reduces transfusion dependency

	Zokinvy
	$1.07M/year
	Progeria
	Delays aging by targeting toxic proteins

	Danyelza
	$1.01M
	Neuroblastoma
	Targets cancer cells in pediatric patients

	Myalept
	$929,951/year
	Lipodystrophy
	Addresses leptin deficiency

	Kimmtrak
	$975,520/year
	Uveal Melanoma
	Targets cancer cells

	Luxturna
	$850,000
	Retinal Disease
	Gene therapy restoring vision

	Folotyn
	$842,585/year
	T-Cell Lymphoma
	Targets cancer cells

	Mavenclad
	$77,325/year
	Multiple Sclerosis (MS)
	Oral therapy administered in short courses


a Costs are per treatment unless stated as annual.
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intelligence (AI) and machine learning (ML), powered by increased computational capabilities.6 AI, including deep learning (DL)7 and generative AI,8−10 leverages extensive data sets to generate insights, aiding biotech and pharmaceutical companies in accelerating RD drug development. By analyzing diagnostic images, chemical databases, genetic data, patient records, and literature, AI helps fill critical knowledge gaps in RDs.
This review explores the transformative potential of AIdriven drug discovery for RDs, examining the current landscape, existing treatment strategies, and the challenges in drug development. It details AI techniques reshaping drug discovery, focusing on drug repurposing, biomarker discovery, personalized medicine, clinical trials, and novel drug targets. By synthesizing current knowledge and recent advancements, this review offers insights into how AI can accelerate therapy development for RDs, addressing both its promise and challenges. It serves as a comprehensive resource for researchers, clinicians, and policymakers, filling critical gaps in the literature and guiding future research efforts to improve health outcomes for RD patients. Notably, it excludes extensively discussed topics such as molecular representations, AI frameworks, and ADMET predictions, which are wellcovered in the existing literature, while emphasizing the need for more research in RD drug discovery.
■ RARE DISEASES
Rare diseases (RDs), also known as orphan diseases, are conditions that affect a small fraction of the population. Although individually rare, these diseases collectively represent a significant global health burden. Understanding rare diseases is essential for affected individuals, their families, healthcare professionals, and policymakers.
The definition of rare diseases varies across regions. In the United States, a rare disease is defined as a condition affecting fewer than 200,000 individuals. In Europe, it is defined as a disease affecting fewer than 1 in 2,000 people, while in Japan, it refers to conditions with a prevalence of fewer than 2.5 cases per 10,000 population. Despite these regional differences, the defining characteristic of rare diseases is their low prevalence.
Approximately 7,000 rare diseases have been identified, collectively affecting nearly 300 million people worldwide. The majority of these diseases are genetic in origin, often resulting from single-gene mutations and following Mendelian inheritance patterns. These disorders are frequently chronic, progressive, and may be life-threatening.
Recent advances in genomics, particularly whole-genome sequencing (WGS), have significantly improved our understanding of rare diseases. WGS has proven to be a transformative tool, enabling the identification of genetic mutations responsible for many rare conditions. For instance, large-scale genomic datasets, such as those from the UK Biobank, have facilitated the discovery of novel coding and non-coding variants associated with rare diseases, thereby enhancing diagnostic accuracy and opening new avenues for targeted therapies. 
RDs.12
Current Treatment Strategies for RDs. The treatment of RDs involves a multifaceted approach due to their complexity and unique challenges. One strategy is developing disease-specific therapies that target the genetic and molecular underpinnings of these disorders. For instance, drugs like asfotase alfa and burosumab have been developed for rare skeletal diseases such as osteogenesis imperfecta and hypophosphatasia, respectively, specifically interacting with the disease-specific cascade of enzymes and proteins.13 Additionally, drug repurposing, which seeks new uses for existing medications, has emerged as a time- and cost-efficient strategy (Figure 1). This approach has been applied to
neurodegenerative disorders like Huntington’s disease and amyotrophic lateral sclerosis, leveraging existing drugs to address unmet therapeutic needs.14 Gene therapy is another promising avenue for treating rare genetic disorders. By introducing genetic material into target cells to correct or supplement defective genes, gene therapy aims to treat or prevent diseases, such as blood disorders and neurodegenerative diseases. Although still facing technical challenges, gene therapy holds significant potential for future breakthroughs.15 Advancements in personalized medicine and pharmacogenetics are also critical in developing treatments tailored to the specific genetic profiles of patients with RDs.16 Collaborative and interdisciplinary approaches are essential for managing RDs. Specialized centers dedicated to treating and monitoring RD patients ensure the highest level of care and the collection of valuable data to improve drug discovery strategies.13 International collaborations and patient registries are vital for the pooling of resources and knowledge, advancing diagnostic capabilities, and developing therapies. The International Rare Diseases Research Consortium (IRDiRC) exemplifies such efforts, unifying stakeholders to accelerate the diagnosis and treatment of RDs worldwide.17
Challenges in RD Drug Discovery. As mentioned earlier, treatment for RDs faces numerous challenges, including delayed diagnosis, lack of registered medicines in many countries hindering importation, and difficulties in clinical trials such as patient recruitment (due to small and heterogeneous populations and ethical challenges in randomizing patients to a placebo arm unknown disease), natural history, and ethical concerns about pediatric patients. Additionally, the rarity of these disorders leads to limited financial support and specific drugs, making diagnosis and treatment challenging, with patients often seeking multiple specialist opinions. To address these challenges, a comprehensive approach involving the engagement of various stakeholders such as academic institutions, pharma industry, patient advocacy groups, and regulatory bodies is crucial for advancing drug discovery programs. Table 2 summarizes these challenges.
■ ARTIFICIAL INTELLIGENCE
	
	
	

	Table 2. Challenges in RD Drug Discovery
	

	Challenge
	Description

	Limited Knowledge and Research
	· Scarcity of Research: Low prevalence restricts research, limiting insights into disease mechanisms and treatment development.
· Few Clinical Trials: Limited trials complicate treatment discovery and patient recruitment.

	Delayed Diagnosis
	· Diagnostic Delays: Rarity and limited awareness often lead to years-long delays.
· Misdiagnosis: Frequent misdiagnoses result in inappropriate treatments and prolonged suffering.

	Few Treatment Options
	· Limited Drugs: Few approved therapies restrict options and reduce data for DL models.
· Off-Label Prescriptions: Treatments often rely on limited evidence, risking reduced efficacy.

	High Costs
	· Expensive Therapies: RD treatments are costly, reducing accessibility and data availability.
· Insurance Issues: High costs and limited coverage create access barriers.

	Regulatory and Policy Gaps
	· Complex Approvals: RD treatments face long, complicated regulatory paths.
· Policy Insufficiencies: Limited funding and patient access policies slow progress.

	Awareness and Education
	· Low Awareness: Limited knowledge contributes to stigma and inadequate care.
· Need for Education: Ongoing training for healthcare providers is essential for better RD management.


AI enables systems to perform tasks requiring human intelligence such as language processing, pattern recognition, problem-solving, and decision-making. ML, a subset of AI, allows computers to learn from data without any explicit programming. Supervised learning trains models on labeled data, while unsupervised learning identifies patterns in unlabeled data. Reinforcement learning focuses on making decisions based on rewards, and DL employs multilayered neural networks for complex tasks such as image and speech recognition. Generative AI creates new data patterns through models like generative adversarial networks (GANs) and variational autoencoders (VAEs),9,10 aiding drug discovery by simulating large compound libraries and reducing costs, especially for data-limited diseases. AI’s pharmaceutical role has progressed from rule-based systems in the 1950s−1980s, which introduced computer-aided drug design (CADD), to ML advancements in the 1990s with quantitative structure− activity relationship (QSAR) models. Since the 2010s, DL techniques such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have enhanced drug discovery efficiency from target identification to clinical trials.
AI offers crucial insights into drug discovery for RDs. Large language models (LLMs) like GPT-4 can mine the biomedical literature to identify drug targets, mechanisms, and biological pathways, summarizing findings and generating new hypotheses. For instance, a few-shot learning study with LLMs predicted medication synergy in rare tissues using minimal samples from seven cancer types, with the CancerGPT model achieving competitive performance.18 Chemical language models (CLMs) use SMILES (Simplified Molecular Input Line Entry System) to generate novel compounds, proposing drug candidates and optimizing lead compounds for better efficacy and reduced toxicity. Computer vision analyzes medical images like magnetic resonance imaging (MRI) and computed tomography (CT) scans to identify disease phenotypes, monitor progression, and automate high-throughput screening assays for potential drug candidates.
Integrating LLMs, CLMs, omics data, and computer vision accelerates RD drug discovery, providing a holistic view of disease biology, predicting drug interactions, and proposing new compounds more efficiently. This approach also supports personalized treatment plans based on patient-specific data. Collaborative platforms and shared databases enhance global research efforts, pooling resources for effective drug discovery.
■ AI IN RD DRUG DISCOVERY
The urgent need to discover therapeutic compounds for RDs, or to reposition existing ones, is challenged by limited data on gene and protein structures and a scarcity of effective drug molecules. Linking disease pathways to drug activity is complex with scientific advances rapidly evolving. Researchers face pressure to better understand RDs, identify treatments, and address the 95% of RDs lacking FDA-approved therapies.19
AI is revolutionizing drug discovery by enhancing efficiency, accuracy, and speed. Traditional methods can take over a decade and billions of dollars, whereas AI shortens timelines and reduces costs. AI models can rapidly screen large chemical libraries and translate biomedical data into viable therapeutic options (Figure 2).20 ML and DL offer promising applications in drug research and clinical trials, including personalized medicine and predicting patient treatment responses.21
Algorithms like support vector machines (SVM) and random forests manage complex, multidimensional data and can learn from limited data setsa typical RD challenge. AI also aids in uncovering disease origins, identifying therapeutic targets, and leveraging techniques such as QSAR modeling and high-throughput screening. This approach has led to break-
	Figure 2. AI-driven drug discovery approaches for RDs. The central


discovery for RDs. Surrounding it are hexagons detailing specific methods: de novo drug design, omics data analysis, drug repurposing, virtual screening, discovery of novel biomarkers, and identification of novel targets. Each approach utilizes AI to improve the identification and development of therapeutics for RDs.

throughs, such as the discovery of riluzole for amyotrophic lateral sclerosis (ALS).22
AI advances drug discovery by predicting molecules’ physicochemical and ADMET (absorption, distribution, metabolism, excretion, toxicity) properties through quantitative structure−property relationships (QSPR) and QSAR, improving candidate selection. Generative AI enables the design of novel molecules by exploring new chemical spaces, uncovering potential breakthrough therapies.8,23−25 It also streamlines high-content data analysis and optimizes organic synthesis routes, reducing trial-and-error in drug development.25,26 At MIT, an AI system utilizing robotics and DL accelerates synthesis planning, helping chemists evaluate potential therapies faster.27 AI also aids in repurposing drugs for RDs by sampling altered genetic pathways to identify new therapeutic targets.26 During the COVID-19 pandemic, AI rapidly identified potential treatments by analyzing viral protein structures and predicting interactions with existing drugs.28 Furthermore, AI supports personalized medicine by analyzing genetic, proteomic, and clinical data to tailor treatments, leading to more effective therapies and improved patient outcomes.29 For instance, a gated recurrent unit cooperation-attention-network (GCAN) recently predicted treatments for Gaucher disease,30 while Assay Central software helped identify compounds for sialidosis by creating Bayesian ML models for in silico drug screening before lab testing.31 Although the field requires stronger algorithms, AI continues to accelerate drug repurposing and streamline the development timeline for RD treatments.32 The next section explores various ways AI is aiding drug discovery for RDs.
Figure 3. Concepts underlying the drug repositioning strategies. The diagram illustrates different approaches to drug repositioning based on relationships between drugs (D), targets (T), and indications (I). Receptor theory posits that interactions between drugs and targets can lead to beneficial therapeutic indications (I) or adverse effects (S). Disease-centric repositioning expands drug use from an initial indication (I) to a related one (I2). Target-centric repositioning identifies new drug targets (T2) linked to emerging indications (I2). Drug-centric repositioning identifies new therapeutic indications (I2) based on newly discovered drug targets (T2).

therapeutic uses for existing drugs, thereby circumventing the long timelines and high failure rates of de novo discovery. This approach utilizes various methods, including clinical symptomatic repurposing and data-driven strategies based on protein expression, genetic alterations, and disease-specific physiological profiles. Successful examples include aspirin, Viagra, and the recent weight loss drug Wegovy.
While drug repurposing is not a new concept, modern systematic and data-driven methodologies represent a significant advancement. Many repurposed drugs have been discovered serendipitously or through monitoring clinical effects followed by retrospective analysis.34 For example, minoxidil was originally developed for ulcers but found to effectively treat male baldness during clinical trials.35 However, these methods alone cannot address the over 7,000 RDs needing treatment. Thus, the search for drug candidates has become more structured, utilizing computer models, big data analytics, and high-throughput screenings.36 The Human Genome Project has provided extensive genetic data on RDs, enhancing drug repurposing potential by identifying genetic abnormalities that may share biological processes with common diseases. For instance, genes linked to neurofibromatosis type 1, Cowden disease, and retinoblastoma share pathways implicated in various cancers,37 suggesting that drugs effective for these cancers may also benefit RDs.
	Table 3. AI Platforms for Drug Repurposing
	

	Platform/ Project
	Description
	Key Features
	Collaborators/Funders

	Every Cure
	Identifies new therapeutic uses for existing drugs.
	Uses NLP and ML to analyze PubMed and clinical data.
	Funded by ARPA-H; collaborates with disease experts and pharma.

	REPO4 EU
	EU-funded mechanism-based drug repurposing platform.
	Utilizes bioinformatics and AI for disease redefinition.
	EU-funded initiative.

	Open Targets
	Partnership for systematic drug target identification.
	Integrates human genetics and genomics; uses GWAS.
	Partners include Bristol Myers Squibb, Genentech, GSK, Pfizer, Sanofi, Wellcome Sanger Institute, EBI.

	Drug
Repurposing Hub
	Open-access library of 6,000+ compounds.
	Annotations for activity, indications, and purity.
	Developed by Broad Institute.

	REMEDi4ALL
	EU initiative for patient-centric drug repurposing.
	Focuses on pancreatic cancer, COVID-19, and RDs.
	EU-funded initiatives.

	DREAMS
	EU project for AI-driven drug repurposing in muscular disorders.
	Targets five rare neuromuscular diseases; combines AI and pharmacological screening.
	Funded by the European Commission; partners include I-Stem, Kantify, The Institute of Myology.

	Biovista
	AI platform (Project Prodigy) for drug repositioning.
	Analyzes data to identify associations between compounds and diseases.
	Partners with Astellas, Pfizer, Novartis, etc.


Computational modeling is crucial for simulating drug-target interactions, pharmacokinetics, and efficacy. Integrating structural biology, molecular docking, and quantitative systems pharmacology (QSP) modeling enables predictions of drug binding affinities and therapeutic outcomes for repurposing candidates.38 VS methods, such as molecular docking and ligand-based similarity searches, expedite the identification of drugs with potential activity against RD targets. Recent research has yielded promising results. In addressing Fragile X syndrome, researchers used computational techniques to create a disease-specific gene expression signature (DEG). This DEG was employed to search public databases for small molecules that could reverse or mimic disease profiles. Adding to these advancements, a novel AI tool, TxGNN, developed by Harvard Medical School, is transforming drug discovery for rare and untreated diseases by repurposing existing drugs. TxGNN analyzed 8,000 drugs and identified candidates for over 17,000 diseases, including many with no treatments, outperforming existing AI models by 50% in candidate identification and 35% in predicting contraindications. Unlike traditional methods, TxGNN leverages shared genomic and molecular features across conditions, offering faster, costeffective solutions with transparency, by explaining its recommendations. Validated on 1.2 million patient records, TxGNN provides a strategic, data-driven alternative to the often haphazard process of drug repurposing, bringing hope to patients with RDs while also expanding treatment options for common conditions.39 The Drug Repurposing using AI/ML tools for Rare Diseases (DREAM-RD) initiative identified over 100 FDA-approved drugs potentially alleviating symptoms of Fragile X syndrome.40 For example, to tackle Alzheimer’s disease (AD), scientists developed an AI framework integrating multiomics data and protein−protein interactome networks to pinpoint drug targets from genome-wide association studies (GWAS). This approach identified 103 AD risk genes and highlighted three drugspioglitazone, febuxostat, and atenolollinked to reduced AD risk, with pioglitazone showing particularly strong results.41 In diffuse intrinsic pontine glioma
(DIPG) with H3K27 M and TP53 mutations, AI-driven models analyzed data from 30 patients to uncover mechanisms such as oligodendrocyte dedifferentiation and increased angiogenesis. This led to the identification of potential repurposed drugs such as vorinostat, cisplatin, paclitaxel, and statins.42 Additionally, the Elsevier AI method, in collaboration with SciBite and Stardog, quickly identified repurposing candidates for Friedreich’s ataxia by structuring information from 4,000 documents into a knowledge graph. This facilitated the discovery of Phase IV drugs like tranylcypromine and etravirine that upregulate frataxin expression (https://www. elsevier.com/en-in/connect/4-drivers-of-success-in-drugrepurposing-for-rare-diseases).
Researchers also applied Heter-LP, a drug repositioning method, to explore treatments for adrenocortical carcinoma (ACC), identifying novel drug−disease and drug−target relationships, including compounds like cosyntropin targeting DHCR7, IGF1R, MC1R, MAP3K3, and TOP2A. This study, validated in current literature, aims to streamline clinical processes for ACC.43 Lastly, AI-AAM, a novel drug repurposing method using virtual screening, incorporates amino acid interaction mapping into scaffold-hopping. Initially validated with a spleen tyrosine kinase inhibitor, AI-AAM screened five drugs and yielded 144 diverse compounds, with 31 targeting the same proteins as reference drugs, indicating potential alternatives for future development.44
For Pitt-Hopkins syndrome (PTHS), Ekins et al. used ML models to evaluate 180 licensed drugs, conducting a highthroughput screen (HTS) of the Prestwick chemical library that identified 93 Nav1.8 inhibitors and 55 Kv7.1 inhibitors. Assay Central’s Bayesian ML model predicted 35 Kv7.1 and 64 Nav1.8 inhibitors, demonstrating the effectiveness of combining HTS and ML for drug repurposing in RDs.45 Sosa et al. developed a graph embedding technique using the Global Network of Biomedical Relationships (GNBR)46 to synthesize drug, gene/protein, and disease correlations from 28.6 million PubMed references into a knowledge graph. By integrating RD information from Orphanet and other sources, they identified 2,779 RDs for potential repurposing. This method highlighted existing therapies not yet included in GNBR, such as famotidine for leishmaniasis and cortisone for myelodysplastic syndrome, and proposed trifluoperazine for Wilms tumor and Everolimus for sarcoidosis as candidates for clinical trials.
	[image: ]
Figure 4. AI employs multimodel approaches integrating diverse omics and text data sources to prioritize targets for specific indications. Omic data (transcriptomics, proteomics, metabolomics, genomics, epigenomics) and text-based sources (funding reports, patents, publications, clinical trials) provide insights into altered signaling pathways, molecular interactions, and protein−protein interactions crucial for target selection. Criteria such as protein family, developmental stage, druggability, toxicity, and novelty are utilized to refine AI-driven target prioritization, aligning with specific research goals.



Esmail and Danter explored new therapeutic approaches for metachromatic leukodystrophy (MLD) using artificially induced whole-brain organoid (aiWBO) models.47 Their NEUBOrg platform, a hybrid deep ML system, focused on arylsulfatase A (ARSA) deficiency and assessed 861 combinations of single and dual drug therapies based on AI-generated MLD profiles. Cong et al. used a dual approach for drug repurposing by integrating disease-induced gene expression responses with drug-induced changes.48 They analyzed gene expression data sets from 262 patients and 268 healthy individuals across 31 diseases from the National Center for Biotechnology Information’s Gene Expression Omnibus (GEO). Three diseasesinclusion body myositis, polymyositis, and dermatomyositiswere selected for detailed analysis through k-means clustering. Using L1000CDS2, they identified potential drugs: 10 for inclusion body myositis and polymyositis (e.g., gemcitabine, tosedostat, wortmannin, or alvocidib), 10 for polymyositis and dermatomyositis (e.g., selumetinib, wiskostatin, or perhexiline maleate), and 14 for all three diseases (e.g., salermide, wortmannin, or reserpine). Foksinska et al. demonstrated that mediKanren, an AI reasoning tool, utilizes knowledge graphs (KGs) to identify potential treatments based on biological relationships.49 It highlighted celecoxib and levocarnitine as candidates for patients with RHOBTB2 and TMLHE variations, respectively. Lee et al. employed genetic and molecular data from complex diseases within a unified ML framework called URSAHD (Unveiling RNA Sample Annotation for Human Diseases) to test drug repurposing strategies.50 Table 3 outlines several AI platforms for drug repurposing.
Despite the potential of AI algorithms in drug repurposing for RDs, several challenges must be overcome to fully leverage their capabilities (Table 4). Data integration and standardization pose significant hurdles as disparate data sources often contain inconsistencies, biases, and missing information. The ability to identify successful targets is hindered by the limited and unpublished data on unsuccessful assets from traditional drug development. Accessing comprehensive information for a thorough analysis of previous medications is sometimes unfeasible due to hastily designed trials lacking clear clinical end points, which limit the optimization of therapeutic benefits and biological insights. Reports frequently lack precise explanations for treatment failures, and many trials suffer from insufficient statistical power due to small patient cohorts.51 Nonetheless, drug repurposing is gaining traction, as advanced AI offers novel insights into therapeutic targets, enhancing the likelihood of successful clinical trials. Streamlining these processes could expedite patient access to affordable medications, alleviating symptoms of RDs and potentially saving lives.
■ AI-DRIVEN TARGET DISCOVERY
In drug discovery, accurately identifying biological targets is vital. AI is crucial for detecting and validating disease-specific targets for RDs (Figure 4). By analyzing omics data, AI algorithms reveal molecular signatures and pathways linked to RDs. For instance, in Hutchinson-Gilford progeria syndrome, AI pinpointed therapeutic targets related to DNA repair, improving the targeted therapy design. In ALS research, Insilico Medicine’s PandaOmics platform identified 17 highconfidence and 11 novel therapeutic targets (e.g., KCNB2, KCNS3, ADRA2B) that mitigate neurodegeneration in a c9ALS Drosophila model.52 Similarly, for glioblastoma multiforme (GBM) and aging, a multistrategy approach using correlation analysis and survival data via the PandaOmics TargetID engine identified novel targets like cyclic nucleotide gated channel subunit alpha 3 (CNGA3), glutamate dehydrogenase 1 (GLUD1), and sirtuin 1 (SIRT1) for dualpurpose treatment.53 For more recent applications of PandaOmics, readers may refer to ref 54.
AI is revolutionizing drug discovery in many ways. One such zone is the identification of novel therapeutic targets for RDs. This shift addresses the unique challenges associated with RDs, including limited patient populations, complex pathophysiology, and a scarcity of high-quality, annotated data. Recent advances in AI have provided tools to overcome these barriers through high-throughput data analysis, predictive modeling, and hypothesis-free exploration of biological systems. Integrat-

ing multiomics data (genomic, transcriptomic, proteomic, and metabolomic) enhances AI’s predictive capabilities for identifying therapeutic targets in RDs. This comprehensive approach reveals intricate disease mechanisms and interactions that single-omics methods might miss. AI-driven methods utilize feature selection techniques and ML models like neural networks and random forests to recommend potential targets.55 Recent advancements, including graph neural networks (GNNs) and deep integration networks, further enhance AI’s ability to analyze multiomics data, leading to more accurate target identification. Incorporating insights from electronic health records into multiomics analysis provides a holistic view of health pathways, transforming biomedical research and precision medicine.56 DL methods that integrate various omics data types enhance prediction accuracy, supporting personalized medicine.57,58 Tools like MOFA excel in this integration, uncovering both shared and distinct biological patterns that are crucial for understanding RDs. These innovations underscore the transformative potential of multiomics integration in AI-driven modeling for predicting genotype−environment−phenotype relationships and identifying novel therapeutic targets.59
Various types of data are required while leveraging AI to explore novel targets, for instance, biological and medical data. These data can be categorized into five modalities based on their representation and analytical approaches: Tabular data, such as multiomics and electronic health records, are analyzed using traditional ML and multilayer perceptrons, with sources such as UK Biobank and TCGA. Text data, including gene ontology and clinical trials, utilize LLMs, with sources such as PubMed and ClinicalTrials.gov. Sequence/structure data, representing DNA, RNA, proteins, and small molecules, are processed with attention-based neural networks and generative models sourced from UniProt, GenBank, PDB, etc. Graph data, covering protein−protein interactions, gene networks, and molecular structures, employ GNN, with sources like STRING and KEGG. Finally, image data, encompassing histopathology and radiology, are analyzed using convolutional neural networks and visual transformers, with data from TCIA and MICA-MIC.
AI frameworks have been developed to prioritize drug targets and enhance repositioning strategies. For example, a DL framework for Alzheimer’s disease identified key genes (e.g., DLG4, RAC1, EGFR, SYK, PTK2B, SOCS1) and potential repositionable compounds (e.g., tamoxifen, bosutinib, dasatinib).60 Similarly, a multioutput regression ML study on Fanconi anemia revealed over 20 therapeutic targets, demonstrating AI’s ability to uncover causal links between proteins and disease pathways.61 Researchers also highlighted AlphaFold 3, an AI model from DeepMind, which predicts protein 3D structures and interactions with DNA and RNA, significantly improving the prediction accuracy. This model has advanced research on Alsin, a protein involved in motor neuron diseases such as infantile-onset ascending hereditary spastic paralysis (IAHSP), juvenile primary lateral sclerosis (JPLS), and some ALS cases. By comparing AlphaFoldDB’s Alsin model with homology models and assessing mutant flexibility, researchers identified promising drug discovery targets related to Alsin.62 For additional insights, readers are encouraged to consult ref 63.
In the past decade, next-generation sequencing and omics techniques have generated vast data volumes often underutilized due to limited bioinformatics tools. Recent studies introduced two innovative computational platforms: the NCI’s CellMiner Cross Database (CellMinerCDB) and Lantern Pharma’s AI and ML RADR platform. These platforms elucidated the mechanisms of action and potential applications for acylfulvene derivatives LP-100 and LP-184. Using CellMinerCDB, researchers analyzed multiomics data and found LP-184 and LP-100 effective against cancers with chromatin remodeling deficiencies, like Atypical Teratoid Rhabdoid Tumors (ATRT). Subsequently, RADR predicted LP-184’s efficacy in ATRT, which was validated through in vitro and in vivo studies. These computational tools exemplify innovative approaches to drug discovery in rare cancers, particularly for ATRT.64
In certain fields of research where data is scarce, including RDs or disorders in tissues that are not clinically available, AI techniques can effectively suggest potential therapeutic targets using transfer learning (TL). TL is an AI technique in which we train on large amounts of data that are only loosely linked to a problem with small amounts of data and then adjust the final model to fit the scenario with the restricted amount of data. Accelerating target identification with AI has broad therapeutic implications, ranging from multifactorial neurodegenerative and autoimmune illnesses to uncommon diseases and resistant malignancies. Furthermore, the quality of life and patient outcomes could be significantly enhanced by safer, more selective medications created against AI-predicted targets. To fully realize AI-based target discovery’s enormous potential and to usher in an age of data-driven, expedited drug R&D, it will be imperative to overcome current obstacles.
■ AI IN CLINICAL TRIALS
Understanding, diagnosing, and treating RDs are inherently challenging due to their rarity. This complicates patient recruitment for new therapies, resulting in cohort studies that often lack the statistical power to draw significant conclusions. Additionally, insufficient knowledge about the pathophysiology and molecular pathways of these diseases limits the identification of therapeutic targets. The absence of specific biomarkers for early diagnosis leads to delayed and inadequate patient care, further hindering clinical trial participation. Moreover, clinical trial management is fragmented; a single trial may utilize up to 30 different tools, each requiring separate logins, which creates siloed data and inefficiencies. Without unified data systems, effectively implementing and leveraging AI becomes difficult. While AIdriven tools exist for patient recruitment, they often fail to enhance other trial aspects, such as patient engagement and data management, resulting in poor enrollment and inconsistent clinical data. A unified AI-driven clinical trial management system could address these challenges by integrating various tools and processes into one cohesive platform.
AI enhances the clinical trial process for rare RDs by streamlining patient recruitment, data management, and overall efficiency, thus improving the scalability and effectiveness of research. Unified software platforms with single log-in systems aim to make trials accessible to all patients, yet logistical challenges, such as geographical dispersion and the need for specialized care, especially for pediatric patients, remain significant barriers. AI-powered telemedicine, remote monitoring, and wearables address these issues by enabling a more patient-centric approach through decentralized trials (DCTs) and direct-to-patient (DTP) logistics, which facilitate trial participation with minimal disruption to patients’ lives. AI can customize trial designs, identify relevant biomarkers and surrogate end points, enhance patient recruitment, and utilize real world evidence (RWE) and real world data (RWD). Companies like IPM.ai leverage AI to identify RD patients eligible for trials, while tools like TrialGPT, developed in collaboration with the US NIH, empower patients to find and prioritize suitable trials.65 Regulatory bodies are working to improve the application of RWE and RWD in RD research, although concerns about data privacy, quality, and standardization persist.
AI can help bridge data gaps by integrating RWE-based control arms; startups like Unlearn propose using digital twins to reduce trial patient numbers, especially for ethically sensitive conditions. Novel models, such as federated learning, can optimize data usage while addressing privacy concerns. Companies such as Saama are centralizing clinical trial data management, enabling real-time collaboration among stakeholders. Leading AI providers in clinical trials include Medidata, IQVIA, BenevolentAI, Renalytix AI, Prometheus Biosciences, ReviveMed, Insitro, Sensyne Health, Saama, and GNS Healthcare. AI-driven monitoring technologies such as wearables and chatbots facilitate communication between patients and researchers. Although AI enhancements in clinical trials for RDs are still emerging compared with tools for diagnosis and drug discovery, innovations driven by generative AI and user-friendly LLMs are anticipated to improve trial effectiveness and patient-centeredness.
■ AI in Genomics and Target Identification for Rare Diseases

Approximately 80% of rare diseases (RDs) are associated with genetic variations, making genomics a central component of rare disease research. Advances in next-generation sequencing (NGS) technologies have generated vast amounts of genomic data; however, analyzing and interpreting this data using traditional methods can be time-consuming and computationally intensive. In this context, artificial intelligence (AI), including machine learning (ML) and deep learning (DL), has emerged as a powerful tool for transforming large-scale genomic datasets into actionable insights.
AI-driven approaches are increasingly applied in genomic analysis for tasks such as gene annotation, variant calling, mutation detection, genotype–phenotype correlation, biomarker discovery, and gene function prediction. The rapid growth of genomic data, particularly from whole-exome sequencing (WES) and whole-genome sequencing (WGS), has significantly improved our understanding of the relationship between genetic variations and disease phenotypes. WES, which focuses on protein-coding regions representing approximately 1% of the genome, captures over 80% of disease-causing mutations and offers a cost-effective and rapid diagnostic approach. In contrast, WGS provides comprehensive coverage of both coding and noncoding regions and enables the detection of structural variations, thereby offering deeper insights into disease mechanisms.
The integration of genomic data with AI has enhanced the identification of potential drug targets. Functional genomic analysis enables the characterization of gene activity, including loss-of-function (LoF) and gain-of-function (GoF) mutations, which correspond to target downregulation and upregulation, respectively. Notably, drug targets with known bidirectional effects (both LoF and GoF) have been shown to exhibit significantly higher success rates in clinical trials. This is particularly valuable in rare diseases, where prior knowledge of therapeutic targets is often limited. Additionally, not only causal genes but also genes involved in disease pathways can serve as potential therapeutic targets, and cross-disease insights can further aid in identifying effective interventions.
Machine learning models have demonstrated superior performance over traditional bioinformatics tools in sequence analysis and variant detection. For example, ML-based tools such as Concod have shown improved sensitivity in detecting DNA deletions, while deep learning models like DeepSV utilize convolutional neural networks (CNNs) to identify long structural variations. Furthermore, advanced AI tools such as DeepVariant and DeepTrio have significantly improved variant calling accuracy from NGS data. DeepVariant employs a CNN-based model to detect single nucleotide polymorphisms (SNPs) and small insertions and deletions (indels), while DeepTrio extends this capability to family-based genomic analysis, enabling the identification of de novo mutations associated with Mendelian disorders. However, these models require substantial computational resources, high-quality training datasets, and domain expertise for accurate implementation and interpretation.
AI has also facilitated the discovery of novel biomarkers, including circulating microRNAs (miRNAs), which show potential for diagnosis and treatment monitoring in rare diseases. For instance, elevated miRNA levels have been observed in patients with Duchenne and Becker muscular dystrophies, which decrease following effective therapy. Similarly, altered miRNA expression patterns have been reported in Rett syndrome, highlighting their potential as diagnostic and prognostic biomarkers.
Overall, the integration of AI with genomic technologies and bioinformatics is transforming rare disease research by enabling faster diagnosis, improved target identification, and more efficient drug discovery processes. These advancements are expected to play a crucial role in addressing the unmet medical needs associated with rare diseases.. Analyzing 179 pediatric cases diagnosed primarily at the Rady Children’s Institute Neonatal Intensive Care Unit
	Table 5. Methodology for Integrating Genomic, Phenotypic, and Clinical Data in AI-Driven Drug Discovery
	Section
	Key Aspects
	Steps

	Data Collection
	Genomic
	Collect high-quality genomic data; ensure normalization and quality control.

	
	Phenotypic
	Gather data from screenings and assays; standardize with controlled vocabularies.

	
	Clinical
	Use EHRs and clinical trials; deidentify data for privacy.

	Data Integration
	Multi-Omics
	Integrate using matrix factorization and ML algorithms.

	
	Feature Selection
	Apply LASSO, random forests, and PCA to identify key features.

	
	Harmonization
	Align data with common identifiers; map terms using UMLS.

	AI Model Development
	Model Selection
	Choose appropriate models (CNNs, RNNs) for diverse data types.

	
	Learning
	Use supervised (e.g., SVM) and unsupervised (e.g., k-means) methods.

	
	Explainability
	Employ interpretable models and techniques (e.g., SHAP, LIME).

	Validation and Testing
	Cross-Validation
	Assess performance with cross-validation; divide into training, validation, and test sets.

	
	External Validation
	Validate with independent data sets; partner with external institutions.

	Implementation
	Integration
	Embed models into discovery processes for target identification and trial design.

	
	Continuous Learning
	Enable model updates with new data.

	Challenges
	Privacy
	Implement robust privacy measures (deidentification, encryption).

	
	Interoperability
	Establish data standards and scalable solutions.

	
	Bias
	Assess and mitigate biases for equitable AI models.





(NICU) and five other global clinics, Fabric GEM demonstrates the ability to swiftly and accurately identify structural gene mutations responsible for rare genetic disorders.78 Fabric GEM surpasses current variant-calling techniques by correctly identifying structural variations in 90% of cases compared to less than 60% with existing methods. By integrating genomic, phenotypic, and clinical data with advanced AI technology, Fabric GEM efficiently prioritizes potential genetic causes, reducing the need for the exhaustive examination of numerous variants typically required by other interpretation platforms. This streamlined approach minimizes the number of genetic causes that need consideration to fewer than five, enhancing the clinical review process while maintaining high accuracy and cost-efficiency.
The integration of multiomics data, including genomic, phenotypic, and clinical information, is pivotal in AI-driven drug discovery, offering a comprehensive view of complex biological systems.56,79 The process begins with essential steps in data preprocessing and normalization to harmonize diverse omics data, ensuring consistency and minimizing noise. Dimensionality reduction techniques, such as principal component analysis (PCA), and feature selection algorithms such as LASSO, highlight key features. For effective data integration, methods such as canonical correlation analysis (CCA) and Data Integration Analysis for Biomarker discovery using Latent cOmponents (DIABLO)80 are employed. Ensemble learning and DL models are then applied based on the specific research objectives, with cross-validation employed to assess model performance and prevent overfitting. Biological validation through experiments or clinical trials, coupled with pathway enrichment analysis, confirms the relevance of identified therapeutic targets, offering a robust framework for drug discovery based on integrated multiomics data.
Various methodologies, such as concatenation-based, transformation-based, and network-based strategies, have been developed to effectively integrate diverse data types and harness the nuances of each layer. The combination of advanced microfluidic platforms and AI algorithms has enabled rapid screening of compound libraries, identifying novel drug candidates, and uncovering complex biological pathways with unprecedented speed and efficiency.81,82 Table 5 summarizes the comprehensive methodology for integrating genomic, phenotypic, and clinical data in AI-driven drug discovery.
Using AI for genomic analysis faces several challenges, primarily stemming from the complexity and quality of genetic data. Genetic data often lack precision and are intricate, necessitating thorough data cleaning before training models. Scarce data can lead to overfitting in AI models designed for genomic analysis. Furthermore, issues related to data privacy impose additional constraints, suggesting the need for stricter regulations to protect patient confidentiality. Another drawback of AI genome analysis is the necessity to reoptimize models based on the specific population under study. As genetic data expand exponentially, scaling algorithms to handle large data sets within reasonable timeframes becomes increasingly challenging. Moreover, the structural and functional diversity across genomes poses a significant hurdle in developing algorithms that can effectively accommodate this variability and produce reliable results. Additionally, bridging the gap between raw genetic data and current biological knowledge repositories requires sophisticated natural language processing (NLP) and semantic integration techniques.
AI-DRIVEN BIOMARKER DISCOVERY AND PERSONALIZED MEDICINE■

AI-driven biomarker discovery is revolutionizing the identification and validation of biomarkers for RDs, accelerating the development of diagnostic tools and treatments. Advanced ML algorithms allow for personalized medicine approaches, tailoring treatments to individual genetic profiles for enhanced healthcare. AI’s integration into personalized medicine extends beyond biomarker discovery to encompass real-time treatment monitoring, adaptive therapy management, and predictive analytics. This technology enables early diagnosis by detecting subtle biomarker changes, facilitating timely interventions and improved outcomes. In drug development, AI identifies biomarkers indicative of disease progression or treatment response, optimizing the process, reducing clinical trial costs, and expediting therapy delivery. Additionally, AI enhances clinical trial optimization and patient stratification, leading to targeted therapies and better treatment outcomes. One promising area is the development of digital twins: virtual models of patients that simulate responses to various treatments. These AI-driven digital twins incorporate genetic, epigenetic, and environmental data, enabling clinicians to predict disease progression and optimize treatment plans dynamically. For RDs, where patient populations are small and diverse, digital twins provide a powerful tool for simulating therapeutic interventions without the risks of direct human trials. Overall, AI-driven biomarker discovery equips businesses with powerful tools to address RDs, enhancing diagnostic and therapeutic development and improving patient care.
Traditionally, clinical practice has followed a “one therapy fits all” approach. However, individual drug metabolism can vary significantly, affecting effectiveness and side effects due to genetic differences. Precision medicine tailors treatments based on a patient’s genetic profile, aiming to optimize therapeutic outcomes and minimize side effects by customizing treatments and dosages. Pharmacogenomics, a cornerstone of personalized medicine, uses AI to predict how individuals metabolize drugs based on their genetic makeup. AI platforms leverage vast data sets to model gene−drug interactions, helping clinicians select the safest and most effective drugs for patients. For RDs where approved treatments are scarce, AI excels in repurposing existing drugs by predicting their efficacy for off-label uses based on genetic and molecular data. This accelerates the availability of treatments, while reducing the time and cost associated with drug development. AI has made significant strides in personalized medicine. For example, the AI platform CURATE.AI uses patient-specific data to predict optimal dosing and treatment outcomes, continuously updating a personalized profile based on the patient’s medical history and disease progression. CURATE.AI can optimize both individual drug dosages and medication combinations,83 which are often more effective than single-drug regimens, particularly for complex diseases like cancer.84 In precision oncology, the integration of AI with spatial analysis is emerging as a powerful tool. SpaRx is a graph-based domain adaptation model designed to analyze spatial cellular heterogeneity in drug response.85 It integrates pharmacogenomics data with singlecell spatial transcriptomics using hybrid learning and dynamic adversarial adaptation. SpaRx stands out for its ability to robustly handle varying dropout rates, noise levels, and transcriptomics coverage, uncovering spatial variations in drug sensitivity and resistance within tumor lesions. This innovative approach enables the identification of resistance mechanisms, personalized drug targets, and effective combination therapies to advance precision oncology. In a similar vein, DrugFormer represents an advanced approach in predicting drug resistance at the single-cell level.86 DrugFormer is a graph-augmented large language model designed to predict drug resistance at the single-cell level. It combines serialized gene tokens with gene-based knowledge graphs for precise drug response predictions. Trained on extensive singlecell data sets, DrugFormer outperforms existing models in F1 score, precision, and recall. Applied to scRNA-seq data from refractory multiple myeloma and acute myeloid leukemia, it identifies resistant cells, reveals molecular mechanisms, and uncovers unique drug-resistant cellular states linked to poor outcomes. Notably, DrugFormer highlights potential therapeutic targets, such as COX8A, to combat resistance across cancers, advancing personalized treatment strategies.
Kureshi et al. developed an AI decision tree to link patient attributes with tumor response in nonsmall cell lung cancer (NSCLC), predicting the effectiveness of selected treatments.87 They used four classifiers (smoking habits, targeted medications, epidermal growth factor receptor mutation, and histology) to predict patient responses to EGFR tyrosine kinase inhibitors, although the limited training set (n = 355) excluded rare patterns. Expanding the training set could enhance the prediction accuracy. Huang et al. also developed an SVM algorithm to predict cancer patient responses to chemotherapy based on gene expression patterns, achieving accuracy scores over 80%.88
Personalized medicine is already influencing clinical practice with integrated omics technology being key for identifying biomarkers that improve diagnosis and tailored treatments in RDs. Genetic testing based on these discoveries will significantly advance the field.89 AI and ML methods hold great potential to revolutionize personalized medicine; however, achieving fully personalized treatment remains a distant goal. Current practices often involve treating groups with similar genetic profiles rather than by true individualization. Moreover, personalized treatments may increase costs significantly, posing challenges for public healthcare systems with existing financial constraints. AI-driven personalized medicine also addresses logistical and ethical challenges through innovative solutions. Federated learning, for example, allows AI algorithms to train on decentralized data sets without compromising patient privacy. This approach facilitates data sharing across institutions, enriching the diversity of training data while safeguarding sensitive information. Moreover, AI can aid in cost reduction by automating complex processes, such as genetic data analysis, therapy selection, and dosage optimization. Platforms like Tempus (www.tempus.com) utilize AI to reduce redundancies in diagnostic testing, making personalized medicine more accessible in resource-constrained settings. To mitigate these costs, we propose enhancing datasharing systems to minimize redundancy in expensive tests while ensuring data privacy. Leveraging AI technology to automate as many steps as possible in personalized medicine is also recommended. Additionally, ethical concerns such as genetic discrimination and equitable access to personalized treatments, regardless of socioeconomic status, must be addressed.
SUCCESS STORIES, RECENT ADVANCES, AND■

OUTSTANDING QUESTIONS
Several AI companies have been advancing RD drug discovery. BenevolentAI uses AI throughout drug development, applying knowledge graphs for data integration, NLP for extracting insights, ML for property prediction, and neural networks for target identification and molecular design. Focused on RDs in neurology, immunology, cancer, and inflammation, their AI technology notably prioritized a potential ALS treatment, leading to collaboration with the Sheffield Institute for Translational Neuroscience (SITraN) and uncovering an ALS molecule in a breast cancer drug.
3billion leverages genomic data from RD patients to develop orphan drugs, using AI to assess loss- and gain-of-function (LoF and GoF) gene variants and prioritize targets for specific symptoms. Their AI text-mining system enhances literature review, and generative AI designs drug candidates targeting specific genes. By simulating variant pathogenicity, 3billion AI generates ligands with optimal pharmacokinetics and novel structures beyond standard chemical libraries. Insilico Medicine’s PandaOmics platform combines AI and bioinformatics to identify therapeutic targets and biomarkers from omics and biological texts. Their Pharma.ai suitecomprising PandaOmics, Chemistry42 for small molecule generation, and inClinico for clinical trial predictionhas demonstrated
	Table 6. Overview of Companies, Clinical Trial Molecules, Targets, Indications, and Development Stages in AI-Driven Drug
Discovery
	Sr No.
	Company
	Compound
	Drug Target
	Clinical Trial Stage
	Indication

	1
	Recursion
	REC-2282
	pan-HDAC
	Phase 2/3
	Neurofibromatosis type 2

	2
	Recursion
	REC-994
	Superoxide scavenger
	Phase 2
	Cerebral cavernous malformation

	3
	Recursion
	REC-4881
	MEK1 and MEK2
	Phase 2
	Familial adenomatous polyposis

	4
	InSilico Medicine
	INS018_055
	Inhibitor
	Phase 2
	Idiopathic pulmonary fibrosis

	5
	BenevolentAI
	BEN-2293
	Pan-Trk
	Phase 2a
	Atopic dermatitis

	6
	Exscientia
	EXS-21546
	A2A receptor
	Phase 1b/2
	Solid tumors with high adenosine signatures

	7
	Relay Therapeutics
	RLY-4008
	FGFR2
	Phase 1/2
	FGFR2-altered cholangiocarcinoma

	8
	Exscientia
	EXS-4318
	PKC-θ
	Phase 1/2
	Inflammatory and autoimmune conditions

	9
	BenevolentAI
	BEN-8744
	PDE10
	Phase 1
	Ulcerative colitis

	8
	Relay Therapeutics
	RLY-2608
	PI3Kα
	Phase 1
	Solid tumors

	11
	Relay Therapeutics
	RLY-1971/RG-6433
	SHP2
	Phase 1
	Solid tumors

	12
	Pharos iBio
	PHI-101
	FLT3
	Phase 1
	Various cancers

	13
	Nimbus Therapeutics
	NDI-010976/GS0976
	ACC
	Phase 2
	Nonalcoholic steatohepatitis

	14
	Exscientia
	DSP-1181
	5-HT1A
	Phase 1
	Obsessive compulsive disorders

	15
	Exscientia
	DSP-0038
	5-HT1A/2A
	Phase 1
	AD’s psychosis

	16
	Insilico Medicine
	ISM3312
	3CLPro
	Phase 1
	COVID-19

	17
	Insilico Medicine
	ISM3091
	USP1
	Phase 1
	BRCA mutant cancer

	18
	Schrödinger
	SGR-1505
	MALT1
	Phase 1
	Non-Hodgkin’s lymphoma

	19
	Structure Therapeutics
	GSBR-1290
	GLP1R
	Phase 1
	Type 2 diabetes, Obesity

	20
	Structure Therapeutics
	ANPA-0073
	APLNR
	Phase 1
	Pulmonary arterial hypertension, idiopathic pulmonary fibrosis

	21
	Valo Health
	OPL-0301
	S1P1
	Phase 2
	Postmyocardial infarction, acute kidney injury

	22
	Valo Health
	OPL-0401
	ROCK1/2
	Phase 2
	Diabetic retinopathy, diabetic complications





efficacy in discovering biomarkers and molecular targets across diseases.52−54
Founded in 2014 in Cambridge, UK, Healx leverages AI to develop treatments for RDs. Its AI platform, HealNet, employs ML to analyze published sources and predict drug efficacy in clinical trials, enhancing accuracy in identifying new disease biology. Adopting a “hypothesis-free” approach, Healx et al. explores potential drug candidates beyond specific pathways. Partnering with patient groups to address clinical needs, Healx’s methodology centers on a knowledge graph integrating curated biological data from various sources, with human experts evaluating hypotheses. Currently, Healx has around 18 drug candidates in its pipeline, with advanced candidates for Fragile X syndrome and neurofibromatosis type 1 (cutaneous and plexiform neurofibromas) in the clinical planning stage. AI-assisted drug discovery efforts for RDs and other conditions are summarized in Table 6, providing the latest on clinical-
stage molecules.9,63,90−92
The transformative potential of AI in RD drug discovery continues to expand, with advanced technologies redefining research landscapes. AI excels at processing biological data to identify disease signatures and drug targets. DL models such as AlphaFold accurately predict protein structures, aiding in understanding protein function and roles in RDs. AI algorithms analyze large data sets to detect patterns and drug-disease correlations, offering insights beyond traditional methods.
Traditional CADD is often lengthy and constrained by limited chemical exploration. POLARISqb, founded in 2020, revolutionized this process by integrating quantum computing into drug discovery. Their quantum annealer enables rapid scanning of vast chemical spaces and solving complex optimization problems, allowing for more efficient identification and optimization of drug candidates. POLARISqb has successfully identified promising leads, such as targeting the Dengue virus, and introduced QuADD, a Software-as-a-Service (SaaS) platform that leverages quantum annealing to deliver the top molecular candidates within days.
In 2022, AlphaFold predicted protein structures for the entire human genome, which was a breakthrough for AI and structural biology. These predictions aid structure-based drug design, especially for targets with limited data. In a study integrating AlphaFold with drug discovery platforms PandaOmics and Chemistry42, researchers identified a hit molecule for CDK20, a novel target without an experimental structure, achieving a Kd value of 8.9 μM within 30 days after synthesizing just 7 compounds. A second AI-driven round led to a more potent molecule, ISM042-2-048, with a Kd value of 210 nM, synthesized from 6 additional compounds. This study is the first to demonstrate AlphaFold’s role in hit identification in early drug discovery.93 Additionally, Sebastiano et al. highlighted AlphaFold2’s potential in advancing RD research, specifically analyzing Alsin, a protein linked to rare motor neuron disorders, suggesting that further drug discovery efforts targeting Alsin should be pursued.94
AI-enhanced simulations improve molecular behavior predictions, aiding drug discovery by identifying candidates with minimal experimental data. AI can also generate hypotheses and design experiments, expediting drug discovery by prioritizing promising candidates and reducing data dependency. Automated robotic workstations perform lab tasks like cell growth and liquid handling, using minimal materials to address data scarcity issues.95 Quantum computing enables rapid, precise simulations of molecular interactions, accelerating target identification to preclinical trials. Federated learning enhances AI models for RDs by facilitating
	Table 7. Key Questions and Forward-Looking Approaches in AI-Driven RD Research
	Questions
	Current Approaches
	Future Approaches

	How can AI and ML enhance data analysis and treatment discovery in RD?
	AI and ML identify patterns and predict disease targets.
	Advanced AI for precise predictive modeling and drug repurposing.

	How can patient registries optimize RD therapy development?
	Registries track disease progression and inform trials.
	Global networks and blockchain for secure data sharing.

	How can genomics enable personalized treatments for RDs?
	Genomic sequencing tailors therapies to genetic profiles.
	Multiomics integration for comprehensive RD understanding.

	What is the role of partnerships in advancing RD research?
	Collaborations enhance funding and therapy development.
	Global consortia for resource sharing and standardized protocols.

	How can we engage diverse populations in RD studies?
	Patient-centric designs and community engagement.
	Digital platforms and virtual trials to improve experience.

	How can regulatory frameworks adapt to RD challenges?
	Incentives streamline approvals, such as orphan drug designation.
	Adaptive pathways and international harmonization.

	How can we improve healthcare training for RD diagnosis?
	Continuing education and awareness programs.
	Specialized curricula and simulation training for diagnosis.

	How can telemedicine enhance RD patient care?
	Telemedicine enables remote consultations.
	Expanded digital ecosystems integrating gene and cell therapies.

	What funding models support early stage RD research?
	Public grants, private investments, and crowdfunding.
	Outcome-based funding and social impact bonds.

	What ethical considerations are key in RD research?
	Focus on patient consent, privacy, and equitable access.
	Global ethical standards for fair access to therapies.





collaborative model training while preserving the data privacy. Digital twins simulate drug responses and disease progression, validating hypotheses, and refining RD treatments. Blockchain secures data integrity, transparency, and patient privacy, ensuring a reliable information exchange. Robotic laboratories and NVIDIA’s GPUs enhance experimental efficiency, supporting AI-driven workflows in RD research. These integrated technologies, by addressing data scarcity and complex disease mechanisms, allow researchers to develop precision and personalized medicines for RDs. This approach transforms drug discovery, combining computational power, data insights, and agile experimentation to meet critical unmet needs in RDs, shaping the field’s future and addressing ongoing research challenges (Table 7).
■ CHALLENGES
AI, particularly ML and DL, has transformative potential in drug discovery, notably in accelerating the identification of new therapeutic compounds. However, to fully realize this potential, challenges, such as data scarcity, quality control, complex biological mechanisms, model interpretability, overfitting, and robust generalization, must be addressed.
Data scarcity is a significant hurdle for applying AI to RDs, as these conditions affect a small population, limiting the use of high-quality patient data for training models. This scarcity can lead to poorly trained models that struggle to generalize effectively. AI algorithms, especially DL models, rely on large data sets for effective pattern recognition and prediction. However, the limited availability of data due to fewer clinical trials and published studies poses a challenge for RDs. Additionally, the conditional nature of data in drug development complicates reuse; for example, a specific protein’s presence may indicate medication efficacy only for certain breast cancer types. Innovative approaches are emerging to mitigate data scarcity. Synthetic data generation using GANs can create biological data sets that mimic real data, providing additional training examples. Domain adaptation via TL allows models trained on common diseases to be fine-tuned with RD data. Few-shot learning techniques enable models to learn from limited examples, enhancing their applicability to RDs. Integrative data analysis combines multiomics data (genomic, transcriptomic, proteomic, metabolomic), enriching data sets to better capture disease complexity. Cross-disease analysis integrates data from multiple RDs with similar mechanisms, while crowd-sourced data collection through patient registries, biobanks, and citizen science platforms accumulates real-world data. Federated learning supports collaborative data sharing, enabling AI models to train on decentralized data sets while preserving privacy. Knowledge graphs, ontologies, and GNNs facilitate the semantic integration of sparse data, revealing hidden relationships among genes, proteins, and diseases. Active learning methods focus on acquiring data where model predictions are uncertain and ensuring the most informative points are prioritized. Collaborative research networks among academia, industry, and patient advocacy groups promote data sharing and codevelopment of AI models, expanding available data sets for RDs. The implementation of AI in RD drug discovery faces further significant quality control challenges that impact its reliability and effectiveness. One primary obstacle is the scarcity of patient data, as RDs are inherently rare, and data are often fragmented across different institutions and regions. This fragmentation limits the development of robust AI models, increasing the risk of bias. Moreover, the data used in RD research are highly heterogeneous, comprising diverse sources, such as electronic health records, genetic sequencing data, imaging, and patient-reported outcomes. Variations in data formats, annotations, and collection protocols across these sources can lead to inconsistencies and reduce the overall quality of the data. These challenges are compounded by issues like noise, incompleteness, and errors in data sets, which further undermine the reliability of AI models. The lack of standardization in data formats and protocols across institutions complicates model training and hampers generalization, leading to biased outcomes that are not universally applicable or equitable, especially when data sets underrepresent certain populations. Another critical challenge is model validation and reproducibility. Many AI models are trained using small or nonrepresentative samples, which makes it challenging to ensure their accuracy and reliability in clinical settings. These issues highlight the need for robust quality control measures to address data scarcity, heterogeneity, and biases, thereby enhancing the effectiveness and equity of AI applications in RD drug discovery.
Addressing the quality control challenges in RD research requires a mix of current and future strategies aimed at improving data quality, fostering collaboration, and ensuring transparency and regulatory compliance. Collaborative datasharing initiatives, such as biobanks and consortia, help pool RD data across institutions, creating larger, more representative data sets that address data scarcity. Advanced data preprocessing techniques, like normalization and imputation, standardize and improve data quality, while federated learning frameworks enable institutions to collaboratively train AI models on distributed data sets without compromising data privacy. Quality assurance pipelines, incorporating both manual and automated validation, ensure data accuracy and consistency, reducing biases and errors. Transparent AI development and deployment processes, supported by robust data governance, build trust and facilitate regulatory compliance, while early collaboration with regulatory bodies ensures adherence to ethical and legal standards.
Regulatory hurdles add another layer of complexity as current frameworks are often ill-suited for the unique challenges posed by AI, such as explainability and validation. Ethical concerns about privacy, consent, and equitable use also persist. Currently, developers are engaging with regulatory bodies, adopting explainable AI methodologies, and utilizing multistakeholder partnerships to align with compliance requirements.
The application of AI in drug discovery for RD offers transformative potential but also raises critical ethical challenges that must be addressed to ensure equitable and effective implementation. A major concern is data privacy and security, as AI heavily relies on genomic, clinical, and multiomics data, which are sensitive in nature. Ensuring compliance with regulations such as the general data protection regulation (GDPR) and health insurance portability and accountability act (HIPAA) is essential but challenging due to inconsistencies across jurisdictions. Privacy-preserving techniques, such as federated learning and differential privacy, can mitigate these risks by enabling decentralized data analysis without direct sharing and anonymizing data sets with statistical noise, fostering secure collaboration. Another pressing issue is algorithmic bias, which arises from imbalanced data sets that may not adequately represent diverse populations, a significant risk in RD research given the rarity and global variability of these conditions. Underrepresentation of certain genetic or demographic groups in data sets can result in biased predictions, leading to inequitable treatment outcomes. To address this, researchers must emphasize data set diversification, utilize bias detection frameworks, and ensure transparency in AI model development and training methodologies. Equitable access to AI-driven solutions is another critical challenge as high implementation costs, limited computational resources, and uneven global access to technology can exacerbate healthcare disparities, leaving underprivileged regions at a disadvantage. Collaborative efforts involving governments, nonprofits, and private sectors are essential to bridge these gaps through open-access initiatives, shared infrastructure, and targeted funding for resourceconstrained regions. Addressing these ethical challenges requires more than regulatory compliance; it is about fostering trust among patients, researchers, and policymakers, ensuring inclusivity, and enhancing the societal impact of AI innovations. By tackling data privacy concerns, mitigating algorithmic bias, and promoting equitable access, the research community can create a robust and ethical framework that ensures that AI-driven advancements in RD drug discovery are beneficial and accessible to all, setting a precedent for ethical AI implementation across healthcare domains. Looking forward, the development of global RD data registries and centralized platforms will facilitate the aggregation of standardized, high-quality data sets, while synthetic data generation techniques, such as GANs, can create artificial data sets to address gaps and biases. Dynamic quality monitoring systems and advanced quality metrics will enable continuous assessment and improvement of data set reliability, and collaborative standardization efforts across institutions will enhance interoperability and the robustness of AI models. By integrating these strategies, we can mitigate these challenges of data scarcity, heterogeneity, and bias, driving more accurate, reliable, and equitable AI applications in RD research.
Beyond data scarcity, the biological mechanisms of RDs are complex and poorly understood with diverse genetic mutations resulting in varied manifestations. This complexity complicates the identification of therapeutic targets using AI, which often requires detailed biological data that are frequently unavailable. Integrative data analysis can help by combining multiple sources to capture comprehensive disease patterns.
Another significant challenge is the interpretability of AI models, especially DL architectures, which are often seen as “black boxes”. For AI to be trusted in scientific and medical communities, it must provide interpretable results, particularly in RDs, where understanding how AI predictions are generated is critical for validation and integration into existing knowledge. Model distillation improves interpretability by transferring knowledge from a complex “teacher” model to a simpler “student” model. The teacher model, typically a deep neural network, is accurate but lacks transparency. The student model, which could be a decision tree or linear model, replicates the teacher’s predictions while providing clearer insights. This approach retains predictive power while enhancing interpretability, reducing complexity and inference time, and sometimes generating human-readable code. Ongoing research aims to develop reliable distillation techniques that maintain robustness despite data variability and provide valid rationales for predictions.96,97 Attention mechanisms are another valuable tool for improving interpretability. These mechanisms allow AI models to focus selectively on the most relevant parts of input data, akin to how humans allocate attention when processing information. By assigning different weights to various input elements, attention mechanisms highlight the data that are most important to the model’s predictions. For example, in drug discovery, attention could be used to prioritize certain molecular structures or genetic markers when predicting therapeutic targets. Despite the effectiveness of attention mechanisms, they can sometimes produce misleading outputs, so innovations like the ConceptTransformer architecture98 aim to improve alignment with high-level concepts for more accurate model explanations. Despite advancements in model interpretability, computational challenges persist. Models such as BERT and GPT, despite their performance, are resource-intensive, posing barriers for smaller research institutions. Efficient data sharing and collaborative research are vital to overcoming these challenges. Developing scalable frameworks and exploring semisupervised learning are crucial for enhancing data quality and the robustness of attention-based models in drug development. Techniques such as saliency maps, SHAP, LIME, and GNNs further improve AI transparency, making predictions more understandable and reliable for drug discovery applica-
tions.57,99−101
Overfitting poses a significant challenge in AI-driven drug discovery for RDs due to the inherently scarce and heterogeneous data. It occurs when a model becomes overly specialized to its training data, capturing noise and outliers, which results in poor performance on new data. This is particularly problematic for RDs, where training data sets are often small and unrepresentative. To address overfitting, various strategies can be employed. Cross-validation techniques, such as k-fold and leave-one-out, evaluate the model performance across data subsets, enhancing robustness. Regularization methods such as L1 (LASSO) and L2
(Ridge) introduce penalties to limit model complexity, while the Elastic Net combines both for a more flexible approach. In the DL, dropout randomly omits neurons during training, promoting generalized feature learning. Early stopping halts training when validation performance deteriorates, preventing overfitting. Data augmentation increases training data diversity through techniques such as rotating or flipping molecular structures. Pruning removes less significant neurons in neural networks to reduce the complexity. Ensemble methods, including bagging, boosting, and stacking, combine multiple models to enhance generalization. Bayesian approaches favor simpler models that fit the data without excessive complexity, while TL utilizes pretrained models for fine-tuning with limited RD data. Dimensionality reduction techniques, such as principal component analysis (PCA) or t-distributed stochastic neighbor embedding (t-SNE), simplify the feature space, focusing on the most relevant components. Regularized complexity control limits decision tree depth and selects appropriate kernels in SVMs, while robust feature selection methods ensure emphasis on informative features. Increasing the data size through additional collection or federated learning improves model generalization. Independent validation checks for overfitting by testing on external data sets, ensuring real-world applicability. Generating synthetic data that mimics real drug discovery data sets provides additional training examples. Integrating these strategies enables the development of AI models with improved generalization for more reliable drug discovery outcomes. Generalization, or the ability of AI models to apply knowledge to unseen data, is another challenge in RD drug discovery. Models trained on limited, heterogeneous RD data may excel on training data sets but fail to generalize, undermining their utility. The unique variability of RDs complicates the generalization across diverse patient populations and disease manifestations. Techniques such as active learning and cross-disease analysis address this by focusing on acquiring informative data points and integrating data from related diseases. Overcoming these challenges requires innovative approaches and collaboration. Encouraging data sharing among institutions and promoting interdisciplinary collaboration among AI experts, biologists, geneticists, and clinicians can strengthen models. Federated learning and collaborative networks involving academia, industry, and patient advocacy will enhance data availability while maintaining privacy, which is critical for advancing AI in RD research and accelerating new treatments.
CONCLUSION, FUTURE DIRECTIONS, AND OPPORTUNITIES■

The integration of artificial intelligence (AI) into rare disease (RD) drug discovery represents a major paradigm shift in overcoming the long-standing challenges associated with therapeutic development. With more than 7,000 identified rare diseases collectively affecting nearly 300 million people worldwide, the limitations of traditional drug discovery approaches—characterized by prolonged timelines, high costs, and failure rates approaching 90%—have become increasingly evident. These limitations make conventional methods insufficient to address the urgent and unmet medical needs of rare disease patients. In this context, AI has emerged as a powerful and transformative tool capable of accelerating and optimizing various stages of the drug discovery pipeline.
AI-driven approaches have demonstrated significant potential in improving data analysis, predictive modeling, and the identification of novel therapeutic candidates. One of the most promising applications of AI in this domain is drug repurposing, which enables the identification of new therapeutic uses for existing drugs. By leveraging large-scale biomedical and clinical datasets, AI can uncover previously unrecognized drug–disease relationships, thereby significantly reducing development time, cost, and risk. In addition, AI facilitates de novo drug design, enabling the generation of novel molecules specifically tailored to target unique disease mechanisms. This is particularly important for rare diseases, where conventional drug discovery efforts are often limited by a lack of prior research and well-defined targets.
Furthermore, AI plays a critical role in integrating and analyzing complex, high-dimensional datasets, including genomic, proteomic, metabolomic, and clinical data. This capability allows for improved biomarker discovery, enhanced understanding of disease mechanisms, and more precise identification of drug targets. AI models can also incorporate genotype–phenotype relationships and patient-specific data, enabling the development of personalized medicine approaches that improve therapeutic efficacy while minimizing adverse effects.
Despite these promising advancements, several challenges remain. The rarity and heterogeneity of rare diseases often result in limited, fragmented, and imbalanced datasets, which can hinder the development of robust and generalizable AI models. Additionally, the successful implementation of AI-driven drug discovery requires access to high-quality data, advanced computational infrastructure, and interdisciplinary expertise. Regulatory frameworks must also evolve to address the unique challenges associated with AI-based methodologies, ensuring transparency, reproducibility, safety, and efficacy while facilitating faster approval processes.
Looking toward the future, the integration of multi-omics data with clinical and phenotypic information is expected to significantly enhance our understanding of rare diseases. AI has the capability to synthesize these diverse datasets, leading to the identification of novel biomarkers and therapeutic targets. The establishment of global research consortia, collaborative platforms, and interoperable patient registries will be essential for enabling large-scale data sharing and collective problem-solving. Open-access databases and standardized data formats will further support the development and validation of advanced AI models.
It is important to emphasize that AI is not a substitute for human expertise but rather a complementary tool that augments the capabilities of researchers and clinicians. By enabling the efficient analysis of vast datasets, extraction of insights from scientific literature, and development of predictive models, AI empowers researchers to explore new therapeutic possibilities and accelerate innovation. Its ability to improve success rates, reduce costs, and shorten development timelines is particularly valuable in the context of rare diseases, where timely intervention can significantly impact patient outcomes.
In conclusion, artificial intelligence holds immense promise in transforming rare disease drug discovery. Through continued advancements in AI technologies, strengthened collaborations among stakeholders, and the development of adaptive regulatory frameworks, it is possible to usher in a new era of precision medicine. Such efforts will not only enhance our understanding of rare diseases but also facilitate the development of targeted, effective, and accessible therapies, ultimately improving the quality of life for millions of patients worldwide.
.■ ACKNOWLEDGMENTS
The authors, Rishabh Kumar and Chanchal Kashyap, express their sincere gratitude to their respected guides, Prof. Rajkumar and Prof. Krishna Anand, for their continuous guidance, valuable suggestions, and constant encouragement throughout the preparation of this manuscript. Their insightful feedback and support have been instrumental in improving the quality and direction of this work.
The authors also extend heartfelt thanks to Maa Shakumbhari University, Saharanpur, Uttar Pradesh, India – 247001, for providing a supportive academic environment and the necessary resources to carry out this study.
Furthermore, the authors acknowledge all researchers and scholars whose published work has significantly contributed to this review. The availability of open-access scientific literature and databases greatly facilitated the successful completion of this research.
.■ RREFERENCES
Sernadela, P.; González-Castro, L.; Carta, C.; Van Der Horst, E.; Lopes, P.; Kaliyaperumal, R.; Thompson, M.; Thompson, R.; QueraltRosinach, N.; Lopez, E. Linked Registries: Connecting Rare Diseases Patient Registries through a Semantic Web Layer. BioMed. Res. Int. 2017, 2017 (1), No. 8327980.
(1) Nguengang Wakap, S.; Lambert, D. M.; Olry, A.; Rodwell, C.; Gueydan, C.; Lanneau, V.; Murphy, D.; Le Cam, Y.; Rath, A.
Estimating Cumulative Point Prevalence of Rare Diseases: Analysis of the Orphanet Database. Eur. J. Hum. Genet. 2020, 28 (2), 165−173.
(2) Stoller, J. K. The Challenge of Rare Diseases. Chest 2018, 153
(6), 1309−1314.
(3) Fernandez-Marmiesse, A.; Gouveia, S.; Couce, M. L. NGS Technologies as a Turning Point in Rare Disease Research, Diagnosis and Treatment. Curr. Med. Chem. 2018, 25 (3), 404−432.
(4) Boycott, K. M.; Hartley, T.; Biesecker, L. G.; Gibbs, R. A.; Innes, A. M.; Riess, O.; Belmont, J.; Dunwoodie, S. L.; Jojic, N.; Lassmann, T.; et al. A Diagnosis for All Rare Genetic Diseases: The Horizon and the next Frontiers. Cell 2019, 177 (1), 32−37.
(5) Lavecchia, A. Machine-Learning Approaches in Drug Discovery: Methods and Applications. Drug Discovery Today 2015, 20 (3), 318− 331.
(6) Lavecchia, A. Deep Learning in Drug Discovery: Opportunities, Challenges and Future Prospects. Drug Discovery Today 2019, 24 (10), 2017−2032.
(7) Lavecchia, A. Navigating the Frontier of Drug-like Chemical Space with Cutting-Edge Generative AI Models. Drug Discovery Today 2024, 29, 104133.
(8) Gangwal, A.; Lavecchia, A. Unleashing the Power of Generative AI in Drug Discovery. Drug Discovery Today 2024, 29 (6), 103992.
(9) Romanelli, V.; Cerchia, C.; Lavecchia, A. Unlocking the Potential of Generative Artificial Intelligence in Drug Discovery. In Applications of Generative AI; Springer, 2024; pp 37−63.
(10) Beck, M. Rare and Ultra Rare Diseases. J. Dev. Drugs 2012, 01
(06), 1000e107 DOI: 10.4172/2329-6631.1000e107.
(11) Turro, E.; Astle, W. J.; Megy, K.; Gräf, S.; Greene, D.; Shamardina, O.; Allen, H. L.; Sanchis-Juan, A.; Frontini, M.; Thys, C.; et al. Whole-Genome Sequencing of Patients with Rare Diseases in a National Health System. Nature 2020, 583 (7814), 96−102.
(12) Semler, O.; Rehberg, M.; Mehdiani, N.; Jackels, M.; HoyerKuhn, H. Current and Emerging Therapeutic Options for the Management of Rare Skeletal Diseases. Pediatr. Drugs 2019, 21, 95− 106.
(13) Shah, S.; Dooms, M. M.; Amaral-Garcia, S.; Igoillo-Esteve, M. Current Drug Repurposing Strategies for Rare Neurodegenerative Disorders. Front. Pharmacol. 2021, 12, No. 768023.
(14) Huang, G. Current Situation and Future of Gene Therapy for Rare Diseases. Theor. Nat. Sci. 2023, 21, 284−290.
(15) Sun, W.; Zheng, W.; Simeonov, A. Drug Discovery and Development for Rare Genetic Disorders. Am. J. Med. Genet. A 2017, 173 (9), 2307−2322.
(16) Boycott, K. M.; Lau, L. P.; Cutillo, C. M.; Austin, C. P. International Collaborative Actions and Transparency to Understand, Diagnose, and Develop Therapies for Rare Diseases. EMBO Mol. Med. 2019, 11 (5), No. e10486.
(17) Li, T.; Shetty, S.; Kamath, A.; Jaiswal, A.; Jiang, X.; Ding, Y.; Kim, Y. CancerGPT for Few Shot Drug Pair Synergy Prediction Using Large Pretrained Language Models. Npj Digit. Med. 2024, 7 (1), 40.
(18) Tabor, H. K.; Goldenberg, A. What Precision Medicine Can Learn from Rare Genetic Disease Research and Translation. AMA J. Ethics 2018, 20 (9), 834−840.
(19) Walters, W. P.; Barzilay, R. Critical Assessment of AI in Drug Discovery. Expert Opin. Drug Discovery 2021, 16 (9), 937−947.
(20) Visibelli, A.; Roncaglia, B.; Spiga, O.; Santucci, A. The Impact of Artificial Intelligence in the Odyssey of Rare Diseases. Biomedicines 2023, 11 (3), 887.
(21) Alves, V. M.; Korn, D.; Pervitsky, V.; Thieme, A.; Capuzzi, S. J.; Baker, N.; Chirkova, R.; Ekins, S.; Muratov, E. N.; Hickey, A.; et al. Knowledge-Based Approaches to Drug Discovery for Rare Diseases. Drug Discovery Today 2022, 27 (2), 490−502.
(22) Vora, L. K.; Gholap, A. D.; Jetha, K.; Thakur, R. R. S.; Solanki, H. K.; Chavda, V. P. Artificial Intelligence in Pharmaceutical Technology and Drug Delivery Design. Pharmaceutics 2023, 15 (7), 1916.
(23) Jiménez-Luna, J.; Grisoni, F.; Weskamp, N.; Schneider, G. Artificial Intelligence in Drug Discovery: Recent Advances and Future Perspectives. Expert Opin. Drug Discovery 2021, 16 (9), 949−959.
(24) Yang, X.; Wang, Y.; Byrne, R.; Schneider, G.; Yang, S. Concepts of Artificial Intelligence for Computer-Assisted Drug Discovery. Chem. Rev. 2019, 119 (18), 10520−10594.
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(80) Singh, A.; Shannon, C. P.; Gautier, B.; Rohart, F.; Vacher, M.; Tebbutt, S. J.; Lê Cao, K.-A. DIABLO: An Integrative Approach for Identifying Key Molecular Drivers from Multi-Omics Assays. Bioinformatics 2019, 35 (17), 3055−3062.
(81) Arora, P.; Behera, M.; Saraf, S. A.; Shukla, R. Leveraging Artificial Intelligence for Synergies in Drug Discovery: From Computers to Clinics. Curr. Pharm. Des. 2024, 30, 2187.
(82) Liu, J.; Du, H.; Huang, L.; Xie, W.; Liu, K.; Zhang, X.; Chen, S.; Zhang, Y.; Li, D.; Pan, H. AI-Powered Microfluidics: Shaping the Future of Phenotypic Drug Discovery. ACS Appl. Mater. Interfaces 2024, 16 (30), 38832−38851.
(83) Pantuck, A. J.; Lee, D.-K.; Kee, T.; Wang, P.; Lakhotia, S.; Silverman, M. H.; Mathis, C.; Drakaki, A.; Belldegrun, A. S.; Ho, C.M.; Ho, D. Modulating BET Bromodomain Inhibitor ZEN-3694 and Enzalutamide Combination Dosing in a Metastatic Prostate Cancer Patient Using CURATE.AI, an Artificial Intelligence Platform. Adv. Ther. 2018, 1 (6), No. 1800104.
(84) MacDonald, T. M.; Williams, B.; Webb, D. J.; Morant, S.;
Caulfield, M.; Cruickshank, J. K.; Ford, I.; Sever, P.; Mackenzie, I. S.; Padmanabhan, S.; McCann, G. P.; Salsbury, J.; McInnes, G.; Brown, M. J.; for The British Hypertension Society Programme of Prevention And Treatment of Hypertension With Algorithm-based Therapy (PATHWAY). Combination Therapy Is Superior to Sequential
Monotherapy for the Initial Treatment of Hypertension: A DoubleBlind Randomized Controlled Trial. J. Am. Heart Assoc. 2017, 6 (11), No. e006986.
(85) Tang, Z.; Liu, X.; Li, Z.; Zhang, T.; Yang, B.; Su, J.; Song, Q. SpaRx: Elucidate Single-Cell Spatial Heterogeneity of Drug Responses for Personalized Treatment. Brief. Bioinform. 2023, 24 (6), No. bbad338.
(86) Liu, X.; Wang, Q.; Zhou, M.; Wang, Y.; Wang, X.; Zhou, X.; Song, Q. DrugFormer: Graph-Enhanced Language Model to Predict Drug Sensitivity. Adv. Sci. 2024, 11 (40), No. 2405861.
(87) Kureshi, N.; Abidi, S. S. R.; Blouin, C. A Predictive Model for Personalized Therapeutic Interventions in Non-Small Cell Lung Cancer. IEEE J. Biomed. Health Inform. 2016, 20 (1), 424−431.
(88) Huang, C.; Clayton, E. A.; Matyunina, L. V.; McDonald, L. D.; Benigno, B. B.; Vannberg, F.; McDonald, J. F. Machine Learning Predicts Individual Cancer Patient Responses to Therapeutic Drugs with High Accuracy. Sci. Rep. 2018, 8 (1), No. 16444.
(89) Mattick, J. S.; Dziadek, M. A.; Terrill, B. N.; Kaplan, W.; Spigelman, A. D.; Bowling, F. G.; Dinger, M. E. The Impact of Genomics on the Future of Medicine and Health. Med. J. Aust. 2014, 201 (1), 17−20.
(90) KP Jayatunga, M.; Ayers, M.; Bruens, L.; Jayanth, D.; Meier, C. How Successful Are AI-Discovered Drugs in Clinical Trials? A First Analysis and Emerging Lessons. Drug Discovery Today 2024, 29 (6), No. 104009.
(91) Arnold, C. Inside the Nascent Industry of AI-Designed Drugs. Nat. Med. 2023, 29 (6), 1292−1295.
(92) Jayatunga, M. K. P.; Xie, W.; Ruder, L.; Schulze, U.; Meier, C. AI in Small-Molecule Drug Discovery: A Coming Wave? Nat. Rev. Drug Discovery 2022, 21 (3), 175−176.
(93) Ren, F.; Ding, X.; Zheng, M.; Korzinkin, M.; Cai, X.; Zhu, W.; Mantsyzov, A.; Aliper, A.; Aladinskiy, V.; Cao, Z. AlphaFold Accelerates Artificial Intelligence Powered Drug Discovery: Efficient Discovery of a Novel CDK20 Small Molecule Inhibitor. Chem. Sci. 2023, 14 (6), 1443−1452.
(94) Rossi Sebastiano, M.; Ermondi, G.; Hadano, S.; Caron, G. AIBased Protein Structure Databases Have the Potential to Accelerate Rare Diseases Research: AlphaFoldDB and the Case of IAHSP/Alsin. Drug Discovery Today 2022, 27 (6), 1652−1660.
(95) Mock, M.; Edavettal, S.; Langmead, C.; Russell, A. AI Can Help to Speed up Drug Discoverybut Only If We Give It the Right Data. Nature 2023, 621 (7979), 467−470.
(96) Zhou,	Y.;	Xu,	P.;	Hooker,	G.	A	Generic	Approach	for
Reproducible Model Distillation. Mach. Learn. 2024, 113, 7645.
(97) Ravina, W.; Sterling, E.; Oryeshko, O.; Bell, N.; Zhuang, H.; Wang, X.; Wu, Y.; Grushetsky, A. Distilling Interpretable Models into Human-Readable Code. ArXiv 2021, 2101.08393.
(98) Rigotti, M.; Miksovic, C.; Giurgiu, I.; Gschwind, T.; Scotton, P. Attention-Based Interpretability with Concept Transformers. In International conference on learning representations; 2021.
(99) Karpov, P.; Godin, G.; Tetko, I. V. Transformer-CNN: Swiss Knife for QSAR Modeling and Interpretation. J. Cheminformatics 2020, 12, 17.
(100) Proietti, M.; Ragno, A.; Rosa, B. L.; Ragno, R.; Capobianco, R. Explainable AI in Drug Discovery: Self-Interpretable Graph Neural Network for Molecular Property Prediction Using Concept Whitening. Mach. Learn. 2024, 113 (4), 2013−2044.
(101) Jiménez-Luna, J.; Grisoni, F.; Schneider, G. Drug Discovery with Explainable Artificial Intelligence. Nat. Mach. Intell. 2020, 2 (10), 573−584.
(102) Sernadela, P.; González-Castro, L.; Carta, C.; Van Der Horst, E.;
(103) 
(104) Lopes, P.; Kaliyaperumal, R.; Thompson, M.; Thompson, R.; Queralt-Rosinach, N.; Lopez, E. Linked Registries: Connecting Rare Diseases Patient Registries through a Semantic Web Layer. BioMed. Res. Int.2017, 2017 (1), No. 8327980.
(105) van Karnebeek CDM, O’Donnell-Luria A, Baynam G, Baudot A, Groza T, Jans JJM, Lassmann T, Letinturier MCV, Montgomery SB, Robinson PN, et al. Leaving no patient behind! Expert recommendation in the use of innovative technologies for diagnosing rare diseases. Orphanet J Rare Dis. 2024;19:357.
	2216	https://doi.org/10.1021/acs.jcim.4c01966
J. Chem. Inf. Model. 2025, 65, 2214−2231
	2216	https://doi.org/10.1021/acs.jcim.4c01966
J. Chem. Inf. Model. 2025, 65, 2214−2231

image1.jpg
P

Novelty [

Toxicity
Druggability O"' ‘ @
Disease 1

causality

Text and Omics Develo
pment al
Data status Il_

)

2

Target
Identification





