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ABSTRACT

Introduction: advances in the field of Artificial Intelligence (AI) and Machine Learning (ML) have considerable 
potential to improve the diagnosis and management of rare genetic diseases, due to the human inability to 
memorize information on a multitude of these diseases, which AI tools could store, analyze and integrate. 
Objective: to develop and validate a new AI tool for the clinical diagnosis of genetic diseases. 
Method: a prospective, cross-sectional, analytical, observational study was conducted at the application 
level, with a qualitative-quantitative approach and contributing to a technological development project. It 
was characterized by four stages: selection of the AI   tool, selection of the knowledge base, development of 
the virtual assistant, validation process and implementation in the clinic. 
Results: a total of 246 patients with genetic diseases and congenital defects were evaluated. The most 
predominant genetic category was monogenic genetic syndromes with 223 patients who attended the consultation 
(90,7 %). A success rate of 84,1 % was obtained and a success/no success ratio of 4,34. The highest percentage of 
successes was achieved in monogenic or Mendelian syndromes. There were no significant differences between 
successes and failures in both chromosomal aberrations and congenital defects of environmental etiology.
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Conclusions: through this research, an AI virtual assistant has been validated for the clinical diagnosis of 
genetic diseases with a high percentage of effectiveness of 84 %, which confirms its usefulness to support the 
clinical diagnosis of cases with genetic diseases.

Keywords: Artificial Intelligence; Virtual Assistant; Rare Diseases; Genetic Diseases; Diagnosis.

RESUMEN

Introducción: los avances en el campo de la Inteligencia Artificial (IA) y el Aprendizaje Automático (AA) 
tienen un potencial considerable para mejorar el diagnóstico y la gestión de enfermedades genéticas raras, 
debido a la incapacidad humana de memorizar información de la multitud de estas, que las herramientas de 
IA podrían almacenar, analizar e integrar. 
Objetivo: desarrollar y validar una nueva herramienta de IA para el diagnóstico clínico de enfermedades 
genéticas. 
Método: se realizó una investigación observacional analítica transversal y prospectiva, del nivel aplicativo, 
con un enfoque cuali-cuantitativo y que tributó a un proyecto de desarrollo tecnológico. Se caracterizó por 
cuatro etapas: selección de la herramienta de IA, selección de la base del conocimiento, desarrollo del 
asistente virtual, proceso de validación e implementación en la clínica. 
Resultados: se evaluaron un total de 246 pacientes con enfermedades genéticas y defectos congénitos. La 
categoría genética que más predominó fueron los síndromes genéticos monogénicos con 223 pacientes que 
asistieron a consulta (90,7 %). Se obtuvo un 84,1 % de aciertos y un índice de aciertos/no aciertos de 4,34. 
El mayor porcentaje de aciertos se alcanzó en los síndromes monogénicos o mendelianos. No existieron 
diferencias significativas entre los aciertos y no aciertos tanto en las aberraciones cromosómicas como en los 
defectos congénitos de etiología ambiental. 
Conclusiones: a través de la presente investigación se ha validado un asistente virtual de IA para el diagnóstico 
clínico de enfermedades genéticas con un porcentaje elevado de efectividad de un 84 %, lo que confirma su 
utilidad para apoyar el diagnóstico clínico de casos con enfermedades genéticas.

Palabras clave: Inteligencia Artificial; Asistente Virtual; Enfermedades Raras; Enfermedades Genéticas; 
Diagnóstico.

INTRODUCTION
Medical care has advanced with rapidly developing technologies known as artificial intelligence (AI) and 

machine learning (ML). AI is the ability of machines to perform operations that usually require human intelligence, 
such as learning, problem-solving, and decision-making. At the same time, ML, as a subset of AI, is the ability of 
machines to learn from experience and improve their performance without being explicitly programmed. Both 
tools can help doctors optimize and speed up the time for disease diagnosis, treatment, and management.(1)

In recent years, these systems have been helpful for the early, rapid, and efficient diagnosis, management, 
and treatment of rare genetic diseases (RGD) by compiling information networks and registries to diagnose new 
cases.(1,2)

More than 7 000 rare diseases have been described, with a prevalence ranging from less than 1 in a million to 
more than 1 in 10 000.(3)

In total, it is estimated that between 263 and 446 million people suffer from rare diseases all over the planet, 
affecting an estimated 8 to 10 % of the world’s population, and all of them face numerous challenges such as 
late or erroneous diagnosis, no response to therapies, worsening symptoms and the appearance of complications. 
About diagnosis, the overlapping of clinical characteristics and the lack of molecular data further complicate this 
process.(3,4)

Despite these obstacles, impressive technological developments, such as advanced sequencing techniques, 
next-generation sequencing, and “omics” technologies, have substantially improved diagnostic capacity. However, 
this has been accompanied by a significant increase in the volume of data (big data), which is impossible for 
humans to handle and requires selection, analysis, and integration processes. Suppose we add to this evidence 
the increase in genetic syndromes, which are impossible to memorize. In that case, it becomes clear how  AI, 
particularly ML, emerges as a powerful tool to address these challenges.(3,4,5)

ChatGPT and the GPT Projects, based on AI, are presented as innovative solutions with the potential to 
revolutionize the practice of clinical genetics worldwide. These tools, which take advantage of natural language 
processing and ML, offer doctors the ability to analyze genetic syndromes and other clinical alterations more 
efficiently, generate clear and accessible summaries of complex information, and obtain support in interpreting 
genetic variants, among other applications.(6,7)
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Current uses of AI in medical and clinical genetics include the clinical and molecular diagnosis of genetic 
syndromes, in this case, identifying phenotypes associated with rare genetic syndromes using facial recognition 
algorithms and clinical analysis. In interpreting genomic variants, classification algorithms are used to determine 
the clinical relevance of genetic variants through complementary databases such as ClinVar and Human Gene 
Mutation Database (HGMD). In the prediction of genetic risks, polygenic risk models for diabetes, cancer, and 
cardiovascular diseases have been created. In the identification of structural variants through the detection of 
deletions, duplications, and inversions in genomic sequencing, among other applications.(8,9)

Even though medical thinking and ethical-professional responsibility are considered fundamental elements 
in diagnosing genetic diseases and congenital disabilities, they must be accompanied by AI for time optimization 
and self-learning. Although tools exist to make this process viable, they are still insufficient. They must be 
adjusted to the specific objectives pursued in each country’s clinical diagnosis of genetic diseases. The scientific 
problem is: how can an AI tool be developed for the clinical diagnosis of genetic diseases? 

This article aims to develop and validate a new AI tool for the clinical diagnosis of genetic diseases.

METHOD
Type of study

A cross-sectional, prospective, observational and analytical study was carried out at the application level, 
with a qualitative-quantitative approach, which contributed to a technological development project. 

Stages of the investigation 
Figure 1 shows the stages of the research process. First, the AI platforms for developing the virtual assistant 

were selected. In the second stage, 55 clinical geneticists were selected to choose the key scientific literature 
based on the functionality of the virtual assistant and that they were experts in the validation process. In the 
third stage, the virtual assistant was developed. In the fourth stage, the assistant was validated. Finally, it was 
implemented in clinical practice to support clinical diagnosis.

Figure 1. Flowchart of the research

Stage 1: Selection of the AI tool
The virtual assistant was developed using the Taskade platform, an AI-based tool with GPT-4 technology, 

which enables project management, task integration, note-taking, and real-time communication. Its intuitive 
interface facilitated the coordination of multidisciplinary teams, the automation of workflows, and the 
optimization of collaboration, enabling the efficient integration of bibliographic resources and clinical data.(10,11)

Stage 2: Selection of the scientific literature
To strengthen the assistant’s capacity for interpreting genetic variants and recognizing rare syndromes, 

specialized databases such as OMIM(12), ClinVar(13) and GeneReviews(14) were integrated, thus guaranteeing access 
to updated and validated information.

The resources that make up the assistant’s knowledge base are listed below.
•	 The Bedside Dysmorphologist: classic clinical signs in Human Malformation Syndromes and Their 

Diagnostic Significance. 
•	 The Encyclopedia of Genetic Disorders and Birth Defects. James Wynbrandt y Mark D. Ludman. 
•	 Smith’s Recognizable Patterns of Human Malformation 
•	 Inborn Metabolic Diseases: diagnosis and treatment. 
•	 Inherited Metabolic Diseases: a clinical approach. 
•	 Inborn Errors of Metabolism: from neonatal screening to treatment. 
•	 Gale Encyclopedia of Genetic Disorders.
•	 Atlas of Genetic Diagnosis and Counseling. 
•	 Genética Pediátrica (Scanned Resource)
•	 Gale Encyclopedia of Genetic Disorders. 
•	 Atlas of Genetic Diagnosis and Counseling. 
•	 GeneReviews. 
•	 Genetics Home Reference (MedlinePlus Genetics). 
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•	 PubMed. 
•	 HGNC (HUGO Gene Nomenclature Committee). 
•	 ClinVar. 
•	 Orphanet. 
•	 GARD (Genetic and Rare Diseases Information Center). 
•	 Decipher. 
•	 Human Phenotype Ontology (HPO). +

Stage 3: Development of the virtual assistant
To evaluate the accuracy of the assistant, its responses were compared with clinical descriptions documented 

in the Atlas of Genetic Diagnosis and Counseling(15) and the Gale Encyclopedia of Genetic Disorders.(16) The 
relevance algorithms were adjusted based on epidemiological criteria and expert consensus. In addition, 
to guarantee an ethical and humanized approach to emotional counseling, protocols from Genetics Home 
Reference(17) and the World Health Organization (WHO) guidelines were implemented.(18)

In the implementation phase, advanced Natural Language Processing (NLP) tools were incorporated 
to interpret complex queries, supported by algorithms from specialized databases such as Decipher(19) and 
Orphanet.(20)

Stage 4: Validation process 
For the validation process of the assistant, a quantitative and a qualitative component were considered. 

Both involved 55 international geneticists who identified essential needs in genetic counseling through focus 
groups and expert panels. Among the key aspects, the standardization of phenotypic terms using the Human 
Phenotype Ontology (HPO)(21) stood out, as well as the correlation of genetic data with clinical manifestations 
described in prestigious references such as The Bedside Dysmorphologist(22) and Smith’s Recognizable Patterns 
of Human Malformation.(23)

The application was used in postnatal clinical genetics consultations, prenatal genetics consultations, and 
the educational teaching process with doctors studying the specialty.

The classification of genetic diseases took into account three categories: monogenic syndromes, chromosomal 
aberrations, and multifactorial disorders. Additionally, congenital disabilities induced by teratogenic factors of 
an environmental nature were included.

In the validation process, it was allowed to have a retrospective and a prospective sense. In the retrospective 
sense, the medical records of patients seen were reviewed, with or without a diagnosis, and in the prospective 
sense, the new cases that attended the consultation were reviewed, with or without a diagnostic impression.

For quantitative validation, each specialist was given a form to fill in with the data provided and follow the 
instructions for completion.

For qualitative validation, each evaluator was asked for their opinion on functionality, ease of use, speed, 
accuracy, and collaboration.

Operationalization and definition of variables 
A total success was considered to be when the assistant reported the diagnosis among the first five answers.
A partial success was considered to be when the syndromic diagnosis was found from the sixth option 

onwards.
A failure was considered to be when the assistant did not offer the correct diagnosis from any of the options 

offered.
For qualitative validation, the following variable definitions were taken into account:

•	 Functionality: capacity to perform tasks related to genetic testing. 
•	 Ease of use: intuition and learning curve. 
•	 Speed: time needed to complete tasks. 
•	 Accuracy: level of detail and reliability of results. 
•	 Collaboration: possibility of sharing results with other users.

Information processing techniques
Once the specialists had sent their tables, a database was created in Excel and exported to version 29 of 

the Statistical Package for the Social Sciences (SPSS) in order to create the corresponding tables related to the 
validation process.

Statistical methods
Descriptive statistics (absolute frequency and percentage) were applied to ordinal qualitative variables 

(such as the level of accuracy) and nominal variables (such as the classification of genetic disease, the name 
of the disease, and the expert).

Data and Metadata. 2025; 4:857  4 

https://doi.org/10.56294/dm2025857


The index of correct/incorrect answers was obtained, considering partial accuracy in the first category. A 
series of hypotheses of difference of proportions for mutually exclusive samples from a group was carried out to 
demonstrate significant differences in the percentage of correct answers for each category of genetic disease, 
as well as a Fisher’s exact test to determine a possible relationship between the category of genetic disease and 
the percentage of correct or incorrect answers. For this, a level of statistical significance of α=0,05 was taken 
into account. The Odds Ratio (OR) was estimated as a measure of the magnitude of the association, as well as 
its 95 % confidence interval (95 % CI).

Information presentation techniques
Frequency distribution tables, tetrachoric tables to relate variables and grouped bar charts were used.

Ethical considerations
The development of the assistant was carried out in strict compliance with international privacy regulations, 

such as the General Data Protection Regulation (GDPR), in addition to considering specific ethical principles in 
genetics.(24) The ethical challenges of artificial intelligence in the medical field were also analyzed, following 
the recommendations of Genetic Editing and Artificial Intelligence: ethical challenges.(25)

The ethical principles of autonomy were taken into account in the case of the experts’ participation, who 
offered their informed consent to participate in the research.

Beneficence and non-maleficence verify in incident and prevalent cases without a diagnosis that the genetic 
diagnosis offered by the assistant is accompanied by an exhaustive professional evaluation using the clinical 
method as the gold standard for issuing the diagnosis.

In the case of prevalent cases with diagnoses issued, the only purpose is to verify the assistant’s level of 
accuracy. Their attending physician handled the patients’ data, whose identities were not revealed.

The model was trained using anonymous case reports and bibliographic records of genetic syndromes, which 
allowed phenotypes to be correlated with diagnoses.

RESULTS 
Of the 55 experts selected to validate the instrument, 12 geneticists (21,81 %) submitted their validation 

reports, evaluating a total of 246 patients with genetic diseases and congenital defects. The most predominant 
genetic category was monogenic genetic syndromes, with 223 patients attending consultations (90,7 %) (table 1).

Table 1. Diseases validated in the assistant according to their classification

Classification of genetic disease Frequency Percentage Valid 
percentage

Cumulative 
percentage

Valid Chromosomal aberration 17 6,9 6,9 6,9

Congenital defect of 
environmental etiology

6 2,4 2,4 9,3

Monogenic disease 223 90,7 90,7 100,0

Total 246 100,0 100,0

Of the genetic diseases analyzed, those that predominated in frequency with 7 (23,8 %) and 4 (1,6 %) cases 
were Sotos syndrome, Turner syndrome, Ehlers Danlos syndrome, Duchenne Muscular Dystrophy and Tuberous 
Sclerosis Complex respectively. The rest of the syndromes were frequently found to be below four. 

An 84,1 % accuracy rate and an accuracy/inaccuracy rate of 4,34 were obtained; that is to say that for every 
four correct diagnoses the assistant missed one genetic diagnosis (table 2). 

Table 2. Overall success rate of the AI virtual assistant for the diagnosis of genetic diseases

Frequency Percentage Valid 
percentage

Cumulative 
percentage

Valid I can’t get it right 39 15,9 15,9 15,9

Partial success 7 2,8 2,8 18,7

Total Success 200 81,3 81,3 100,0

Total 246 100,0 100,0

If we take into account the percentage distribution of correct answers according to the expert, it is clear 
that in all cases the percentage was high (figure 2).
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Figure 2. Percentage distribution of correct and incorrect answers according to the expert

If the diagnostic effectiveness of the assistant is taken into account, according to the category of genetic 
disease, it was evident that the highest percentage of correct diagnoses was achieved in monogenic or Mendelian 
syndromes, and chromosomal aberrations and congenital disabilities achieved the lowest percentages. Of the 
inborn errors of metabolism tested with the assistant, the majority did not reach a correct diagnosis. (Table 3)

There were no significant differences between the correct and incorrect diagnoses for either chromosomal 
aberrations or congenital disabilities of environmental etiology; however, there were significant differences for 
monogenic syndromes and overall, which shows the effectiveness of the assistant in supporting the diagnosis 
of monogenic diseases.

To demonstrate whether the number of correct answers was related to the category of monogenic syndromes, 
table 4 shows a significant p-value from Fisher’s exact test, which means that if the patient presents a monogenic 
syndrome, the assistant is five times more likely to diagnose it when compared to a chromosomal aberration or 
congenital disability of environmental etiology.

Table 3. Effectiveness of the assistant according to the type of genetic disease

Classification of genetic disease
Total success P*

value Total
No Yes

Chromosomal aberration Absolute frequency 8 9 0,40 17

% in total accuracy 17,4 % 4,5 % 6,9 %

Congenital defect of 
environmental etiology

Absolute frequency 3 3 0,13 6

% in total accuracy 6,5 % 1,5 % 2,4 %

Absolute frequency Absolute frequency 35 188 <0,001 223

% in total accuracy 76,1 % 94,0 % 90,7 %

Total Absolute frequency 46 200 <0,001 246

% in total accuracy 100,0 % 100,0 % 100,0 %

Note: *Hypothesis Test of difference of two mutually exclusive proportions of a group

In relation to qualitative validation, in terms of functionality, the experts considered it to be an excellent 
tool for the planning and monitoring of healthcare and teaching activities, real-time collaboration, moderate 
speed, high precision in terms of clinical analysis, and, finally, very intuitive for organizational tasks.

Table 5 shows the effectiveness in the percentage of the application validated in the present investigation 
with others reported in the literature, where differences are evident between them. 
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Table 4. Distribution of the sample according to disease classification and total accuracy. 
Results of Fisher’s Exact Test 

Classification of genetic disease
Total success

Total
No Yes

 Non-monogenic diseases Absolute frequency 11 12 23

% in total accuracy 23,9 % 6,0 % 9,3 %

Monogenic disease Absolute frequency 35 188 223

% in total accuracy 76,1 % 94,0 % 90,7 %

Total Absolute frequency 46 200 246

% in total accuracy 100,0 % 100,0 % 100,0 %

Note: P value of Fisher’s Exact Test: p=0,0008. OR=4,92- 95 % CI (2,01-12,04))

Table 5. Comparison of the effectiveness of the GeneClin virtual assistant for the diagnosis of rare 
diseases with other AI tools described in the literature

Tool Effectiveness (%) Comments

GeneClin 84,1 Useful for relatively frequent monogenic syndromes that are 
not heredometabolic diseases, with room for improvement and 
analysis of genomic molecular results.

DeepVariant 95-97 Very precise in the detection of variants, but depends on the 
quality of the data.

Face2Gene 91-96 Effective for syndromes with distinctive phenotypes.

Phenomizer 85-90 Useful for prioritizing candidate genes, but less effective in 
atypical cases.

CADD 90-92 Good for classifying variants, but less accurate in VUS.

REVEL 93-95 High precision in rare variants and Mendelian diseases.

Raremark 80-85 It reduces diagnosis time, but depends on the availability of data.

UDN 35-50 Effective in complex cases, but still has room for improvement.

DISCUSSION
The overall effectiveness obtained was due to the fact that the system failed to accurately diagnose some 

inborn metabolic errors, chromosomal aberrations, congenital defects of environmental etiology, and rare 
monogenic diseases. Therefore, it is open to improvement in the sense of incorporating specialized scientific 
literature in these categories.

However, it is assumed that because it is indexed to the OMIM, even if the syndrome is novel, it should be 
on the list of genetic syndromes offered by the assistant, as it is a constantly updated database, hence the fact 
that specialists are trained in the definition of mandatory signs or the standardized vocabulary of phenotypic 
anomalies found on the Human Phenotype Ontology site (https://hpo.jax.org/).(21)

This database contains more than 18 000 terms and more than 156 000 annotations on hereditary diseases. 
The HPO, as part of the Monarch Initiative, is a central component of one of the 13 projects driving the strategic 
roadmap of the Global Alliance for Genomics and Health. This database is embedded in the virtual assistant.

In the case of inborn errors of metabolism, it has been shown that AI can analyze metabolic profiles to 
diagnose diseases such as glutaric aciduria type I, a rare condition that affects amino acid metabolism. Still, 
the assistant developed in the present research does not have that algorithm, nor is it its objective.

In this sense, a thorough analysis of the vocabulary used in the different books on hereditary metabolic 
diseases should be carried out to offer a prompt that aims to refine the diagnosis and incorporate reference 
books on inborn errors of metabolism.

When comparing the effectiveness of the GeneClin tool with others described in the literature, the following 
characteristics are described:

DeepVariant is a tool based on deep neural networks that detect genetic variants from sequencing data. 
In terms of its effectiveness, it has demonstrated an accuracy of 99,7 % in the detection of single nucleotide 
variants (SNVs) and 98,3 % in the detection of insertions and deletions (indels) in whole genome sequencing 
(WGS) data. Its effectiveness in identifying pathogenic mutations is around 95-97 % for rare diseases, depending 
on the case’s complexity.(26)

Face2Gene (FDNA) is a platform that uses AI and facial recognition to identify rare genetic diseases based 
on phenotypic characteristics. It showed 91 % accuracy in identifying rare genetic syndromes based on facial 
features. For specific syndromes, such as Cornelia de Lange syndrome, accuracy can reach up to 96 %.(27)
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Phenomizer is a tool that uses AI to analyze clinical phenotypes and suggest genetic diagnoses. It has an 
85-90 % accuracy in prioritizing candidate genes for rare diseases. Its effectiveness can decrease to 70-75 % in 
complex cases, especially when phenotypes are atypical.(28)

CADD (Combined Annotation Dependent Depletion) uses AA to predict the functional impact of genetic 
variants. CADD has an accuracy of 90-92 % in classifying pathogenic versus benign variants. For variants of 
uncertain significance (VUS), its effectiveness is 80-85 %.(29)

REVEL (Rare Exome Variant Ensemble Learner) is an AA algorithm that combines multiple tools to predict 
the pathogenicity of rare variants. It is 93-95 % accurate in identifying pathogenic variants in rare diseases. It 
is particularly effective in classifying variants in genes associated with Mendelian diseases.(30)

Raremark is a platform that uses AI to connect patients with rare diseases and facilitate diagnosis. It has 
helped reduce diagnosis time by 30-40 % for patients with ultra-rare diseases. Its accuracy in identifying 
candidate genes is 80-85 %.(31)

UDN, which stands for Undiagnosed Diseases Network Project, is an initiative in the United States that uses 
AI to analyze genomic and clinical data from patients with undiagnosed diseases. AI has identified mutations 
responsible for rare diseases in several cases, enabling accurate diagnoses. The UDN has diagnosed 35-40 % 
of previously unresolved cases. In some disease subgroups, such as metabolic diseases, the diagnosis rate can 
reach 50 %.(32)

When comparing the tool’s overall effectiveness with others in the literature, it is similar to Phenomizer and 
Raremark, the only two with similar purposes (table 6).

The rest of the applications have higher percentages than GeneClin, such as Face2Gene, CADD and REVEL; 
and higher than UDN, whose purpose is to work with genomic data.

When evaluating the effectiveness of the assistant according to the category of genetic disease, it turned out 
to be higher in monogenic and Mendelian diseases. This is probably due to the fact that the largest percentage 
of the scientific literature that forms part of the assistant’s knowledge base is specialized for this category of 
genetic diseases, with OMIM standing out as a site indexed to the assistant.

Among its advantages, this assistant issues a greater number of diagnostic suggestions than other AIs and 
integrates multiple projects and users. However, it does not allow the generation of clinical data, requires 
manual configurations to structure complex tasks, and depends heavily on the details of the clinical signs 
entered to generate results.

With the tool used in the present research, GeneClin, it has been possible to consult variants of uncertain 
significance in an exome by Next-Generation Sequencing of clinical cases. The assistant carried out the relevant 
analysis, obtaining diagnostic possibilities, which is an advantage for the geneticist.

Finally, ethical dilemmas are highlighted in the management of AI for the purpose of diagnosing genetic 
diseases. Firstly, the accessibility and payment of these diagnostic tools; secondly, the neglect of the clinical 
method and the failure to achieve a critical analysis of what the assistant reports about the patient in terms 
of clinical diagnosis and therapeutic conduct. Last, the inability to consider the molecular results of “omic” 
technologies could clarify the diagnosis in many diseases with variable phenotype expressivity.

Challenges remain to be developed, such as inserting the database of genetic variants and their relationship 
with different diseases to consult molecular results. However, it is issued to prepare educational information 
sheets according to the diagnosis, among other aspects.

It is worth emphasizing that the assistant can never replace the ethical and professional responsibility, 
clinical thinking, and expertise of the specialist in case management. However, the assistant can be considered 
a tool that could assist the work of the clinical geneticist in healthcare, teaching, and academic activities.

It is recommended that the virtual assistant be implemented in teaching and care activities and that books 
dealing with chromosomal aberrations and inborn errors of metabolism be incorporated. The validation process 
should be continued until 3000 cases viewed with the assistant have been completed.

A bright present and future is in the application of AI tools in genetics. Development in this sense is incipient 
and will require drawing up ethical regulations on its use to diagnose genetic diseases.

Research limitations
It is important to consider that most of the experts presented problems of access to the virtual assistant, 

and of connectivity, which interfered with the sending of validation results in 100 % of them.

CONCLUSIONS
Through the present research, a virtual AI assistant has been developed and validated for the clinical 

diagnosis of genetic diseases. It is highly effective, which confirms its usefulness in supporting the clinical 
diagnosis of cases with genetic diseases. 

Effectiveness is increased in Mendelian diseases and not in the rest of the classifications due to the link 
established with the OMIM site and that most of the books inserted correspond to monogenic syndromes.

Data and Metadata. 2025; 4:857  8 

https://doi.org/10.56294/dm2025857


REFERENCES
1. Wojtara M, Rana E, Rahman T, Khanna P, Singh H. Artificial intelligence in rare disease diagnosis and 

treatment. Clin Transl Sci. 2023 Nov;16(11):2106-2111. doi: 10.1111/cts.13619. Epub 2023 Aug 30. PMID: 
37646577; PMCID: PMC10651639.

2. Koul AM, Ahmad F, Bhat A, Aein QU, Ahmad A, Reshi AA, Kaul RU. Unraveling Down Syndrome: From 
Genetic Anomaly to Artificial Intelligence-Enhanced Diagnosis. Biomedicines. 2023 Dec 12;11(12):3284. doi: 
10.3390/biomedicines11123284. PMID: 38137507; PMCID: PMC10741860.

3. James KN, Phadke S, Wong TC, Chowdhury S. Artificial Intelligence in the Genetic Diagnosis of Rare 
Disease. Clin Lab Med. 2023 Mar;43(1):127-143. doi: 10.1016/j.cll.2022.09.023. PMID: 36764805

4. Abdallah S, Sharifa M, I Kh Almadhoun MK, Khawar MM Sr, Shaikh U, Balabel KM, Saleh I, Manzoor A, Mandal 
AK, Ekomwereren O, Khine WM, Oyelaja OT. The Impact of Artificial Intelligence on Optimizing Diagnosis and 
Treatment Plans for Rare Genetic Disorders. Cureus. 2023 Oct 11;15(10):e46860. doi: 10.7759/cureus.46860. 
PMID: 37954711; PMCID: PMC10636514.

5. Kurant DE. Opportunities and Challenges with Artificial Intelligence in Genomics. Clin Lab Med. 2023 
Mar;43(1):87-97. doi: 10.1016/j.cll.2022.09.007. Epub 2022 Dec 13. PMID: 36764810.

6. Feero, W. G., Guttmacher, A. E., & Collins, F. S. (2010). Genomic medicine—An updated primer. New 
England Journal of Medicine, 362(21), 2001-2011. https://doi.org/10.1056/NEJMra0907175

7. Brown, T. B., Mann, B., Ryder, N., Subbiah, M., Kaplan, J., Dhariwal, P., Neelakantan, A., Shyam, P., 
Sastry, G., Askell, A., Agarwal, S., Herbert-Voss, A., Krueger, G., Henighan, T., Child, R., Ramesh, A., Ziegler, 
D. M., Wu, J., Winter, C., ... Amodei, D. (2020). Language models are few-shot learners. Advances in Neural 
Information Processing Systems, 33, 1877–1901

8. Ginsburg, G. S., & Phillips, K. A. (2018). Precision medicine: From science to value. Health Affairs, 37(5), 
694–701. https://doi.org/10.1377/hlthaff.2017.1624

9. Topol, E. J. (2019). High-performance medicine: The convergence of human and artificial intelligence. 
Nature Medicine, 25(1), 44–56. https://doi.org/10.1038/s41591-018-0300-7

10. Taskade [Internet]. Taskade; [actualizado en 2023; citado el 5 de Marzo de 2025]. Disponible en: https://
www.taskade.com

11. Taskade. (s.f.). Taskade: Gestión de proyectos y tareas con IA. https://www.taskade.com

12. OMIM - Online Mendelian Inheritance in Man [Internet]. Baltimore: Johns Hopkins University; [actualizado 
en 2023 Oct 1; citado el 2025 Mar 5]. Disponible en: https://www.omim.org

13. ClinVar [Internet]. Bethesda (MD): National Library of Medicine (US); [actualizado en 2023 Oct 1; citado 
el 2025 Mar 3]. Disponible en: https://www.ncbi.nlm.nih.gov/clinvar/

14. GeneReviews [Internet]. Seattle (WA): University of Washington, Seattle; 1993-2023 [actualizado en 
2023 Oct 1; citado el 2025 Mar 2]. Disponible en: https://www.ncbi.nlm.nih.gov/books/NBK1116/

15. Reardon W, Donnai D. Atlas of Genetic Diagnosis and Counseling [Internet]. 3rd ed. New York: Springer; 
2017 [citado el 2025 Mar 5]. 

16. Lerner KL, Lerner BW, editors. Gale Encyclopedia of Genetic Disorders. 4th ed. Farmington Hills (MI): 
Gale; 2021.

17. Genetics Home Reference [Internet]. Bethesda (MD): National Library of Medicine (US); [actualizado en 
2023 Oct 1; citado el 2025 Mar 5]. Disponible en: https://medlineplus.gov/genetics/

18. Organización Mundial de la Salud (OMS). Ginebra: OMS; 2021 [citado el 2025 Oct 5]. Disponible en: 
https://www.who.int/publications/i/item/9789240018284

https://doi.org/10.56294/dm2025857

 9    Dilú Sorzano S, et al

https://doi.org/10.56294/dm2025857


https://doi.org/10.56294/dm2025857

19. DECIPHER [Internet]. Hinxton (Reino Unido): Wellcome Sanger Institute; (s.f.) [citado el 2025 Mar 5]. 
Base de datos de variantes genómicas. Disponible en: https://decipher.sanger.ac.uk/

20. Orphanet [Internet]. París (Francia): INSERM; (s.f.) [citado el 2025 Mar 25]. Portal de enfermedades 
raras. Disponible en: https://www.orpha.net/

21. Human Phenotype Ontology (HPO) [Internet]. [citado el 2025 Mar 25]. Disponible en: https://hpo.jax.
org/

22. Winter RM. The Bedside Dysmorphologist. 2nd ed. Oxford: Oxford University Press; 2010. 

23. Jones, K. L., Jones, M. C., & Del Campo, M. (2013). Smith’s recognizable patterns of human malformation 
(7ª ed.). Elsevier Inc

24. Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protection 
of natural persons with regard to the processing of personal data and on the free movement of such data, and 
repealing Directive 95/46/EC (General Data Protection Regulation) [Internet]. Official Journal of the European 
Union. 2016 May 4 [cited 2025 Mar 5]; L119:1-88. Available from: https://eur-lex.europa.eu/legal-content/EN/
TXT/?uri=CELEX%3A32016R0679

25. Lander ES, Baylis F, Zhang F, Charpentier E, Berg P, Bourgain C, et al. Adopt a moratorium on heritable 
genome editing. Nature. 2019 Mar;567(7747):165-168. doi: 10.1038/d41586-019-00726-5. PMID: 30867611

26. Poplin, R., et al. (2018). A universal SNP and small-indel variant caller using deep neural networks. 
Nature Biotechnology.

27. Ferry, Q., et al. (2014). Diagnostically relevant facial gestalt information from ordinary photos. eLife.

28. Köhler, S., et al. (2009). Clinical diagnostics in human genetics with semantic similarity searches in 
ontologies. The American Journal of Human Genetics.

29. Rentzsch, P., et al. (2019). CADD: Predicting the deleteriousness of variants throughout the human 
genome. Nucleic Acids Research.

30. Ioannidis, N. M., et al. (2016). REVEL: An ensemble method for predicting the pathogenicity of rare 
missense variants. The American Journal of Human Genetics.

31. Raremark. (2020). Improving rare disease diagnosis through AI-driven patient matching. Raremark White 
Paper.

32. Splinter, K., et al. (2018). Effect of genetic diagnosis on patients with previously undiagnosed disease. 
New England Journal of Medicine.

FINANCING
No funding was received.

CONFLICT OF INTEREST
The authors declare that they have no conflict of interest.

AUTHORSHIP CONTRIBUTION
Conceptualization: César Dilú Sorzano, Roberto Lardoeyt Ferrer, Norma Elena de León Ojeda, Laritza Matínez 

Rey, Dayana Delgado López, Paulina Araceli Lantigua Cruz.
Formal analysis: Roberto Lardoeyt Ferrer, César Dilú Sorzano.
Supervision: César Dilú Sorzano, Roberto Lardoeyt Ferrer.
Writing-revision and editing: Rafael Eduardo Montaño Arrieta, Noel Taboada Lugo, Daniel Quintana 

Hernández, Yamilé Lozada Mengana, Margarita Arguelles Arza, Melek Dáger Salomón, Haydee Rodríguez Guas, 
Yohandra Calixto Robert, Yelena Pereira Perera, José Pérez Trujillo, Diana Martín García, Gisel Pérez Breff, 
Gloria Lidia Peña Martínez, Estela Morales Peralta, João Ernesto.

Data and Metadata. 2025; 4:857  10 

https://doi.org/10.56294/dm2025857

