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Abstract: Pathological Brain Detection (PBD) is a crucial field aimed at identifying and diagnosing structural 
or functional abnormalities in the brain related to neurological, neurodegenerative, or psychiatric disorders. 
This detection process typically employs medical imaging technologies such as MRI, CT, or PET scans, along 
with neurological evaluations, blood tests, and other diagnostic tools. Early detection is essential for effective 
treatment, improving prognosis, and enhancing the quality of life for affected individuals. Each common 
computational method provides unique insights into brain pathologies. Despite significant advancements in 
technology and methodology, PBD faces challenges such as variability in brain anatomy, the complexity of 
disorders, data quality, standardization issues, interpretability of models, and ethical concerns. Addressing 
these challenges necessitates collaboration among researchers, clinicians, and policymakers to develop 
robust and ethical methods for improving the detection and diagnosis of brain disorders.
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1. Introduction

The brain is a complex and highly specialized organ that serves as the control center of 
the human body and many other animals [1,2]. It is part of the central nervous system and is 
located within the skull [3]. The primary functions of the brain include: (i) Processing Information: 
The brain receives and processes sensory information from the body's various systems [4], 
including sight, hearing, touch, taste, and smell [5,6]. It interprets this information to create our 
perception of the world around us. (ii) Motor Control: The brain controls voluntary and involuntary 
movements of the body [7]. It sends signals to muscles and other organs through the nervous 
system to enable movement, from simple actions like picking up an object to complex tasks 
like playing a musical instrument [8]. (iii) Homeostasis: The brain helps maintain the body's 
internal balance (homeostasis) by regulating functions like body temperature, blood pressure, and 
hormone production [9–11]. (iv) Autonomic Functions: It controls autonomic functions such as 
heart rate, breathing, digestion, and the circulatory system., etc [12,13]. 

A pathological brain [14–16] refers to a brain that exhibits abnormal structural or functional 
changes often associated with various neurological, neurodegenerative, or psychiatric disorders 
[17]. These alterations can result from a wide range of conditions, including tumors [18], 
infections [19], traumatic injuries [20], neurodegenerative diseases like Alzheimer's [21] or 
Parkinson's [22], and mental health disorders like depression [23] or schizophrenia [24]. 
Pathological changes can be observed through techniques such as brain imaging [24,25] (e.g., 
MRI or CT scans) or post-mortem examination, helping healthcare professionals diagnose and 
understand the underlying causes of cognitive, emotional, or physical impairments in 
individuals with such conditions. Accurate identification and characterization of pathological 
brain changes are crucial for appropriate treatment and management strategies. 
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2. Pathological Brain Detection 

Pathological brain detection (PBD) [26,27] is the process of identifying and diagnosing abnormal 
structural or functional changes within the brain that are indicative of underlying neurological, 
neurodegenerative, or psychiatric disorders [28]. Figure 1 presents several samples of pathological 
brains [28]. This detection typically involves the use of various medical imaging techniques, such as 
MRI [29], CT [30], or PET scans [31], to visualize and analyze the brain's structure and activity. 

 

Figure 1. Pathological-brain samples: (a) normal; (b) glioma; (c) meningioma (d) Alzheimer’s disease; 
(e) Alzheimer’s disease with visual agnosia; (f) Pick’s disease; (g) sarcoma; (h) Huntington’s disease. 

As shown in Figure 2, it can also encompass neurological and neuropsychological assessments, 
blood tests, and other diagnostic tools to evaluate cognitive, emotional, or physical impairments 
associated with these pathologies [32]. Accurate and timely detection of pathological brain changes 
is essential for early intervention, treatment planning [33], and improving the prognosis and quality 
of life for individuals affected by these conditions. 

 

Figure 2. Detection Techniques. 

Early detection allows for the prompt initiation of appropriate treatments or interventions. In 
many neurological and psychiatric conditions, the effectiveness of treatment is significantly higher 
when administered in the early stages of the disease. Delayed intervention may result in irreversible 
damage, making it more challenging to manage or reverse the condition. 

Some brain pathologies, such as neurodegenerative diseases (e.g., Alzheimer's [34], Parkinson's), 
can progress slowly over time. Detecting these changes early can help implement strategies to slow 
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down or halt disease progression, potentially preserving cognitive [35] and motor functions for a 
longer period. 

Timely intervention can enhance a patient's quality of life. For instance, in cases of brain tumors 
or vascular lesions, early detection and treatment can prevent the development of severe symptoms, 
including paralysis, seizures, or cognitive deficits, which can significantly impact a person's daily life. 

Detecting brain pathologies at an earlier stage can lead to more cost-effective treatments. Late-
stage interventions often require more extensive medical procedures, hospitalizations, and long-term 
care, all of which are associated with higher healthcare costs. 

3. Common Computational Methods for PBD 

Voxel-Based Morphometry (VBM) [36] is a neuroimaging analysis technique that allows 
researchers to investigate focal differences in brain anatomy. Utilizing the principles of 
computational neuroanatomy, VBM involves the segmentation of brain images into different tissue 
types, followed by a voxel-wise comparison of these tissues across different populations [37]. This 
method is especially common in the study of diseases like Alzheimer's, where it aids in detecting and 
quantifying brain atrophy [38,39]. VBM's strength lies in its ability to identify subtle and distributed 
patterns of brain structure changes, making it an invaluable tool in the arsenal of computational 
methods for Pathological Brain Detection [40]. Figure 3 shows common computational methods for 
PBD. 

 

Figure 3. Common computational methods for PBD. 

Atlas-Based Analysis [41] serves as another pivotal computational approach, providing a 
detailed anatomical framework for interpreting brain images. By mapping new image data onto a 
standardized atlas, researchers can localize and quantify alterations in brain structure and function 
with greater accuracy. This is particularly useful for evaluating surgical risks and treatment plans for 
conditions like epilepsy or brain tumors [42]. The precision of Atlas-Based Analysis ensures that 
pathological regions are identified relative to established neuroanatomical benchmarks, enabling 
consistent and reproducible assessments across different studies and populations. 

Functional Connectivity Analysis [43] delves into the realm of understanding the brain's 
functional organization by examining the temporal correlations between different brain regions. This 
approach has been instrumental in elucidating the impact of various pathologies on brain function, 
such as the disruption of connectivity patterns seen in multiple sclerosis or schizophrenia [44]. When 
combined with advanced statistical techniques, Functional Connectivity Analysis allows for the 
mapping of complex brain networks and the detection of network anomalies that underpin cognitive 
and behavioral deficits [45]. Meanwhile, Deep Learning [46,47], particularly through Convolutional 
Neural Networks, is revolutionizing PBD by providing robust tools for automated feature extraction 
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and classification in neuroimaging. These models learn hierarchical representations of data, 
achieving state-of-the-art results in tasks like lesion detection, segmentation, and predictive modeling 
of brain disorders. The adaptability and power of Deep Learning algorithms have established them 
as a cornerstone of modern computational methods in neuroimaging, paving the way for 
breakthroughs in the rapid and accurate detection of pathological brains. 

3.1. Voxel-Based Morphometry 

Voxel-Based Morphometry (VBM) [48,49] is a neuroimaging technique used to detect and 
analyze structural changes in the brain, making it a valuable tool for identifying pathological brains. 
VBM involves comparing an individual's brain image to a standardized brain template or atlas. This 
comparison highlights deviations from the norm, which can be indicative of pathological changes. 
Differences in brain tissue volume, density, or shape can be detected and quantified [50–52]. 

Figure 4 shows an example of VBM [53]. Continuing from the description of VBM, this 
technique's strength lies in its ability to systematically scrutinize the entire brain for structural 
variations, without the constraint of region-specific analysis. This whole-brain approach ensures that 
no potential area of pathology is overlooked, providing a comprehensive assessment of the brain's 
anatomical integrity. After the detection of atypical regions, VBM can be used to correlate these 
anatomical findings with clinical symptoms and outcomes. This association is critical for 
understanding the pathophysiological underpinnings of various neurological and psychiatric 
conditions. For instance, the correlation between gray matter reductions in specific cortical regions 
and cognitive deficits in dementia has been well documented using VBM [54]. Moreover, by 
employing longitudinal designs, VBM can track the efficacy of therapeutic interventions over time, 
allowing for an objective measure of disease progression or remission. 

 
Figure 4. An example of VBM. 

VBM's applications have also expanded into the research domain, informing our understanding 
of the structural brain changes associated with genetic factors, environmental influences, and even 
learning and adaptation processes. The versatility of VBM is further enhanced when combined with 
other imaging modalities, such as functional MRI [55,56], providing a more holistic view of the brain's 
alterations in structure and function. As imaging technology and analysis techniques continue to 
advance, VBM remains a vital and dynamic tool for neuroscientific research and clinical practice, 
aiding in the quest to elucidate and combat brain pathologies. 

3.2. Atlas-Based Analysis 

Atlas-Based Analysis [41,57] is effective in detecting pathological brains because it involves 
aligning individual brain images to a standardized brain atlas, allowing for precise comparison of 
brain structures across subjects. This method highlights deviations from the norm, making it sensitive 
to structural abnormalities indicative of pathological conditions such as tumors, atrophy, or lesions 
[58]. By utilizing a common reference, Atlas-Based Analysis can systematically and objectively 
identify changes in brain anatomy, aiding in the diagnosis and characterization of various 
neurological and neurodegenerative disorders. It provides a framework for localizing and 
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quantifying pathological alterations throughout the brain, contributing to early detection and 
treatment planning. 

In research contexts, Atlas-Based Analysis is instrumental in studying the progression of 
neurodegenerative diseases. By comparing brain structures over time against standardized atlases, 
researchers can track disease progression and assess the impact of various therapeutic interventions. 
This longitudinal analysis is invaluable in understanding the natural history of diseases and in the 
development of new treatments. 

Finally, the application of Atlas-Based Analysis is expanding beyond diagnostics to surgical 
planning and navigation. In neurosurgery, for instance, it assists surgeons in accurately targeting 
pathological areas while minimizing damage to healthy tissue, thereby improving surgical outcomes 
and patient recovery. 

3.3. Functional Connectivity Analysis 

Functional Connectivity Analysis [59,60] is capable of detecting pathological brains because it 
assesses the patterns of communication and coordination between different brain regions. In healthy 
individuals, there's a typical functional connectivity pattern [59], but various neurological and 
psychiatric disorders can disrupt these patterns. Pathological conditions like schizophrenia, 
depression, or Alzheimer's disease often manifest as altered functional connectivity, reflecting 
changes in how different brain regions interact during cognitive or resting-state tasks. By analyzing 
functional MRI data and identifying disruptions in connectivity networks, Functional Connectivity 
Analysis can provide insights into the underlying neural mechanisms of these disorders, aiding in 
their detection, characterization, and understanding, and potentially informing treatment strategies 
[61]. 

Furthermore, FCA contributes to the field of brain network research. It helps in mapping the 
intricate networks of neural connections and understanding how disruptions in these networks relate 
to specific cognitive and behavioral symptoms. This understanding is crucial for developing targeted 
therapies aimed at restoring normal connectivity patterns in affected brain regions. In a broader 
context, FCA is being integrated with other neuroimaging techniques, such as structural MRI and 
PET scans, to provide a more comprehensive view of brain disorders. This multimodal approach 
enhances the accuracy of diagnoses, helps differentiate between similar conditions, and offers a more 
detailed understanding of brain pathology. 

Lastly, advancements in data processing and analysis techniques are continually refining FCA, 
making it more sensitive and specific in detecting subtle changes in brain connectivity. These 
improvements are opening new avenues in personalized medicine, where treatments can be tailored 
based on individual connectivity patterns, leading to better patient outcomes in managing 
neurological and psychiatric disorders. 

3.4. Deep Learning 

Deep learning [46,62] can effectively detect pathological brains due to its capacity to 
automatically learn intricate patterns and features from large-scale neuroimaging data. The 
relationship between deep learning, machine learning, and artificial intelligence is shown in Figure 
5. 

 

Figure 5. Relationship between artificial intelligence, machine learning, and deep learning. 
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When applied to tasks such as image classification or segmentation using techniques like 
convolutional neural networks (CNNs) [63,64], deep learning models can identify subtle structural 
or functional abnormalities in brain scans. They excel at capturing complex relationships within the 
data, enabling the recognition of disease-specific patterns that may not be apparent through 
traditional methods [65]. 

By training on extensive datasets, deep learning algorithms  become adept at distinguishing 
between healthy and pathological brain patterns, making them valuable tools for early detection [66], 
diagnosis [67], and even predicting disease progression [68], ultimately enhancing our understanding 
and management of various neurological and psychiatric disorders. 

Deep learning significantly enhances pathological brain detection by tailoring diagnoses and 
treatments to individual neuroimaging profiles. Its ability to discern specific neurological disorder 
subtypes leads to more precise diagnoses. Additionally, in prognostics, deep learning predicts 
disease progression by analyzing longitudinal data, crucial for early intervention in conditions like 
Alzheimer's or Parkinson's. 

This technology also aids in therapeutic development by identifying biomarkers and guiding 
drug research and clinical trials. It evaluates treatment effectiveness over time, offering a quantitative 
approach to monitor patient responses. While promising, challenges such as large dataset 
requirements, model transparency, and ethical data handling need addressing to fully leverage deep 
learning in this field. 

4. Discussions 

Current progress in pathological brain detection is marked by significant advancements in both 
technology and methodology. Machine learning [69] and deep learning approaches continue to gain 
prominence, allowing for more accurate and automated detection of brain abnormalities in 
neuroimaging data [70]. These methods are becoming increasingly capable of handling large datasets 
and identifying subtle structural and functional changes associated with neurological, 
neurodegenerative, and psychiatric disorders.  

Moreover, there is a growing emphasis on multi-modal approaches that integrate different 
imaging techniques and data sources, enabling a more comprehensive understanding of brain 
pathology. Additionally, ongoing research focuses on early detection [71] and prediction of disease 
progression [72], paving the way for more personalized and timely interventions [73]. Overall, these 
developments hold promise for improving the diagnosis and management of pathological brain 
conditions. 

Building on this momentum, the field of pathological brain detection is evolving to incorporate 
advanced analytical frameworks such as graph theory in the assessment of functional connectivity, 
which provides insights into the integrity of neural networks disrupted by pathological states. The 
application of graph theoretical approaches to neuroimaging data has revealed new biomarkers for 
diseases characterized by connectivity alterations, such as Autism Spectrum Disorders and 
schizophrenia [74]. 

Furthermore, the refinement of image acquisition techniques, like ultra-high-field MRI [75], 
offers unprecedented spatial resolution that captures detailed anatomical features of brain pathology. 
When these high-resolution images are processed using sophisticated computational algorithms, 
even the most subtle pathological changes can be identified, which were previously undetectable 
with standard resolution imaging. 

In tandem with technological innovation, there is an increasing trend towards the open sharing 
of neuroimaging datasets and the development of standardized protocols for data analysis. This 
collaborative environment not only accelerates the pace of discovery but also ensures that findings 
are robust and replicable across diverse populations and settings. These collective efforts signify a 
transition towards a more collaborative and translational approach in brain research, which is 
essential for the development of targeted and effective therapies for brain disorders. The integration 
of computational methods with clinical expertise is key to the future of precision medicine, where 
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treatment strategies can be tailored to the individual patient based on sophisticated diagnostic 
algorithms. 

5. Conclusion 

PBD faces several significant challenges. One major issue is the inherent variability in brain 
anatomy and function among individuals, making it challenging to establish clear diagnostic criteria 
and thresholds for detection. Additionally, neurological and psychiatric disorders often have 
complex and heterogeneous presentations, further complicating accurate detection. Data quality [76] 
and standardization [77] issues in neuroimaging, as well as the need for large, diverse datasets, are 
persistent challenges.  

The interpretability of machine learning and deep learning models used in brain detection can 
also be a concern, as their decisions may lack transparency. Finally, ethical considerations 
surrounding data privacy, consent, and the responsible use of sensitive medical information pose 
important challenges in the field of pathological brain detection. Addressing these challenges 
requires ongoing collaboration between researchers, clinicians, and policymakers to develop robust 
and ethical approaches to improve detection and diagnosis of brain disorders. 

Acknowledgment: We thank all the anonymous reviewers for their hard reviewing work.  
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