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Introduction 

Big data has become an integral part of modern 
neuroimaging research, enabling unprecedented 
opportunities to study the human brain at scales and 
levels of detail that were previously unimaginable. 
Advances in imaging technologies such as magnetic 
resonance imaging (MRI), functional MRI (fMRI), 
diffusion tensor imaging (DTI), and positron 
emission tomography (PET) have led to the 
accumulation of vast amounts of high-dimensional 
data. Large-scale neuroimaging initiatives like the 
Human Connectome Project, the UK Biobank, and 
the Alzheimer’s Disease Neuroimaging Initiative 
have generated petabytes of imaging and associated 
phenotypic data, providing researchers with resources 
to investigate brain structure, function, and 
connectivity across diverse populations. These 
massive datasets have the potential to uncover new 
biomarkers, improve diagnostic accuracy, and 
enhance our understanding of neurological and 
psychiatric disorders, but they also pose significant 
technical and organizational challenges [1]. 

The infrastructure required to manage and analyze 
big data in neuroimaging is complex and 
multifaceted. High-performance computing (HPC) 
clusters, cloud-based platforms, and specialized 
storage solutions are essential to handle the size, 

variety, and velocity of neuroimaging data. Platforms 
like the Neuroimaging Informatics Tools and 
Resources Clearinghouse (NITRC), OpenNeuro, and 
the Collaborative Informatics and Neuroimaging 
Suite (COINS) have been developed to support data 
sharing and collaborative analysis. Standardized data 
formats such as the Brain Imaging Data Structure 
(BIDS) facilitate interoperability and reproducibility 
across research groups. Advanced pipelines for 
preprocessing and analysis, including fMRIPrep and 
FreeSurfer, have been optimized for scalability, 
enabling automated processing of thousands of 
subjects. These infrastructures not only store and 
organize large datasets but also support the 
deployment of sophisticated statistical and machine 
learning models for data analysis [2]. 

The sheer scale and complexity of neuroimaging data 
bring forth substantial analytical challenges. 
Variability in imaging protocols, scanner hardware, 
and acquisition parameters across sites can introduce 
noise and bias, potentially confounding results. 
Harmonization techniques, such as ComBat and other 
statistical adjustment methods, are essential for 
reducing these site effects. Moreover, the high 
dimensionality of neuroimaging data increases the 
risk of overfitting in predictive modeling, especially 
when working with smaller subsets of the data. 
Dimensionality reduction techniques, such as 
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principal component analysis (PCA) and independent 
component analysis (ICA), as well as feature 
selection methods, are widely used to address this 
issue. Additionally, integrating neuroimaging data 
with genetic, behavioral, and clinical information 
poses methodological hurdles but is essential for 
gaining a comprehensive understanding of brain 
disorders. Multimodal data fusion methods are 
increasingly being explored to leverage these diverse 
datasets effectively [3]. 

Machine learning and artificial intelligence (AI) are 
playing an increasingly prominent role in making 
sense of big neuroimaging data. Deep learning 
approaches, including convolutional neural networks 
(CNNs) and graph neural networks (GNNs), have 
demonstrated strong performance in tasks such as 
brain age prediction, disease classification, and 
functional network analysis. These models can 
capture complex nonlinear relationships and learn 
hierarchical representations directly from raw 
imaging data. However, their interpretability remains 
a concern, and explainable AI techniques are being 
developed to provide insights into model decisions. 
Federated learning approaches are also emerging to 
allow collaborative model training across institutions 
without the need to share raw data, thereby 
addressing privacy and data security concerns. The 
integration of AI-driven analytics into big 
neuroimaging workflows promises to accelerate 
discovery and facilitate translation into clinical 
applications [4]. 

Despite the remarkable progress, significant 
challenges remain in harnessing the full potential of 
big data in neuroimaging. Data sharing is still limited 
by privacy concerns, regulatory restrictions, and the 
lack of standardized consent procedures, which can 
hinder collaboration and reduce the 
representativeness of datasets. Ensuring the long-
term sustainability of large-scale neuroimaging 
repositories requires stable funding models and 
ongoing community engagement. Moreover, the 
increasing reliance on computationally intensive 
methods raises concerns about environmental 

sustainability, highlighting the need for more energy-
efficient algorithms and infrastructure. Finally, the 
complexity of big neuroimaging data demands 
interdisciplinary collaboration among neuroscientists, 
computer scientists, statisticians, and clinicians to 
ensure that analytical approaches are both technically 
rigorous and biologically meaningful. Addressing 
these issues will be critical for translating big data-
driven insights into tangible improvements in brain 
health research and clinical practice [5]. 

Conclusion 

Big data has transformed neuroimaging research, 
enabling the exploration of brain structure and 
function at unprecedented scale and detail. The 
development of robust infrastructure, advanced 
analytical techniques, and collaborative platforms has 
opened new avenues for discovery, from identifying 
early biomarkers of disease to refining diagnostic and 
therapeutic strategies. Yet, challenges related to data 
harmonization, privacy, sustainability, and 
interdisciplinary integration persist. Continued 
investment in infrastructure, methodological 
innovation, and open science practices will be 
essential for overcoming these barriers. As these 
efforts mature, big data in neuroimaging will play an 
increasingly central role in advancing neuroscience 
and improving outcomes for individuals with 
neurological and psychiatric disorders. 

References 

1. Alexopoulos GS, Meyers BS, Young RC, et 
al.The course of geriatric depression with" 
reversible dementia": A controlled study. 
Am J Psychiatry. 1993;150:1693. 

2. Bulbena A, Berrios GE.Pseudodementia: 
Facts and figures. Br J Psychiatry. 
1986;148(1):87-94. 

3. Conradi HJ, Ormel J, De Jonge P.Presence 
of individual (residual) symptoms during 
depressive episodes and periods of 
remission: A 3-year prospective study. 
Psychol Med. 2011;41(6):1165-74. 

4. Sonnenberg CM, Deeg DJ, Comijs HC, et 
al.Trends in antidepressant use in the older 

https://ajp.psychiatryonline.org/doi/abs/10.1176/ajp.150.11.1693
https://ajp.psychiatryonline.org/doi/abs/10.1176/ajp.150.11.1693
https://www.cambridge.org/core/journals/the-british-journal-of-psychiatry/article/abs/pseudodementia-facts-and-figures/1BCD6BF174FF03A78B17F3F3195B070C
https://www.cambridge.org/core/journals/the-british-journal-of-psychiatry/article/abs/pseudodementia-facts-and-figures/1BCD6BF174FF03A78B17F3F3195B070C
https://www.cambridge.org/core/journals/psychological-medicine/article/abs/presence-of-individual-residual-symptoms-during-depressive-episodes-and-periods-of-remission-a-3year-prospective-study/A061DCAE2D441F2341FBA773A27A9C86
https://www.cambridge.org/core/journals/psychological-medicine/article/abs/presence-of-individual-residual-symptoms-during-depressive-episodes-and-periods-of-remission-a-3year-prospective-study/A061DCAE2D441F2341FBA773A27A9C86
https://www.cambridge.org/core/journals/psychological-medicine/article/abs/presence-of-individual-residual-symptoms-during-depressive-episodes-and-periods-of-remission-a-3year-prospective-study/A061DCAE2D441F2341FBA773A27A9C86
https://www.cambridge.org/core/journals/psychological-medicine/article/abs/presence-of-individual-residual-symptoms-during-depressive-episodes-and-periods-of-remission-a-3year-prospective-study/A061DCAE2D441F2341FBA773A27A9C86
https://www.sciencedirect.com/science/article/abs/pii/S0165032708001298


 

Citation: El-Sayed F. Big data in neuroimaging: Infrastructure, challenges, and future perspectives. J NeuroInform 
Neuroimaging. 2025;10(2):192.  

 
 

population: Results from the LASA-study 
over a period of 10 years. J Affect Disord. 
2008;111(2-3):299-305. 

5. Millan MJ, Agid Y, Brüne M, et 
al.Cognitive dysfunction in psychiatric 

disorders: Characteristics, causes and the 
quest for improved therapy. Nat Rev Drug 
Discov. 2012;11(2):141-68.

 

https://www.sciencedirect.com/science/article/abs/pii/S0165032708001298
https://www.sciencedirect.com/science/article/abs/pii/S0165032708001298
https://www.nature.com/articles/nrd3628
https://www.nature.com/articles/nrd3628
https://www.nature.com/articles/nrd3628

