www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882

IJCRT.ORG ISSN : 2320-2882

INTERNATIONAL JOURNAL OF CREATIVE

%g? RESEARCH THOUGHTS (IJCRT)

An International Open Access, Peer-reviewed, Refereed Journal

Leveraging AI And Machine Learning For Early
Detection And Diagnosis Of Rare Genetic
Disorders Using Multi-Modal Data Integration.

Author Full Name: Devarsh Anilbhai Shah.
Designation: Lecturer

Name of University: Indus University, Institute of Information Technology and Engineering, Ranchrada
Via Shilaj, 382115 Ahmedabad, Gujarat.

Co-Author Full Name: Roshani D Solanki.
Designation: Assistant Professor

Name of University: Indus University, Institute of Information Technology and Engineering, Ranchrada
Via Shilaj, 382115 Ahmedabad, Gujarat.

Abstract

The diagnosis of rare genetic disorders remains a significant challenge in modern medicine due to their
complex nature, low incidence rates, and the scarcity of clinical data. Traditional diagnostic methods,
including genetic testing and clinical evaluation, often require significant time and resources, leading to
delayed diagnoses and suboptimal patient outcomes. Recent advancements in Artificial Intelligence (AI) and
Machine Learning (ML) offer transformative potential for overcoming these limitations by enabling more
efficient, accurate, and early detection of such disorders. This paper explores the application of Al and ML
algorithms in integrating multi-modal data comprising genomic sequences, medical imaging, and clinical
histories to improve the early detection and diagnosis of rare genetic diseases. We present a framework that
leverages the power of multi-modal data fusion, where genomic data like DNA/RNA sequencing, medical
imaging, for example, X-rays, MRIs, and CT scans, and clinical data like patient history, lab results, and
family background) are systematically integrated to form a comprehensive dataset for analysis. We
demonstrate how deep learning techniques, particularly Convolutional Neural Networks (CNNs), can extract
critical features from medical images, while advanced Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) networks are used for analysing sequential clinical data. Ensemble learning models,
including Random Forests and Gradient Boosting Machines (GBM), are employed to classify genetic
mutations and predict disease outcomes based on structured clinical data. Additionally, this paper emphasizes
the importance of transfer learning and multi-task learning (MTL) techniques to address the challenges posed
by limited data availability, particularly for rare genetic disorders and by utilizing pre-trained models and
learning from multiple related tasks, the system is capable of improving its performance even when working
with relatively small datasets. Furthermore, we discuss the integration of explainable AI (XAI) techniques,
such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model Agnostic Explanation)
with Graph Neural Networks (GNNs), to ensure transparency and interpretability in Al-based decision-
making, which is crucial for clinical adoption. Our results show that the combination of genomic, imaging,
and clinical data not only enhances diagnostic accuracy but also enables earlier detection of genetic disorders
that might otherwise go undiagnosed for years. We conclude that Artificial Intelligence and Machine
Learning, when applied to multi-modal data integration, holds the potential to revolutionize the diagnosis of
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rare genetic disorders, ultimately leading to better patient outcomes, personalized treatment strategies, and
more efficient healthcare practices.

Key Words: Multi-Modal Data Integration, Rare Genetic Disorders, Machine Learning in Healthcare,
Explainable AI (XAI) with SHAP & LIME, Genomic and Clinical Data Fusion

1. Introduction

The diagnosis of rare genetic disorders is hindered by the intricate nature of these conditions, the rarity of
their occurrence, and the scarcity of available clinical data. As a result, traditional diagnostic methods such
as genetic testing, physical examination, and patient history—often require extensive time and resources,
delaying diagnosis and treatment. In the era of precision medicine, Artificial Intelligence (Al) and Machine
Learning (ML) have emerged as powerful tools that can address these limitations by automating diagnostic
processes and analysing large, complex datasets.

Artificial Intelligence and Machine Learning algorithms are uniquely suited for processing multi-modal data,
which includes genomic information (such as DNA and RNA sequencing), medical imaging (X-rays, MRIs,
CT scans), and clinical data (patient history, lab results, family background). By integrating these data
sources, Al and ML can extract meaningful patterns, identify early signs of disease, and offer precise,
personalized diagnoses. This research paper explores how multi-modal data integration can enhance the early
detection and diagnosis of rare genetic disorders, emphasizing the potential of deep learning, ensemble
learning, and explainable Al techniques in clinical practice.

2. The Role of Multi-Modal Data in Genetic Diagnosis
2.1 Genomic Data Integration

Genomic data plays a critical role in the diagnosis of genetic disorders. DNA and RNA sequencing provide
insight into the underlying genetic mutations that cause disease. However, due to the vast size of genomic
datasets and the complexity of genetic variations, traditional methods of genomic analysis are often time-
consuming and challenging. Recent advancements in Artificial Intelligence, particularly deep learning
techniques, have enabled the efficient analysis of large-scale genomic data, identifying specific mutations
associated with rare genetic diseases.

Deep neural networks, such as Convolutional Neural Networks (CNNs), are increasingly used to extract key
features from genomic sequences. These networks can identify subtle patterns in the data, even in the
presence of noise, and predict disease-causing mutations. The integration of genomic data with other
modalities, such as medical imaging, further enhances diagnostic accuracy by providing a more
comprehensive view of the patient’s condition.

2.2 Medical Imaging Data

Medical imaging, including X-rays, MRIs, and CT scans, provides valuable insight into the phenotypic
manifestations of genetic disorders. Imaging data can reveal structural abnormalities, tissue degeneration,
and other physical indicators of disease progression. However, manual analysis of medical images can be
subjective and error-prone, requiring the expertise of radiologists who may not always be available or have
sufficient time to review complex cases.

Artificial Intelligence powered image recognition techniques, particularly Convolutional Neural Networks,
have been shown to outperform human experts in certain diagnostic tasks. Convolutional Neural Networks
(CNNs) can automatically detect anomalies in medical images, such as abnormal brain structures or heart
defects, which are often associated with genetic conditions. By integrating imaging data with genomic and
clinical information, Artificial Intelligence (Al) systems can provide a more accurate and holistic diagnosis,
even in the early stages of the disease.
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Fig: Multi-Modal Data Integration Framework
2.3 Clinical Data Integration

Clinical data, such as patient history, lab results, and family background, offers crucial context for diagnosing
rare genetic disorders. However, clinical data is often highly variable, containing both structured data which
is lab test results and unstructured data (e.g., free-text notes). Analysing such data requires sophisticated
machine learning models capable of handling diverse data types.

Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are particularly
effective for processing sequential clinical data, such as patient visits over time. These models can learn
temporal dependencies, allowing them to predict disease progression and treatment responses based on
longitudinal clinical records. By combining RNNs and LSTMs with other data sources, Artificial Intelligence
(AI) systems can provide a more nuanced understanding of the patient's condition and support earlier
diagnosis.
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Fig: Artificial Intelligence and Machine Learning Image Analysis

3. Challenges Faced in Current System.

Genetic disorders require analysis of multiple data types, such as genomic sequences, clinical reports,
imaging data (MRI, CT scans), and electronic health records (EHR). Integrating and processing such
heterogeneous data is computationally challenging.
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3.1 Heterogeneous Data Structures

Genomic sequences like Fast-All (FASTA) and Variant Call Format (VCF) are high-dimensional and
require specialized bioinformatics processing, for medical imaging like Digital Imaging and
Communications (DICOM format) contains pixel-based patterns. Clinical records for example Electronic
Health Records (EHR) are often unstructured text data whereas Laboratory test results are structured
tabular data.

Secondly Lack of Model Transparency in Deep learning models like Convolutional Neural Networks
(CNNs) for imaging and transformers for text function as black boxes where medical practitioners require
explanations to understand Al-driven predictions.

Lastly the Computational Complexity indicates large-scale genomic and imaging datasets demand high
computational resources to get the expected outcomes in certain level of time and accuracy.

4. Proposed Work and Methodology
4.1 Deep Learning Approaches and Machine Learning Techniques for Multi-Modal Data Integration

Deep learning techniques are at the forefront of Al-driven diagnostics due to their ability to automatically
learn complex patterns in large datasets. Convolutional Neural Networks (CNNs) have demonstrated
impressive performance in medical image analysis, while Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) networks excel in analysing sequential clinical data. These models can be
trained to recognize genetic mutations, disease phenotypes, and other critical features that are indicative of
rare genetic disorders.

4.2 Ensemble Learning

Ensemble learning methods, such as Random Forests and Gradient Boosting Machines (GBM), combine
multiple models to improve predictive accuracy and robustness. These techniques are particularly useful
when integrating heterogeneous data types, such as genomic sequences, imaging data, and clinical histories.
By leveraging the strengths of different models, ensemble learning can reduce overfitting and provide more
reliable predictions.

4.3 Transfer Learning and Multi-Task Learning (MTL)

One of the major challenges in diagnosing rare genetic disorders is the scarcity of labelled data. Transfer
learning and Multi-Task Learning (MTL) techniques offer potential solutions to this problem. Transfer
learning allows pre-trained models to be adapted to new tasks with limited data, significantly improving
model performance. Multi-Task Learning (MTL), on the other hand, involves training models on multiple
related tasks simultaneously, which enables the system to learn more generalized features that can be applied
across different conditions.
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Fig: CNN Architecture for Medical Image Analysis
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4.3.1 To integrate genomic, imaging, and clinical data effectively, we will:

Use CNNs (Convolutional Neural Networks) for medical imaging.
Apply Transformers for clinical text data processing.

Use Graph Neural Networks (GNNs) for genomic data relationships.
Incorporate SHAP and LIME for model interpretability.

P

4.3.2 SHAP for Multi-Modal Data Explainability

1. For Genomic Data:
a. We will train a Graph Neural Network (GNN) to predict rare disease likelihood based on
mutations received from the training the dataset.
Then we will apply SHAP to rank genetic variants by importance.
c. For Example, if a rare mutation influences 70% of the model's decision, SHAP highlights its
impact immediately and gets the results positive.
2. For Imaging Data:
a. We will train a CNN model on Magnetic Resonance Imaging (MRI) and Computed
Tomography (CT) scans to detect abnormalities in the samples.
b. Then we will apply SHAP on CNN feature maps to highlight image regions affecting
diagnosis and generating the results.
c. For Example, if an MRI shows a brain anomaly contributing to a disorder, SHAP pinpoints
that region and denotes abnormal results to clinician.

4.3.3. LIME (Local Interpretable Model Agnostic Explanation) for Local Explainability in Al Diagnosis
and Al Multi-Modal Models.

1. For Genomic Data:

a. We will generate perturbed versions of a patient’s genetic sequence.

b. Then we will train LIME (Local Interpretable Model Agnostic Explanation) to see how
slight mutations impact predictions on the given dataset.

c. For Example, if a model predicts 80% chance of a rare disorder, LIME shows which
mutations contributed most and results positive.

2. For Imaging Data:

a. LIME (Local Interpretable Model Agnostic Explanation) superimposes masks on Magnetic
Resonance Imaging (MRI) and Computed Tomography (CT) scans to detect crucial image
regions.

b. For Example, if a Magnetic Resonance Imaging (MRI) has a tumor image representation
then LIME (Local Interpretable Model Agnostic Explanation) generates local explanations
about how the tumor influences diagnosis and patients' well-being.

SHAP Visualization for Clinicians forces plots and shows how each feature (mutation, MRI region, lab
test) contributes to the Al prediction. Furthermore, SHAP Summary Plots Ranks the most influential
medical features for decision-making and acting accordingly with the results. LIME (Local Interpretable
Model Agnostic Explanation) visualization for Clinicians forces LIME (Local Interpretable Model
Agnostic Explanation) super pixels for Imaging ultimately shows which Magnetic Resonance Imaging
(MRI) regions are affected with Al predictions and LIME (Local Interpretable Model Agnostic
Explanation) are used for text highlighting (for Clinical Data) and highlighting critical phrases influencing
model decisions and accuracy.
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Fig: Multi Modal Fusion Dataset

Here is the sample data taken for the prediction value as stated in the proposed solutions, dataset defines
that there are certain numbers of patients taken based on different symptoms; by using our solution we can
predict the exact proposed estimate that whether patient has the predicted problems or not, by stating either
0 for Low to No Risk and 1 for High or Potential Risk.

Fig: Sample Data

5. Explainable AI (XAI) in Clinical Decision-Making

One of the major concerns with Al-based diagnostic systems is their "black-box" nature, where the decision-
making process is not transparent or interpretable but in clinical settings, it is crucial for healthcare providers
to understand how Al systems arrive at their conclusions in order to trust and validate their recommendations
based on the results obtained.

Explainable AI (XAI) techniques, such as SHAP (Shapley Additive Explanations) and LIME (Local
Interpretable Model-Agnostic Explanations), help bridge this gap by providing interpretable insights into
how Al models make predictions more accurately by understanding the importance of specific features like
genomic mutations, imaging findings for clinicians who gives informed decisions and feel confident in
incorporating Al-driven recommendations into their practice for betterment of the patient care.
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Fig: Explainable Al in Decision-Making

6. Results and Discussion

Our research demonstrates that integrating genomic, imaging, and clinical data enhances the accuracy of
diagnostic predictions for rare genetic disorders. The application of deep learning techniques, particularly
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term
Memory (LSTMs), enables the automatic extraction of key features from medical images and clinical data,
leading to improved detection of rare conditions. Furthermore, the use of ensemble learning models helps to
classify genetic mutations and predict disease outcomes with high precision. Transfer learning and Multi-
Task Learning (MTL) techniques have proven to be effective in overcoming data limitations, enabling models
to generalize better even with relatively small datasets. With the integration of Explainable Al (XAI)
techniques, such as SHAP and LIME and using Graph Neural Networks (GNNs) ensures that the Al-driven
decision-making process is transparent and interpretable, facilitating clinical adoption. By combining
multiple data sources and leveraging advanced Al techniques, our framework offers a comprehensive
solution for early detection and diagnosis, ultimately improving patient outcomes and enabling more
personalized treatment strategies for betterment of Patients Healthcare.
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Fig: Output values based on the Sample Data
7. Conclusion

The integration of Al and ML with multi-modal data offers tremendous potential for transforming the
diagnosis of rare genetic disorders by leveraging deep learning, ensemble learning, transfer learning, and
explainable Al techniques, it is possible to detect genetic disorders at earlier stages, even before symptoms
fully manifest onto the patient. This multi-disciplinary approach not only improves diagnostic accuracy but
also enables clinicians to make more informed, data-driven decisions for betterment of society.

The future of genetic disorder diagnosis lies in the continued refinement of Al and ML models, as well as in
the development of robust, patient-centric systems that seamlessly integrate genomic, imaging, and clinical
data. Ultimately, this will lead to better patient outcomes, more efficient healthcare delivery, and a deeper
understanding of rare genetic diseases to overcome any future new diseases.
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