
REVIEW

Neural Computing and Applications (2026) 38:102

Neural Computing and Applications (2026) 38:102 https://doi.org/10.1007/s00521-026-12022-1

Machine learning and neuroimaging in 
neurodegenerative disease diagnosis: a systematic 
review of voxel-based and surface-based morphometry 
approaches based on PRISMA framework

Emrah Gürlek  · İnci Zaim Gökbay

Received: 18 May 2025 / Accepted: 4 February 2026 / Published online: 4 March 2026
© The Author(s), under exclusive licence to Springer-Verlag London Ltd., part of Springer Nature 2026

Abstract
This PRISMA-guided review systematically evaluated the application of machine learning (ML) and deep 
learning (DL) methodologies to structural Magnetic Resonance Imaging (MRI), specifically utilizing Voxel-
Based Morphometry (VBM) and Surface-Based Morphometry (SBM) for ND classification. Our analysis 
encompassed twelve studies published between 2017 and 2024, focusing on key parameters such as partici-
pant demographics, utilized datasets, preprocessing steps, and applied algorithms. To assess the methodologi-
cal robustness of the included studies, a 20-point Quality Assessment (QA) score was developed, covering 
data rigor, model development, and validation transparency. The findings indicated significant potential, with 
algorithms such as Support Vector Machine (SVM) and Extreme Learning Machine (ELM) demonstrating 
high accuracy, reaching up to 0.96, in the classification of Alzheimer’s and Parkinson’s disease. However, the 
QA analysis revealed a significant negative correlation (r = −0.32) between reporting transparency and per-
formance, suggesting an ’optimistic bias’ in studies with lower methodological rigor. Despite these promising 
results, the field faced significant challenges, primarily due to small sample sizes—for instance, a limited cohort 
of n = 30 for Lewy Body Dementia (LBD)—and a notable lack of consistency in preprocessing techniques, as 
well as a total absence of public source code sharing (0%), which collectively restricted the generalizability of 
the models. In conclusion, while the existing research yielded encouraging outcomes, the successful transition 
to clinical adoption necessitated further innovation in algorithmic development coupled with the incorporation 
of substantially larger cohorts. To effectively bridge the existing gap between research findings and practical 
clinical application, the review strongly advocated for the establishment of standardized processing pipelines 
and a greater commitment to open-data initiatives.

Keywords  Neurodegenerative diseases · Surface-based morphometry (SBM) · Voxel-based morphometry 
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Abbreviations
AD	� Alzheimer’s disease
ADNI	� Alzheimer’s disease neuroimaging initiative
ALS	� Amyotrophic lateral sclerosis
AAL	� Automated anatomical labeling
AUC-ROC	� Area under the receiver operating characteristic curve
bvFTD	� Behavioral variant frontotemporal dementia
CAD	� Computer-aided diagnostic
CAT	� Computational anatomy toolbox
CNN	� Convolutional neural network
CSF	� Cerebrospinal fluid
CT	� Computerized tomography
CV	� Cross-validation
DARTEL	� Diffeomorphic anatomical registration through exponentiated lie algebra
DICOM	� Digital imaging and communications in medicine
DL	� Deep learning
DLB	� Dementia with Lewy bodies
DT	� Decision tree
DTI	� Diffusion tensor imaging
ELM	� Extreme learning machine
FDG-PET	� Fluorodeoxyglucose positron emission tomography
fMRI	� Functional magnetic resonance imaging
FTD	� Frontotemporal dementia
FTLD	� Frontotemporal lobar degeneration
GAN	� Generative adversarial network
GM	� Gray matter
GLCM	� Gray-level Co-occurrence matrix
HD	� Huntington’s disease
HC	� Healthy controls
LBD	� Lewy body dementia
LR	� Logistic regression
MCI	� Mild cognitive impairment
MIV	� Mean impact value
ML	� Machine learning
MNI	� Montreal neurological institute
MRI	� Magnetic resonance imaging
NC	� Normal cognition/Normal controls
ND	� Neurodegenerative diseases
NIfTI	� Neuroimaging informatics technology initiative
OASIS	� Open access series of imaging studies
PCA	� Principal component analysis
PD	� Parkinson’s disease
PET	� Positron emission tomography
PPMI	� Parkinson’s progression markers initiative
PSP	� Progressive supranuclear palsy
QA	� Quality assessment
qEEG	� Quantitative electroencephalogram
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RF	� Radio frequency
ROI	� Region of interest
SBM	� Surface-based morphometry
SD	� Standard deviation
sMCI	� Stable mild cognitive impairment
sMRI	� Structural magnetic resonance imaging
SPECT	� Single-photon emission computerized tomography
SPM	� Statistical parametric mapping
SVM	� Support vector machine
TIV	� Total intracranial volume
VBM	� Voxel-based morphometry
WM	� White matter

1  Introduction

Neurodegenerative diseases (ND) are chronic, progressive conditions marked by the gradual loss of neurons in 
motor, sensory, or cognitive systems. The term “neurodegeneration” refers to the deterioration of nerve cells. It 
describes the process of losing structure or function in tissues or organs. In the strict sense, neurodegeneration 
refers to any disease primarily affecting neurons [1], including the loss of neurons or their specific substructures 
[2]. Frontotemporal dementia (FTD), Alzheimer’s disease (AD), dementia with Lewy bodies (DLB), Parkinson’s 
disease (PD), and Huntington’s disease (HD) are the prevailing neurodegenerative disorders [3].

Dementia is the fifth leading cause of death worldwide, and its prevalence is projected to triple by 2050 due 
to population growth and aging. Globally, the number of individuals affected by dementia has risen by 117% 
between 1990 and 2016, largely attributed to population aging [4]. Alzheimer’s disease is the most common 
type of dementia, accounting for 70% of cases. The condition develops gradually in the brain, with pathological 
changes occurring up to 10–20 years before the onset of symptoms like memory impairment and difficulties with 
daily activities. Due to this extended ’silent’ disease phase, AD is typically diagnosed after irreversible brain tis-
sue loss has occurred [5]. Parkinson’s disease is the second most prevalent neurodegenerative disorder after AD 
[6, 7]. In recent decades, the burden of neurodegenerative conditions, including PD and AD, has risen. Past stud-
ies have suggested that PD may have the fastest-growing prevalence among various neurological disorders [8, 9].

ND has multiple risk factors such as, aging, genetics, environmental exposure, and defective protein aggrega-
tion [1–3]. Determining the underlying causes and mechanisms driving neurodegeneration is an active area of 
ongoing scholarly inquiry [10, 11]. ND poses significant challenges and can become a substantial burden, as 
their etiologies remain elusive and effective curative treatments have yet to be developed. Current therapeutic 
approaches predominantly focus on alleviating the associated symptoms [12], as there are no known cures or 
treatments to halt the progression of ND [13]. Early diagnosis is a critical aspect of managing ND at present. 
Biomedical imaging modalities, including magnetic resonance imaging (MRI), positron emission tomography 
(PET), computerized tomography (CT), and single-photon emission computerized tomography (SPECT), are 
widely employed. Among these, MRI is one of the most commonly utilized and powerful imaging techniques 
[14, 15]. Structural MRI analysis techniques, such as Voxel-Based Morphometry (VBM) and Surface-Based Mor-
phometry (SBM), are widely employed to assess brain changes. VBM specifically measures regional variations 
in brain volume and tissue concentration using mostly T1-weighted volumetric MRI. The images are segmented 
into the primary tissue components using tools like Statistical Parametric Mapping (SPM) and Computational 
Anatomy Toolbox (CAT). Additionally, for evaluating cortical thickness and surface area, applications like Free-
Surfer are utilized alongside SPM and CAT. These methods aim to obtain cleaner data and mitigate distortions, 
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such as motion artifacts, using techniques like motion correction, scalp and skull stripping, normalization, and 
smoothing.

Advances in MRI technology, data storage, and machine learning (ML) methods have led to more studies clas-
sifying neurological conditions. These ML methods show promise for improving the diagnosis and monitoring of 
ND. These include the automated or semi-automated detection of disease onset, characterization of disease state, 
improvement of differential diagnosis, quantification of disease progression, and tracking of medication effects 
[16–18]. The application of ML algorithms has the potential to substantially advance these critical diagnostic and 
monitoring tasks.

This review aims to investigate the impact of ML methods on the early diagnosis of dementia, Alzheimer’s 
disease, and Parkinson’s disease, utilizing VBM and SBM imaging techniques.

This systematic review comprehensively evaluated the role of machine learning (ML) and deep learning (DL) 
methods in neurodegenerative disease classification using structural MRI. By synthesizing evidence from 12 key 
studies (Appx. B), we addressed critical gaps in the existing literature through: 

1.	A comparative analysis of methodological approaches, highlighting variations in preprocessing pipelines 
(Fig. 6), template usage (Fig. 4), and software tools (Fig. 5) across studies;

2.	A performance benchmarking framework, quantifying the accuracy (Fig. 17 in Appendix C) and AUC-ROC 
(Fig. 18 in Appendix D) of ML/DL models for Alzheimer’s, Parkinson’s, and FTD subtypes;

3.	An evaluation of clinical applicability, emphasizing challenges related to dataset heterogeneity (Fig. 4), sample 
size imbalances (Fig. 3), and validation protocols;

4.	Evidence-based recommendations for standardizing MRI-based ML studies, including the need for:

	● Multimodal data integration to overcome single-modality limitations
	● Transparent reporting of preprocessing steps (Fig. 6)
	● Rigorous cross-validation to address overfitting risks in small cohorts (Fig. 3).

In contrast to previous research that focused on specific conditions or techniques, our comprehensive analysis 
compared the application of machine learning across a range of neurodegenerative disorders, including Alzheim-
er’s disease, Parkinson’s disease, and frontotemporal dementia. By adopting this broader perspective and utilizing 
systematic literature review and the PRISMA framework, we were able to identify methodological inconsisten-
cies and performance trends that can inform future investigations. This, in turn, will guide the development of 
more reproducible and clinically relevant models for the early detection and monitoring of these debilitating 
neurological conditions.

The highly constrained scope of our review–requiring the concurrent application of both VBM and SBM 
derived structural features alongside ML/DL classification for ND diagnosis–resulted in a focused, yet limited, 
final cohort (n = 12), underscoring the gap in comprehensive methodological reporting in this emerging field.

The rest of the paper is organized as follows: Sect. 2 presents the study background of MRI and ML methods 
in early diagnosis of ND, and related literature reviews. Section 3 describes our research methods, while Sect. 4 
presents our results. Section 5 discusses the findings. Section 6 refers to the limitations of the study and Sect. 7 
concludes the paper by presenting the implications of the findings and suggesting future research directions.

2  Background and previous review studies

2.1  Background

This section outlines the classification process of MRI images using Voxel-Based Morphometry and Surface-
Based Morphometry techniques in conjunction with machine learning methods. These approaches aim to enable 
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the early diagnosis of neurodegenerative disorders, including Alzheimer’s disease, Parkinson’s disease, and fron-
totemporal dementia. The subsequent part summarizes the existing literature on this subject matter.

2.1.1  MRI in early diagnosis of neurodegenerative diseases (ND)

Early diagnosis of ND has greatly improved with the integration of MRI and ML methods. MRI is a non-invasive 
imaging technique that uses magnetic fields and radio frequency (RF) waves to visualize the internal structures of 
the body in detail. It is widely used to examine the structural and functional properties of brain tissue in particular. 
MRI images should be taken in three dimensions (3D) including axial (horizontal), sagittal (vertical) and coronal 
(anterior-posterior). This is necessary for accurate volume measurements. In addition, it is recommended that the 
gaps between the layers be less than 1.5 mm [19]. This allows the images to have higher resolution and therefore 
more precise analyses.

 
MRI imaging and MRI formats

Magnetic resonance imaging is a powerful diagnostic tool that provides high-resolution visualization of brain 
structure and function. During an MRI scan, the participant is placed within a strong magnetic field, causing the 
magnetic moments of hydrogen protons in the body’s water and fat molecules to align. The scanner then emits 
RF pulses, which the protons absorb and subsequently emit. These emitted signals are detected and localized by 
the scanner, allowing it to construct detailed images depicting the density and spatial distribution of water and fat 
within the brain. By manipulating the parameters of the RF pulse sequences, a wide range of imaging contrasts 
can be obtained, rendering MRI a highly versatile imaging modality for neurodegenerative research [14, 20].

Voxel-Based Morphometry is a technique that quantifies volumetric changes in brain structure at the voxel 
level. Specifically, it is employed to detect alterations in the volumes of gray matter, white matter, and cerebro-
spinal fluid. VBM plays a crucial role in the early identification of neurodegenerative disorders, as these condi-
tions are frequently characterized by a decrease in overall brain volume or localized volume loss [19]. The VBM 
analysis pipeline involves aligning all brain images to a common reference space and then performing statistical 
evaluations on a voxel-wise basis.

Surface-Based Morphometry is a method that analyzes morphological features on the cortical surface of the 
brain. This approach is particularly useful for detecting changes in cortical thickness. SBM is valuable in the 
early diagnosis of ND, as these disorders are often associated with a reduction in cortical thickness [21]. The 
SBM process involves reconstructing the brain’s surface and then conducting statistical analyses based on the 
surface-level data.

Magnetic resonance imaging data can be stored and analyzed in various file formats, including the Digital Imag-
ing and Communications in Medicine standard (DICOM) and the Neuroimaging Informatics Technology Initia-
tive (NIfTI) format. DICOM is a widely used standard that typically preserves the raw image data. In contrast, 
the NIfTI format is particularly suited for neuroimaging studies, as it facilitates the processing and analysis of 
three-dimensional (3D) brain images [22–24]. The distinctive features of these [25] image formats enable differ-
ent applications and computational analyses tailored to the requirements of neurodegenerative disorder research, 
such as quantifying brain structure changes or functional abnormalities associated with neurodegeneration.

2.1.2  Employing machine learning techniques to enhance early diagnosis of neurodegenerative disorders using 
MRI images based on VBM and SBM techniques

This section outlines the key steps in applying machine learning techniques to enhance early diagnosis of neu-
rodegenerative disorders using VBM and SBM MRI images. It begins by describing the data sources, including 
publicly available databases like ADNI and custom datasets, which provide MRI scans and clinical informa-
tion. Next, it highlights the importance of preprocessing MRI images to address distortions and standardize 
data through steps like noise reduction and spatial normalization. The use of brain atlases (e.g., MNI, AAL) for 

1 3

5Page 5 of 49  102



Neural Computing and Applications (2026) 38:102

https://doi.org/10.1007/s00521-026-12022-1

volumetric analysis and feature extraction is then discussed, followed by an overview of classification methods 
such as SVM, Random Forest, and deep learning models. Finally, the section emphasizes the evaluation of per-
formance using metrics like accuracy and AUC-ROC, underscoring the need for robust validation techniques to 
ensure reliable diagnostic outcomes.

 
Data sources

Publicly available and de-identified databases, such as the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI) and the Open Access Series of Imaging Studies (OASIS), are extensively utilized in research. These 
databases house vast collections of MRI scans and associated clinical data. Additionally, researchers often con-
struct custom datasets derived from single-center or multi-center sources. These datasets may incorporate demo-
graphic attributes like age and gender, as well as supplementary information such as cognitive and behavioral 
assessment scores [26, 27].

 
Preprocessing of MRI images

Preprocessing MRI images is essential when registering them to brain atlases, as it addresses distortions arising 
from physiological factors like respiration, pulse, and head motion during image acquisition. This involves apply-
ing techniques such as noise reduction, extraction of brain tissue from skull and skin, and spatial normalization to 
a common reference frame. These preprocessing steps serve to minimize morphological variations, enabling the 
subsequent application of voxel-based morphometric analysis [28].

 
Atlases and volumetric analysis

Atlases such as Montreal Neurological Institute (MNI152), Automated Anatomical Labeling (AAL), Harvard-
Oxford, Neuromorphometrics and LBPA40 are widely used for VBM analysis. These atlases divide the brain into 
different numbers of regions and calculate gray matter (GM), white matter (WM) and cerebrospinal fluid (CSF) 
volumes for each region. For SBM analysis, quantitative values such as cortical thickness, surface area and GM/
WM separation regions are calculated using Desikan-Killiany and Destrieux atlases [29–32].

 
Classification and prediction methods

The application of machine learning methods is a fundamental approach to diagnosing neurodegenerative 
disorders. This process typically involves dataset preparation, model training, prediction and evaluation, perfor-
mance assessment, and cross-validation steps.

In dataset preparation, quantitative values obtained from MRI images and/or clinical information are compiled 
into a dataset. This dataset is usually divided into training and test subsets, with the training dataset used for 
model learning and the test dataset used to evaluate the model’s performance.

During model training, the selected ML algorithm is trained on the training dataset. The model learns the 
patterns within the dataset and creates classification rules. For example, the Support Vector Machine algorithm 
performs classification by separating the data points with a hyperplane.

In prediction and evaluation, the trained model makes predictions on the test dataset, based on the rules it has 
learned. For instance, the features extracted from an MRI image are analyzed by the model to predict whether the 
image is indicative of a neurodegenerative disorder.

In performance assessment, the model’s predictions are compared with the diagnoses made by physicians, and 
a comparison table is prepared. Performance metrics, such as accuracy and Area Under the Receiver Operating 
Characteristic Curve (AUC-ROC), are calculated from this table. Accuracy reflects the model’s correct classifica-
tion rate, while AUC-ROC evaluates the classification performance at different threshold values.

Finally, the cross-validation method is employed to improve the model’s generalization performance. In this 
approach, the dataset is divided into multiple subsets, and a different subset is used as the test set in each iteration. 
This process evaluates the model’s performance on diverse data and provides more reliable results.
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The pipeline for employing machine learning techniques in neurodegenerative diseases is illustrated in Fig. 1, 
which outlines five key stages: (i) 3D rendering of 2D MRIs, (ii) MRI preprocessing (incorporating VBM/SBM 
techniques), (iii) Atlas based parcellation, ROI masks and feature extraction/selection, (iv) data preparation, (v) 
model training, and performance analysis.

Fig. 1  Steps of machine 
learning techniques employ-
ment in early diagnosis of 
neurodegenerative disorders 
using MRI images based on 
VBM and SBM techniques 
(author’s ownership)
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2.1.3  Commonly used machine learning algorithms in early diagnosis of ND

Machine Learning algorithms used in the early diagnosis of ND vary according to the characteristics of the 
dataset and the analysis goals. SVM is an effective classification method, especially in high-dimensional data-
sets. SVM performs classification by separating data points with a hyperplane. This method is widely used in 
the diagnosis of ND because it performs well on both linear and non-linear datasets [33]. Random Forest is an 
ensemble method created by combining multiple decision trees. This method is especially effective in large and 
complex datasets. Random Forest can be used in both classification and regression problems and reduces the risk 
of overfitting [34]. Deep learning is a method that is especially effective in large datasets and complex models. 
Convolutional Neural Networks (CNN) are one of the deep learning methods and are widely used especially in 
the analysis of image data. CNNs provide automatic analysis of MRI images in the diagnosis of ND [35]. Logis-
tic regression is a simple but effective method used especially in binary classification problems. This method is 
widely used especially in small datasets and feature selection processes [36].

2.1.4  Performance metrics and evaluation

Metrics such as accuracy and AUC-ROC are commonly used to evaluate the performance of classifiers. Accuracy 
indicates the correct classification rate of the model and is calculated by the Eq. 1:

	
Accuracy = TP + TN

TP + TN + FP + FN
� (1)

where TP, TN, FP, and FN represent the true positive, true negative, false positive, and false negative values, 
respectively, obtained from the classification matrix. AUC-ROC evaluates the classification performance of the 
model at different threshold values and ranges from 0 to 1. The closer the AUC value is to 1, the better the per-
formance of the model.

These performance evaluation methods play an important role in the early diagnosis of neurodegenerative 
disorders. However, larger and more diverse datasets can further improve model performance. Additionally, 
comparing different brain atlases and preprocessing techniques may provide more accurate and reliable results 
[37–40].

2.2  Previous review studies

Neuroimaging techniques are crucial for diagnosing and classifying neurodegenerative diseases. The use of MRI, 
PET, and other bioimaging techniques is growing in the diagnosis and prognostic evaluation of conditions like 
ALS, Alzheimer’s, frontotemporal dementia, and progressive supranuclear palsy. Previous systematic reviews 
have highlighted the strengths and weaknesses of existing methodologies in this context.

According to the review on ALS, the key limitation of current neuroimaging methods is their reliance on 
group-based analyses, which lack sufficient sensitivity for individual diagnosis [41]. To address this, the authors 
recommend conducting large-scale, multicenter studies that integrate diverse imaging techniques [41]. Similarly, 
a review on PSP emphasizes that midbrain atrophy alone is insufficient for diagnosis and highlights the need 
for additional biomarkers, such as voxel-based morphometry (VBM), globus pallidus atrophy, and frontal lobe 
atrophy [42].

Comprehensive review studies on the classification of Alzheimer’s disease emphasize the importance of MRI-
based methods for early diagnosis. A comparison of techniques such as ROI-based analyses, VBM, wavelet 
transform, and cortical surface analyses showed that wavelet transform-based feature extraction yielded the high-
est accuracy [43]. Furthermore, studies predicting the transition between MCI and Alzheimer’s highlight the 
entorhinal cortex as a key indicator and suggest that cortical thickness measurements may be more sensitive than 
volumetric analyses [44].
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Regarding Frontotemporal Dementia (FTD), large-scale reviews have evaluated structural and functional bio-
markers, noting that white matter deterioration (detected with DTI) often precedes gray matter loss, making it 
a critical tool for early diagnosis [45]. The integration of structural (VBM, DTI), functional (FDG-PET, fMRI), 
and molecular imaging is increasingly seen as vital for distinguishing between diseases such as Alzheimer’s and 
FTD [46].

2.3  Limitations of existing literature and contributions of this review

While previous systematic reviews have highlighted the importance of advanced imaging, they often focus on 
specific diseases or modalities, leaving gaps in the comparative understanding of machine learning (ML) per-
formance across the spectrum of neurodegeneration. Our review offered critical advancements over the existing 
literature by expanding the scope of data sources, disorders covered, and by employing a rigorous, systematic 
methodology based on the PRISMA framework.

2.3.1  Expanded scope and synthesis of disorders

Prior reviews have generally focused on a limited subset of conditions. For instance, studies by Garg et al. [43] and 
Leandrou et al. [44] primarily centered on the conversion from Mild Cognitive Impairment (MCI) to Alzheimer’s 
Disease, excluding other major neurodegenerative disorders. In contrast, our work analyzed the application of 
ML across a wide range of disorders, offering a unique, cross-disease synthesis.

Similarly, unlike the review by Bede and Hardiman [41], which focused solely on ALS and limited its search 
to PubMed, our systematic review incorporated multiple indices, significantly broadening the literature base. 
Furthermore, while Sakurai et al. [42] limited their PSP review to midbrain atrophy, our review sought to include 
studies encompassing all brain regions to provide a holistic view of structural changes.

2.3.2  Methodological insights and algorithm comparison

Unlike works by Ranganathan et al. [46] and Meeter et al. [45], which primarily described structural and func-
tional imaging techniques, our review explicitly goes beyond description. We provided an in-depth compari-
son of ML algorithm performance across the studied disorders, synthesizing algorithm efficacy as a key, novel 
contribution.

Moreover, addressing the common limitation of "insufficient comparative analysis" found in earlier works, our 
study utilized the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) model. This 
ensures a transparent and reproducible approach to literature search and data extraction, distinguishing this work 
from many non-systematic reviews.

In summary, our paper advances the field by providing a PRISMA-compliant systematic review that synthe-
sizes ML applications across the full spectrum of major neurodegenerative disorders. Moving beyond disease-
specific comparisons, we critically analyze methodological variations and performance outcomes to establish a 
roadmap for developing robust, clinically viable diagnostic tools.

3  Review methodology

This review was conducted in accordance with the methodological guidelines and procedures outlined by [47]. 
The review process involved several key stages, including the development of a comprehensive review proto-
col, the establishment of inclusion and exclusion criteria, a keyword-driven search of relevant bibliographic 
databases, critical appraisal of the identified studies, data extraction, and data synthesis. This section provides a 
detailed account of each of these steps and the research methods employed.

1 3

9Page 9 of 49  102



Neural Computing and Applications (2026) 38:102

https://doi.org/10.1007/s00521-026-12022-1

3.1  Protocol development

We developed a protocol for the systematic review by following Kitchenham’s guidelines and procedures [47]. 
This protocol outlined the research questions, search strategy, criteria for study inclusion and exclusion, data 
extraction approach, and methods of synthesis.

We utilized the PRISMA checklist to strengthen the review by enhancing its transparency, comprehensiveness, 
and rigor [48, 49]. By aligning with PRISMA guidelines, we followed best practices, mitigated bias, and enabled 
readers to critically evaluate the review process and findings (Fig. 2).

3.2  Data sources and search strategy

To conduct a comprehensive literature review, we searched several prominent electronic databases in February 
2025, including ISI-Web of Science, IEEE Xplore, PubMed, ScienceDirect—Elsevier, and Scopus. In the first 
step, we formulated the research questions and identified keywords aligned with the research question and inclu-
sion/exclusion criteria. Table 1 presents the keywords along with the rationale for their selection.

The initial search strategy required at least one keyword from each subgroup in the first group to match the 
title, abstract, or keywords. A summary of the databases searched and the optimized query versions used for each 
is provided in Table 2.

The searches yielded a total of 15 studies in PubMed, 4 in IEEE Xplore, 3 in ScienceDirect, and 5 in Web 
of Science. These articles were then imported into Endnote, a reference management software. Upon further 
examination, some records were found to be duplicates within their respective databases and were subsequently 
removed. Prior to this deduplication across all databases, the total number of studies had been 27, which was then 
reduced to 22.

3.3  Inclusion and exclusion criteria

Following the initial search, the stringent inclusion criteria, particularly the requirement for studies to report 
empirical findings utilizing both VBM and SBM structural features in combination with classification algorithms 
(ML/DL) and reporting quantitative metrics (Accuracy/AUC-ROC), severely limited the final pool. The resulting 
n = 12 studies included reflect the highly specific and demanding methodological intersection of our research 
question, rather than a failure to identify relevant literature.

Table 3 shows the inclusion and exclusion criteria that were adopted to define the publications that came within 
the scope of the review.

3.4  Citation management, retrieval, and inclusion decisions

All the relevant citations (N = 27) were entered into and stored using Endnote reference management software, 
after which duplicate citations were removed, with 22 citations remaining. Figure 2 shows the PRISMA 2020 
flow chart and the number of papers identified at each stage.

The study’s design and planning processes were carried out by the corresponding author. Following the 
research questions determined by both researchers, database searches were conducted using the relevant key-
words, and the PRISMA standard was then applied in the subsequent stages. The PRISMA framework’s process 
was implemented in two stages: Stage 1 involved identification and screening, while Stage 2 focused on final-
izing the included articles and defining the final studies to be incorporated into the systematic literature review 
database. During the initial identification stage, the first author (EG) carefully reviewed all citations to determine 
their relevance to this systematic review. This process involved examining the titles, keywords, and abstracts, and 
excluding any studies that were not focused on the key topic of interest - the use of MRI-based machine learn-
ing techniques for the classification of neurodegenerative disorders. If the first author had any doubts about the 
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Fig. 2  The methodological guidelines and procedures outlined by Kitchenham [47], and PRISMA 2020 flow chart [48, 49]
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inclusion or exclusion of a particular study, the corresponding author (IZG) was consulted, and both researchers 
re-checked the title, keywords, and abstract to reach a final decision. Occasionally, the study details presented 
in the title and abstract were not entirely clear, in which case the article was retained for further screening in the 
subsequent stage. Following the initial identification process, 18 studies were selected for a detailed review dur-
ing the screening phase.

Inclusion Exclusion
Peer-reviewed journal articles Conference papers, abstracts, extended abstracts, books, book 

chapters, reviews, meta-analysis studies, editorials, and com-
mentaries were excluded

Studies presenting empirical findings on 
the treatment, diagnosis, or monitoring 
of mental health conditions

Studies that were purely theoretical or review articles without 
empirical findings were also excluded

Focused on populations with neurode-
generative diseases.

Animal experimental studies

Utilizing physiological data such as 
SBM and/or VBM

Studies predicting disease symptoms, neurocognitive or behav-
ioral test scores, or any clinical findings
Studies focusing on psychiatric or neurological diseases other 
than neurodegenerative diseases

Employing machine learning, deep 
learning, artificial neural networks, or 
convolutional neural networks as the 
methodology

Studies that do not report AUC-ROC or accuracy values, even 
if ML/DL classification is performed
Studies that analyze only statistical relationships or differences 
between imaging data and clinical scores (e.g., MMSE, MoCA) 
but do not present an explicit classification or prediction model
Studies conducting quantitative analysis other than VBM or 
SBM (e.g. texture or shape analysis)
Studies utilizing only non-MRI imaging techniques (e.g., PET, 
DTI, CT, SPECT)
Studies based on queries other than those listed in Table 2

Articles presented in English and/or 
Turkish

If full-text access is unavailable, access will be provided 
through the databases of TUBITAK, Istanbul University, 
Kırşehir Ahi Evran University, University of Kent

Table 3  Inclusion/exclusion 
criteria

 

Database Query
PubMed (((“neurodegenerative diseases”[MeSH Terms]) AND ((accuracy) OR ("auc-

roc"))) AND (((“neural network”) OR (“deep learning”)) OR (“machine learn-
ing”))) AND (("surface based morphometry") OR ("voxel based morphometry"))

IEEE (((“All Metadata”:"voxel based morphometry") OR (“All Metadata”:"surface 
based morphometry")) AND ((“All Metadata”:“neural network”) OR (“All 
Metadata”:“machine learning”) OR (“All Metadata”:“deep learning”)) AND 
((“All Metadata”:“neurodegenerative diseases”)))

ScienceDirect Title, abstract, keywords: “neurodegenerative diseases” AND (accuracy OR "auc-
roc") AND (“neural network” OR “deep learning” OR “machine learning”) AND 
("surface based morphometry" OR "voxel based morphometry")

Web of science TS = (“neurodegenerative diseases”) AND TS = ((accuracy) OR ("auc-roc")) 
AND TS = (("surface based morphometry") OR ("voxel based morphometry")) 
AND TS = (((“neural network”) OR (“deep learning”)) OR (“machine learning”))

Table 2  Database’s and que-
ries used for research

 

Disease focused Neurodegenerative diseases
Imaging techniques SBM, VBM
Models used for analysis Machine learning, deep learning, neural network
Performance measurement Accuracy, AUC-ROC
Studies published between Jan 2014–2025

Table 1  Keyword determi-
nation steps
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After completing the first stage of screening, these 18 studies then progressed to the second stage, which 
involved finalizing the included articles, extracting data, and synthesizing the findings of this review. Of these 18 
studies, 12 were ultimately included in the final synthesis.

3.5  Data extraction

The authors implemented a systematic data extraction process to comprehensively document the details of the 12 
studies and address the research objectives. The first author extracted the data using a predefined form (Table 4), 
and the second author cross-checked the extracted information to ensure consistency and accuracy throughout 
the data collection phase.

3.6  Data synthesis

To synthesize the results, we examined key aspects including the distribution of participants, the datasets used, 
the templates and software employed, the preprocessing steps undertaken, and the performance of the applied 
algorithms.

3.6.1  Quantitative synthesis and statistical analysis

To provide a robust meta-summary of the reviewed literature, a quantitative synthesis was performed for both 
Accuracy and AUC-ROC metrics. Given the variability in cohort sizes across the included studies, we calculated 
the sample-size weighted mean (x̄w) for each disease category using the Eq. 2:

Research question Extracted data field
1. Study overview
Study identifier Study ID
Bibliographic reference Author, Year, Journal, DOI
Is this study peer-reviewed and empirical? Publication type (Journal/Conference) study design 

(PRISMA-guided SLR, experimental)
2. Participant and disease focus
What neurodegenerative diseases (NDs) are 
studied?

Disease types (AD/PD/FTD/LBD/ALS)
Subtypes (e.g., PD-MCI, bvFTD)

How are participant groups defined? Inclusion/exclusion criteria (MMSE, MoCA scores)
Demographic data (age, gender, education)

3. MRI data and preprocessing
Which datasets are used? Dataset source (ADNI/PPMI/Custom) sample size per 

group
What preprocessing steps are applied? Skull stripping, normalization, smoothing software: 

SPM, FreeSurfer, DARTEL atlas: MNI, AAL, custom
4. Machine learning pipeline
Which algorithms are compared? Traditional ML: SVM, random forest, logistic regression

Deep learning: CNN (3D/ResNet), ELM
How is model performance validated? Validation method: k-fold CV, LOOCV metrics: accu-

racy, AUC-ROC, sensitivity
5. Results and clinical relevance
What are the key performance outcomes? Best Accuracy/AUC per disease

Comparison across algorithms
Are findings clinically applicable? Limitations: small samples, scanner variability general-

izability assessment
6. Quality assessment
Does the study address potential biases? Sample size justification cross-validation rigor
Is the methodology reproducible? Code/data availability preprocessing transparency

Table 4  Question-driven 
data extraction template
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x̄w =

∑n
i=1(wixi)∑n

i=1 wi
� (2)

where xi represents the performance metric (Accuracy or AUC-ROC) of an individual experiment and wi repre-
sents the total sample size (N) of that specific experiment.

Furthermore, to assess the methodological consistency, we analyzed the inter-study and intra-study variabil-
ity. For each study, the arithmetic mean and standard deviation (SD) of all reported algorithms were calculated. 
A ’Global Mean’ and a ’Global Standard Deviation’ (Global SD) were computed across all reviewed studies to 
establish a benchmark for global performance trends. This allowed for the identification of studies that signifi-
cantly deviated from the expected performance range.

3.7  Quality assessment and reporting transparency scoring

To provide the supporting numeric data requested by the reviewer and to rigorously assess the methodological 
robustness of the included studies (n = 12), we developed a 20-point Quality Assessment Score. This score is 
derived from established guidelines in systematic reviews (PRISMA-S) and specific best practices for neuroim-
aging Machine Learning (ML/DL) research.

The 20 criteria are grouped into three main domains:

	● I. Data and Preprocessing Rigor (Max: 9 points),
	● II. Model Development and Analysis Strength (Max: 6 points),
	● III. Validation and Reproducibility Transparency (Max: 5 points).

Each criterion is scored as binary (1 for Yes/Reported/Applied, 0 otherwise). Partially satisfied (e.g., lack of 
clarity in recon-all parameters or controlling for only a subset of TIV/Age/Sex in Q9 scored as 0.5. A detailed 
breakdown of these scoring criteria and their rationale is presented in the Table 5.

4  Results

4.1  Overview of the studies

In all studies, inclusion and exclusion criteria are uniquely defined based on specific factors such as neurological, 
neuropsychiatric, or neurocognitive test scores, medical history, age or image quality etc. These criteria determine 
whether participants are included or excluded from the study. For instance, in the study by Nemoto et al. [50], 56 
participants with Lewy body dementia (LBD) and Alzheimer’s disease (AD) were evaluated, with a subset of 26 
participants (13 LBD, 13 AD) used for validation (Table 6). Normal controls (NC) were included solely as refer-
ence values for computational purposes. Rajagopalan and Pioro [51] utilized T2-weighted images for diagnostic 
purposes, while T1-weighted images were employed for voxel-based morphometry (VBM), consistent with most 
other studies. However, Zhang et al. [40] did not specify this distinction. Additionally, MRI data in Nemoto et 
al. [50] were acquired using 11 different scanners. Cognitive tests were administered to control groups in many 
studies, with healthy individuals classified as having normal cognition (NC) or healthy controls (HC), depending 
on the study’s terminology.

Figure 3, a stacked bar chart showing the distribution of participants across studies, reveals that studies have 
largely focused on Alzheimer’s (AD) and Parkinson’s (PD) diseases, with other neurodegenerative disorders 
(ALS, LBD) being underrepresented. The study by Krüger et al. [52] included the largest sample size with 9063 
participants (most of them are undiagnosed (“unknown”) cases), while the control groups (HC) were balanced 
with the patient groups in most studies. The chart highlights the prominence of early-stage disease subtypes, such 
as PD-MCI and AD.
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Figure 4a shows that the majority of studies, 58.3%, utilized custom datasets, while the Alzheimer’s Disease 
Neuroimaging Initiative and Parkinson’s Progression Markers Initiative datasets were used in only 16.7% and 
8.3% of studies respectively. Additionally, two studies combined custom and ADNI data. Figure 4b demonstrates 
a steady increase in publications from 2017 to 2024, with peak productivity observed in 2020–2021 and 2024, 
reflecting the growing research interest in applying machine learning to neurodegenerative diseases. Figure 4c 
indicates the dominance of the MNI template in neuroimaging studies, with limited adoption of alternative tem-
plates. Figure 4d highlights a research focus disparity, with Alzheimer’s disease dominating over rarer conditions 
like amyotrophic lateral sclerosis and Lewy body dementia.

No. Group Criteria Rationale
1. I. Data 

and pre-
process-
ing rigor 
(max: 9 
points)

Sample size adequate (N > 100 total 
participants)?

Ensures statistical validity and helps control 
the risk of overfitting in small samples

2. DICOM/NIFTI format clearly 
reported?

Transparency regarding the original data 
format

3. Tools/software (SPM, FreeSurfer, FSL, 
etc.) specified?

Essential for technical reproducibility and 
controlling for potential software bias during 
preprocessing

4. Skull stripping/brain extraction 
applied?

Fundamental for accurate VBM/SBM analyses 
and preventing the influence of non-brain 
tissues

5. Motion correction applied during 
preprocessing?

Crucial for minimizing artifacts in vulnerable 
cohorts (e.g., PD, AD)

6. Smoothing kernel (FWHM) size 
explicitly reported?

Key for methodological transparency and 
reproducibility

7. Normalization method clearly 
described?

Transparency regarding the algorithms used to 
align brains into a common space

8. Template used specified? Required for defining the target space (MNI, 
Talairach, etc.)

9. Statistical control for TIV/Age/Sex 
performed?

Critical for isolating disease-specific change 
from individual and demographic variation

10. II. Model 
develop-
ment and 
analysis 
strength 
(max: 6 
points)

Segmentation method clearly 
described?

Transparency of the algorithm used to extract 
grey/white matter features

11. Multi-modality: Additional imaging 
data (PET/fMRI/DTI) used besides 
structural MRI?

Rewards the use of complementary biological 
information for enhanced diagnostic power

12. Dual modality: Features from both 
VBM and SBM integrated?

Aligns with the review’s core objective, 
rewarding the integration of two structural 
methods

13. Multiple classification algorithms 
tested?

Important for strengthening model selection 
and showing algorithmic robustness

14. Algorithm hyperparameters (e.g., 
Kernel, C, etc.) fully reported?

Essential for the reproducibility of traditional 
ML models

15. DL architecture clarity: If DL is used, 
is the architecture (layers, activation, 
optimizer) fully reported?

Critical for the reproducibility of complex 
Deep Learning models

16. III. 
Valida-
tion and 
repro-
duc-
ibility 
transpar-
ency 
(max: 5 
points)

Cross-Validation (CV) method clearly 
specified?

Fundamental statistical step to prove the 
model is not suffering from overfitting

17. External/Independent validation cohort 
used?

The strongest evidence for model generaliz-
ability in clinical settings

18. Code sharing (GitHub, etc.) made 
publicly available?

The highest measure of scientific transparency 
for method verification

19. Data sharing (Zenodo, etc.) made 
publicly available?

Highest measure of transparency for third-
party result verification

20. Risk of bias assessment clearly 
discussed?

Assesses the study’s critical thinking regarding 
its own methodological limitations

Table 5  Scoring criteria and 
their rationale of quality 
assessment
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Title Year Core collection* Dataset Ethical 
approval

Participant 
demographics

Focused 
ND

Clinical findings

Zhang et al. 
[53]

2020 Clinical 
neurology 
|Neurosciences

Custom dataset PD-NC 
= 35
PD-MCI = 58HC = 20

Yes Age,gender, 
education

PD MMSE, MoCA, SDMT, Digit 
Span Test, Verbal Fluency Test, 
Clock Drawing Test, Visual 
reproduction and Logical mem-
ory, Similarities Test, Category 
Fluency Test, Block Design 
Test, UPDRS III, H-Y, HAMA, 
HAMD, age of onset, duration, 
medications, smoking and drink-
ing history, past medical history 
(hypertension, diabetes mellitus, 
tumor and surgery), and family 
history

Zhang et al. 
[54]

2021 Radiology, 
Nuclear Medi-
cine and Medi-
cal Imaging

Custom dataset
PD-MCI = 36
PD-NC = 35

Yes Age, gender PD H-Y, UPDRS III, LED, MoCA, 
and MMSE, disease duration

Zhang et al. 
[40]

2019 Neurosciences ADNI
AD=58
HC=94

No need Age, gender, 
education

AD MMSE, CDR-SB, ADAS, and 
CMgl, history of mental illness, 
history of neurological disease, 
head, eyes, ears, nose and throat 
disease, cardiovascular, respira-
tory, hepatic, dermatologic–con-
nective tissue, musculoskeletal, 
endocrine–metabolic, gastro-
intestinal, hematopoietic–lym-
phatic, renal–genitourinary, 
allergies or drug sensitivities, 
alcohol abuse, drug abuse, smok-
ing, history of malignancy, major 
surgical procedures, nausea, 
vomiting, diarrhea, constipation, 
abdominal discomfort, sweating, 
dizziness, low energy, bcdrowsy, 
blurred vision, headache, dry 
mouth, shortness of breath, 
coughing, palpitations, chest 
pain, urinary discomfort, urinary 
frequency, ankle swelling, mus-
culoskeletal pain, rash, insom-
nia, depressed mood, crying, 
elevated mood, wandering, fall

Solana-
Lavalle and 
Rosas-
Romero [55]

2021 Medical Infor-
matics |Com-
puter Science, 
Theory and 
Methods |Com-
puter Science, 
Interdisciplinary 
Applications 
|Engineering, 
Biomedical

PPMI
PD male =231(78 1.5-T, 
153 3-T)
HC male =95(23 1.5-T, 
72 3-T)
PD female=117(36 1.5-T, 
81 3-T) HC female= 64(26 
1.5-T, 38 3-T)

No need Gender PD

Rajago-
palan and 
Pioro [51]

2024 Clinical 
Neurology 
|Neurosciences

Custom dataset
HC= 14 ALS-CST+ = 21
ALS-CST- = 27

Yes Age, gender ALS ALSFRS-R, symptom duration, 
DPR, EES

Table 6  Summary of included studies: participant demographics, dataset sources, and clinical findings
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Title Year Core collection* Dataset Ethical 
approval

Participant 
demographics

Focused 
ND

Clinical findings

Nemoto et 
al. [50]

2021 Neuroimag-
ing |Radiol-
ogy, Nuclear 
Medicine and 
Medical Imag-
ing |Clinical 
Neurology

Custom dataset LBD=101
AD=69
HC= 38

Yes Age, gender AD,LBD MMSE

Meyer et al. 
[56]

2017 Neuroimaging Custom dataset bvFTD= 
52
HC= 52

Yes Age, gender FTD neurological examination, 
neuropsychological testing, case 
history

Krüger et al. 
[52]

2024 Radiology, 
Nuclear Medi-
cine and Medi-
cal Imaging

Custom Dataset
Training Dataset: 8945 
Diagnoses unknown
Test Dataset:
MCI=22
AD=18
PCA=11
bvFTD=20
svPPA=10
HC=37

Yes Age AD, FTD

Ikemitsu et 
al. [57]

2024 Radiology, 
Nuclear Medi-
cine and Medi-
cal Imaging

ADNI
HC=200
early-stage AD = 200

No need Age AD

Huang et al. 
[58]

2023 Neurosciences Custom dataset MCI=17
HC=13
ADNI
MCI=94
HC=60

Yes Age, gender AD MMSE, MoCA

Egger et al. 
[59]

2020 Neurosciences Custom dataset (including 
ADNI)
AD=30
FTD=30
LBD=30
HC=30

Yes Age,
gender,
education

AD,
FTD,
LBD

MMSE (for 6 patients MoCA 
was evaluated and converted 
to MMSE), Beck’s Depression 
Inventory II

Bachli et al. 
[60]

2020 Neurosciences 
|Radiology, 
Nuclear Medi-
cine and Medi-
cal Imaging 
|Neuroimaging

Custom dataset bvFTD=57
AD=29
HC=116

Yes Age, gender, 
education

AD, FTD ACE and IFS, volume of atrophy

PD: Parkinson’s Disease, PD-NC: Parkinson’s Disease Normal Cognitive, MCI: Mild Cognitive Impairment, HC: Healthy Control, AD: 
Alzheimer’s Disease, ALS: amyotrophic lateral sclerosis, ALS-CST+: UMN(upper motor neuron)-predominant ALS patients with corticospi-
nal tract hyperintensity, ALS-CST+: UMN (upper motor neuron)-predominant ALS patients without corticospinal tract hyperintensity, LBD: 
Lewy Bodies Dementia, bvFTD: Behavioral variant frontotemporal dementia, PCA: Posterior cortical atrophy, FTD: Frontotemporal dementia, 
FTLD: Frontotemporal lobar degeneration, svPPA: semantic variant primary progressive aphasia
ADNI: the Alzheimer’s Disease Neuroimaging Initiative, PPMI: the Parkinson’s Progression Markers Initiative
MMSE: Mini-Mental State Examination, MoCA: Montreal Cognitive Assessment, SDMT: Symbol Digit Modalities Test, UPDRS III: Unified 
Parkinson’s Disease Rating Scale part III, H-Y: Hoehn-Yahr scale, HAMA: Hamilton Anxiety Rating Scale, HAMD: Hamilton Depression 
Rating Scale, LED: levodopa equivalent dose, ADAS: the Alzheimer’s Disease Assessment Scale, CDR-SB: Clinical Dementia Rating Sum of 
Boxes, CMgl: cerebral glucose metabolism, ALSFRS-R: the Revised ALS Functional Rating Scale, DPR: disease progression rate, EES: El 
Escorial score, ACE: the Addenbrooke’s cognitive examination, IFS: the INECO Frontal Screening
*​h​t​t​p​s​:​/​/​m​j​l​.​c​l​a​r​i​v​a​t​e​.​c​o​m​/

Table 6  (continued) 
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4.2  Methodological quality assessment results

The methodological quality of the included studies was evaluated using a custom 20-point scale divided into three 
domains: Data and Preprocessing Rigor (9 points), Model Development and Analysis Strength (6 points), and 
Validation and Reproducibility Transparency (5 points). The mean overall quality score was 11.46 (SD = 1.98), 
ranging from a minimum of 7.0 to a maximum of 14.0 (Table 7).

4.2.1  Data and preprocessing rigor (Group I)

Studies achieved a mean compliance of 63.9% in this domain. While most studies excelled in reporting the nor-
malization template (91.7%) and describing the normalization method (87.5%), critical preprocessing steps were 
frequently underreported. Notably, only 29.2% of studies explicitly mentioned applying motion correction, and 
only 31.8% clearly described the skull-stripping/brain extraction process. Although 83.3% of the studies utilized 
an adequate sample size (N > 100), the raw data format (DICOM/NIFTI) was specified in only 25.0% of the 
papers.

4.2.2  Model development and analysis strength (Group II)

The mean compliance for model development was 57.6%. The majority of studies (95.8%) clearly described 
their segmentation methods, and 75.0% incorporated multi-modal data (e.g., fMRI, DTI, or clinical scores) to 
enhance diagnostic power. However, reproducibility in machine learning workflows remains a challenge; only 
58.3% fully reported algorithm hyperparameters, and among studies using Deep Learning, only 33.3% provided 
sufficient clarity regarding the architecture (layers, activation functions).

Fig. 3  Participant distribution across studies
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4.2.3  Validation and reproducibility transparency (Group III)

This domain showed the lowest adherence, with a mean compliance of 45.0%. While 83.3% of studies clearly 
specified their cross-validation method (e.g., k-fold), external validity and open science practices were critically 
lacking. Only 25.0% of studies tested their models on an independent external validation cohort. Most alarm-
ingly, 0% of the reviewed studies made their source code publicly available, and only 33.3% provided access to 
their datasets. This lack of transparency significantly hinders the reproducibility of the reported findings.

4.2.4  Summary of quality assessment

Overall, while studies demonstrated reasonable competence in describing core image processing steps (normal-
ization, segmentation), there is a systematic failure in reporting reproducibility metrics (code sharing, hyperpa-
rameter details) and robustness checks (motion correction, external validation). These findings underscore the 
urgent need for the standardized reporting guidelines proposed in the following section.

4.3  Preprocessing and image registration methods

During preprocessing, several studies employed "recon-all instructions" [53, 54], though the specific details of 
their implementation were not always clear. In cases where details were provided, they were noted in the Table 8; 
otherwise, they were marked as "Maybe." [53] also included magnetic field homogeneity correction, automatic 
topological correction, and bilateral cerebral cortex reconstruction during preprocessing. For image standardiza-
tion, MNI coordinates were derived from Talairach coordinates [53, 54] or using the DARTEL algorithm [50, 58, 

Fig. 4  a Distribution of data-
set used in studies. b Number 
of studies published each 
year. c Template usage rates. 
d Distribution of neurodegen-
erative diseases in studies
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60] or non-linear transformations [56, 59]. Alignment and registration of images to a standard anatomical axis 
are essential for comparative analysis. Solana-Lavalle and Rosas-Romero [55] detailed the standard affine regis-
tration process, emphasizing optimization using Gradient Descent or Levenberg-Marquardt methods. However, 
Zhang et al. [40] did not explicitly mention alignment or registration. Rajagopalan and Pioro [51] used the Jaco-
bian of the warp field for VBM analysis and spherical atlas registration for cortical thickness analysis. Similarly, 
Ikemitsu et al. [57] registered images to a standard brain spherical atlas.

Krüger et al. [52] investigated potential differences between MRI scanners by analyzing individual scans. They 
created a normal database using 8945 MRI scans from 65 different scanners, with 25–150 healthy individuals per 
scanner (totaling 2150 scans). A test set included 118 individuals, with 26 NC participants overlapping between 
the normal database and the test set to maintain balance. The multiple-scanner normal database comprised 136 
MRI scans. Scanner-specific VBM and multiple-scanner VBM were performed using the normal database as a 
reference, while convolutional neural networks (CNNs) were used without the database for evaluation. In one 
study, regions of interest (ROIs) were manually segmented [40]. Two experts used a region-growing method start-
ing from the hippocampus, and contourlet transform was applied for feature extraction. Figure 5 demonstrates 

Fig. 5  Software used 

Title Template Tools
Zhang et al. [53] MNI MRIcron, 

FreeSurfer
Zhang et al. [54] MNI MRIcron, 

FreeSurfer
Zhang et al. [40] NA NA
Solana-Lavalle and Rosas-Romero [55] Custom template NA
Rajagopalan and Pioro [51] MNI BET, FAST, 

FLIRT, FNIRT, 
FreeSurfer, 
ImageJ

Nemoto et al. [50] MNI SPM12, DARTEL
Meyer et al. [56] MNI SPM8
Krüger et al. [52] Custom template SPM12, DARTEL
Ikemitsu et al. [57] A standard template FreeSurfer
Huang et al. [58] MNI SPM8, DARTEL
Egger et al. [59] MNI SPM12, DARTEL
Bachli et al. [60] MNI SPM12, DARTEL

Table 8  Methodological 
overview of studies: soft-
ware tools and templates

NA: Not available
MNI: Montreal Neurologic 
Institute
BET: Brain Extraction Tool, 
FMRIB: Functional Magnetic 
Resonance Imaging of the Brain, 
FAST: FMRIB Automated Seg-
mentation Tool, FLIRT: FMRIB 
Linear Image Registration Tool, 
FNIRT: FMRIB Non Linear 
Registration Tool, DARTEL: 
Diffeomorphic Anatomical Reg-
istration Through Exponentiated 
Lie Algebra, SPM: Statistical 
Parametric Mapping
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the SPM ecosystem’s prevalence (6 uses) compared to FreeSurfer’s 4 uses, reflecting SPM’s entrenched role in 
VBM/SBM pipelines.

Figure 6 demonstrates that post-conversion steps (normalization, segmentation, smoothing) were near-univer-
sal (> 9 studies), while initial DICOM handling and motion correction appeared in only 3–4 studies. Decimal 
counts reflect partial reporting (e.g., “maybe” in methods). Total steps exceed study count as pipelines combine 
multiple steps.

4.4  Impact of methodological quality on reported performance

To assess whether methodological rigor influences the reported diagnostic performance, we conducted a compre-
hensive correlation analysis between the Quality Assessment (QA) scores and the performance metrics (Accuracy 
and AUC-ROC). The results, visualized in Fig. 7 (Accuracy) and Fig. 8 (AUC-ROC), reveal a distinct “optimistic 
bias” associated with lower methodological transparency.

Correlation with QA sub-domains as shown in the top panels of Fig. 7, the Total QA Score demonstrated a 
negative correlation with accuracy (r = −0.32), indicating that studies with lower overall quality tend to report 
higher classification success. This inverse relationship was driven primarily by the Model Development (Group 
II) domain, which showed a strong negative correlation (r = −0.51, p < 0.05). This suggests that studies failing 
to transparently report model parameters (e.g., hyperparameters, architecture details) are statistically more likely 
to claim superior performance, potentially due to overfitting that goes unreported.

Interestingly, the Data and Preprocessing (Group I) scores showed a weaker correlation (r = −0.09), implying 
that while preprocessing is critical for image quality, the reporting of these steps (e.g., normalization templates) 
is less predictive of the final accuracy than the transparency of the machine learning model itself.

Impact of Validation and Robustness Checks The bottom panels of Figs. 7 and 8 highlight the critical role of 
validation strategies.

Fig. 6  Preprocessing steps 
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Fig. 8  Correlation analysis: methodological quality versus AUC-ROC

 

Fig. 7  Correlation analysis: methodological quality versus accuracy
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	● External validation (Q17): Studies that performed external validation on independent cohorts achieved robust 
but more conservative mean accuracy (85.8%) compared to non-validated studies. While the sample size for 
validated studies is smaller, the tighter distribution of scores suggests higher reliability.

	● Motion correction (Q5): A counter-intuitive trend was observed where studies not applying motion correction 
reported slightly higher accuracy averages. This raises a significant concern: in neurodegenerative cohorts 
prone to head movement (e.g., Parkinson’s), algorithms might be learning to classify “motion artifacts” rather 
than biological pathology, artificially inflating accuracy in the absence of correction.

Conclusion on Quality vs. Performance Collectively, these analyses demonstrate that high reported accuracy 
does not necessarily equate to high scientific validity. The negative correlation between transparency (QA scores) 
and performance serves as a strong empirical justification for the standardized reporting guidelines proposed in 
Table 14 Future studies must prioritize the transparent reporting of model development steps (Group II) and man-
datory external validation to bridge the gap between “high accuracy” on paper and “clinical utility” in practice.

4.5  Feature selection and validation techniques

During feature selection, Zhang et al. [53] conducted covariance analysis (q < 0.05) to reduce the effects of age 
and intracranial volume. Another study calculated the sequence of sample features using mean impact value 
(MIV) [54]. Clinical characteristics were evaluated using the chi-square test, with significant features included 
in the analysis [40]. Solana-Lavalle and Rosas-Romero [55] extracted second-order statistics using gray-level 
co-occurrence matrix (GLCM) from VBM-derived ROIs, followed by principal component analysis (PCA) and 
wrapper feature subset selection.

For validation, cross-validation and grid search methods were employed [53, 54] (Table 9). In the study con-
ducted by Meyer et al. [56], both leave-one-center-out and leave-one-subject-out methods were used. The study 
performed two separate analyses: one involving exactly center-matched 19 bvFTD patients versus 19 NC partici-
pants, and another including all participants in the dataset. Regional gray matter (GM) density was preferred over 
GM volume due to its localized focus.

Krüger et al.  [52] was the only study to perform data augmentation on images. Egger et al.  [59] used 360 
healthy control images from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) for normalization but 
excluded them from classification. Regression was applied to account for age, sex, and total intracranial volume 
effects.

Bachli et al. [60] collected data from three countries, using Country-1 data for within-country analysis and 
training models to test data from the other two countries. Features included IFS and ACE scores, atrophy vol-
ume, sex, age, and education duration. Leave-two-out cross-validation was used for within-country classification, 
while z-score standardization was applied for cross-country analysis.

4.6  Classification methods and performance metrics

In Zhang et al.  [54], quantitative electroencephalogram (qEEG) data were also combined with MRI images, 
achieving accuracies and AUC-ROC values of 0.80 and 0.86 for the training set and 0.80 and 0.77 for the test set, 
respectively. Rajagopalan and Pioro [51] applied gray matter fractal dimension analysis, with Naïve Bayes out-
performing Random Forest and SVM in classification. Feature selection using WEKA resulted in lower accuracy.

Nemoto et al. [50] utilized a ResNet-based CNN architecture with skip connections, pretrained on the Kinetics 
human action video dataset. Conventional VBM-based differentiation included age, sex, and intracranial volume, 
with classification based on regional z-scores. The Youden Index determined the threshold for accuracy calcula-
tion. Similarly, Egger et al. [59] conducted classification using ROIs and regional z-scores, and also performed 
human rating-based analysis. They achieved the highest discriminative power in the medial temporal region 
(AUC 0.79) when comparing all patients with healthy controls.
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Title Measures 
included

Atlas Validation Algorithms Classification Acc. AUC-ROC L1OCV

Zhang et 
al. [53]

GM area, GM 
volume, corti-
cal thickness, 
GM mean 
curvature

MNI 5-fold CV, 
L1OCV

SVM PD-MCI versus 
PD-NC

Train: 0.7671 0.86 0.7808

Test: 0.8000
Zhang et 
al. [54]

Average 
thickness, 
surface 
area, GM 
volume, mean 
curvature

MNI 5-fold CV, 
L1OCV

SVM PD-MCI versus 
PD-NC

Train: 0.79 0.86 0.68

Test: 0.73 0.75
Zhang et 
al. [40]

Volume data 
and texture 
parameters of 
hippocampus 
(although 
segmentation 
was done 
there is no 
data of GM, 
WM or CSF 
values

Region-
Growing 
Based 
Manual Seg-
mentation 
Method

10-fold CV ELM (with 
VBM and clini-
cal information

AD versus NC 0.92 0.925

ELM (with 
only VBM 
information)

0.92 0.922

SVM 0.75
GPR 0.79
PLS 0.82

Solana-
Lavalle 
and 
Rosas-
Romero 
[55]

GM volume Custom 
template

10-fold CV LR PD versus HC 
1.5-T male

0.9604 NA

PD versus HC 
1.5-T female

0.9677

PD versus HC 3-T 
male

0.9156

PD versus HC 3-T 
female

0.9328

Random forest PD versus HC 
1.5-T male

0.9208

PD versus HC 
1.5-T female

0.8710

PD versus HC 3-T 
male

0.8444

PD versus HC 3-T 
female

0.7899

Naive Bayes PD versus HC 
1.5-T male

0.9901

PD versus HC 
1.5-T female

0.8710

PD versus HC 3-T 
male

0.84

Table 9  Performance comparison of studies: accuracy, AUC-ROC, validation methods, and atlas used across disease cat-
egories
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Title Measures 
included

Atlas Validation Algorithms Classification Acc. AUC-ROC L1OCV

PD versus HC 3-T 
female

0.8403

Bayesian 
networks

PD vs HC 1.5-T 
male

0.9307

PD versus HC 
1.5-T female

0.8871

PD versus HC 3-T 
male

0.7467

PD versus HC 3-T 
female

0.7059

k-NN (k = 5) PD vs HC 1.5-T 
male

0.9307

PD versus HC 
1.5-T female

0.9032

PD versus HC 3-T 
male

0.8133

PD versus HC 3-T 
female

0.7395

Multi-layer 
perceptron

PD versus HC 
1.5-T male

0.9802

PD versus HC 
1.5-T female

0.9355

PD versus HC 3-T 
male

0.8622

PD versus HC 3-T 
female

0.8571

SVM PD vs HC 1.5-T 
male

NA

PD versus HC 
1.5-T female

0.8548

PD versus HC 3-T 
male

0.9556

PD versus HC 3-T 
female

NA

Rajago-
palan and 
Pioro [51]

GM area, 
cortical 
thickness, 
GM fractal 
dimension

MNI 5-fold CV Random forest ALS-CST+ versus 
ALS-CST-

0.92 NA

ALS-CST+ versus 
ALS-CST- versus 
NC

NA

SVM ALS-CST+ versus 
ALS-CST- versus 
NC

NA

Naive Bayes ALS-CST+ versus 
ALS-CST- versus 
NC

0.74

ALS-CST+ versus 
ALS-CST

0.96

Nemoto et 
al. [50]

GM volume, 
WM volume

MNI 5-fold CV ResNet type of 
CNN

LBD versus AD 0.7915 0.77 NA

DT 0.6841 0.67
Meyer et 
al. [56]

GM volume, 
total intracra-
nial volume

MNI, WFU 
PickAtlas

Leave one 
center out 
validation, 
L1OCV

SVM bvFTD (n = 19) 
versus NC 
(n = 19)

0.736 NA NA

Table 9  (continued) 
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Title Measures 
included

Atlas Validation Algorithms Classification Acc. AUC-ROC L1OCV

bvFTD(n = 52) vs 
NC (n = 52)

0.817

Krüger et 
al. [52]

GM volume, 
age, total 
intracranial 
volume

Custom ref-
erence atlas

Not 
mentioned

3D-CNN with 
a U-net-like 
architecture

AD or FTLD vs 
NC (scanner-
specific VBM)

0.890 NA

AD or FTLD 
versus NC 
(CNN-VBM)

0.898

AD or FTLD ver-
sus NC (Multiple-
scanner VBM)

0.644

Ikemitsu 
et al. [57]

GM volume, 
WM volume, 
cortical 
thickness

A standard 
template

5-fold CV DL AD versus NC 66 
Volume values

0.82 0.8

AD versus NC 
total GM and WM 
volumes

0.6

SVM AD versus NC 66 
Volume values

0.82 0.81

AD versus NC 6 
brain regions from 
LR

0.82

3D-CNN AD versus NC 
whole brain

0.5 0.51

Huang et 
al. [58]

GM volume MNI The paper 
uses a vali-
dation set 
to find the 
best model 
and control 
overfitting, 
but does 
not specify 
k-fold cross-
validation 
or leave-
one-out 
validation

3D-CNN MCI versus NC Train:0.978

Verification:0.960
Test: 0.809 0.891

Egger et 
al. [59]

GM volume MNI, 
LPBA40

Not 
mentioned

automated 
z-score based 
analysis using 
SPM12

All Patients versus 
HC

NA Frontal lobes: 
0.84

Medial tempo-
ral lobes: 0.93
Occipital 
lobes: 0.83
Parietal lobes: 
0.86
Temporal 
lobes: 0.91

FTD versus Rest NA Frontal lobes: 
0.75
Medial tempo-
ral lobes: 0.73

Table 9  (continued) 
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Title Measures 
included

Atlas Validation Algorithms Classification Acc. AUC-ROC L1OCV

Occipital 
lobes: 0.64
Parietal lobes: 
0.64
Temporal 
lobes: 0.78

AD versus Rest NA Frontal lobes: 
0.67
Medial tempo-
ral lobes: 0.62
Occipital 
lobes: 0.63
Parietal lobes: 
0.67
Temporal 
lobes:0.65

LBD versus Rest NA Frontal lobes: 
0.42
Medial tempo-
ral lobes: 0.58
Occipital 
lobes: 0.56
Parietal lobes: 
0.54
Temporal 
lobes:0.48

CSF volume All Patients versus 
HC

NA Frontal lobes: 
0.73
Medial tempo-
ral lobes: 0.91
Occipital 
lobes: 0.73
Parietal lobes: 
0.84
Temporal 
lobes:0.84

FTD vs Rest NA Frontal lobes: 
0.8
Medial tempo-
ral lobes: 0.74
Occipital 
lobes: 0.66
Parietal lobes: 
0.71
Temporal 
lobes:0.81

AD versus Rest NA Frontal lobes: 
0.75
Medial tempo-
ral lobes: 0.62
Occipital 
lobes: 0.71
Parietal lobes: 
0.78
Temporal 
lobes:0.73

Table 9  (continued) 
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Meyer et al.  [56] used SVM classification for bvFTD diagnosis, achieving 84.6% accuracy with an ROI 
approach focusing on the frontal and temporal lobes, insula, and basal ganglia. Bachli et al. [60] included IFS 
and ACE scores, sex, age, atrophy, and education data in their classification. The importance of these features 
was additionally assessed by systematically removing each one from the dataset and evaluating their individual 
contributions.

Zhang et al. [40] calculated 14 texture parameters, achieving 0.61 accuracy and 0.552 AUC using an extreme 
learning machine (ELM) model with textural features alone. Combining VBM, clinical information, and textural 
features improved accuracy to 0.96 and AUC to 0.934.

The analysis in Appendix C reveals several key findings regarding algorithm performance across neurodegen-
erative diseases. In AD, studies achieved the highest accuracy (1.0) using LR for AD vs. HC classification, while 
ELM and SVM also demonstrated strong performance (0.92, 0.82 accuracy respectively). Notably, PD studies 
predominantly employed SVM, with accuracy ranging from 0.73 (PD-MCI vs. PD-NC) to 0.956 (PD vs. HC), 
highlighting its reliability for PD-related classifications.

For FTD, SVM achieved 0.817 accuracy in distinguishing bvFTD from controls, whereas 3D-CNN reached 
0.898 in AD/FTLD vs. NC classification. LBD studies reported moderate accuracy (0.7915 with ResNet), while 
ALS classifications showed exceptional performance with Naïve Bayes (0.96 accuracy for ALS-CST+ vs. ALS-
CST-). The pattern suggests researchers select algorithms based on both disease characteristics (e.g., structural 
changes in AD/PD) and data availability (e.g., smaller LBD cohorts favoring deep learning). SVM’s adoption 
in PD, AD, and FTD reflects its adaptability to varied neuroimaging features, while specialized methods like 
3D-CNN address complex spatial patterns in FTD and AD.

Title Measures 
included

Atlas Validation Algorithms Classification Acc. AUC-ROC L1OCV

LBD versus Rest NA Frontal lobes: 
0.18
Medial tempo-
ral lobes: 0.55
Occipital 
lobes: 0.35
Parietal lobes: 
0.34
Temporal 
lobes: 0.3

Bachli et 
al. [60]

GM volume, 
IFS and 
ACE scores, 
gender, age, 
education

MNI, 
AAL-atlas

L2OCV LR C1-FTD (n = 18) 
versus HC 
(n = 30)

0.938 0.956

C1-AD (n = 16) 
versus HC 
(n = 22)

0.912 0.967

Cross-
country 
validation

C2-FTD (n = 9) 
versus HC 
(n = 22)

0.913 0.935

C3-FTD (n=11) 
versus HC 
(n = 12)

0.913 0.906

C3-AD (n=10) 
versus HC 
(n = 12)

1.0 1.0

L1OCV/L2OCV: leave one/two out cross validation, CV: cross validation
ELM: Extreme Learning Machine, SVM: Support vector machine, GPR: Gaussian Process Regression, PLS: Partial Least Squares regression, 
LR: logistic regression, CNN: Convolutional Neural Network, DL: Deep learning, k-NN: k nearest neighborhood, ResNet: Residual Neural 
Network, DT: Decision-tree-based classifier

Table 9  (continued) 
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The highest AUC-ROC scores were achieved in AD studies, particularly with LR and ELM (Appendix D). 
The standout performances include a perfect 1.0 AUC-ROC in using LR (C3-AD vs. HC classification) and 
0.967 (C1-AD vs. HC) in Bachli et al. [60] with the same algorithm. ELM models also showed strong results 
(0.925–0.922) in AD versus NC classifications. Conversely, the weakest AD performance was a 3D-CNN model 
(0.51) in (Ikemitsu et al. [57]) for AD versus NC classification.

For other diseases, Parkinson’s (PD) studies showed consistent but moderate SVM performance (0.75–0.86) 
for PD-MCI versus PD-NC classification. FTD demonstrated LR’s effectiveness again (0.906–0.956) (Bachli et 
al. [60]) in center based classifications, while LBD had the lowest overall scores (0.55–0.77), with ResNet outper-
forming decision trees (0.77 vs. 0.67) (Nemoto et al. [50]) in LBD versus AD differentiation. The “All Patients” 
group showed surprisingly high performance (0.91–0.93) (Egger et al. [59]) using z-score methods on medial 
temporal lobe data, suggesting this region’s biomarker potential across neurodegenerative conditions.

4.7  Quantitative analysis of diagnostic performance

The quantitative synthesis stratified by pathology revealed distinct performance trends. As shown in Fig. 9 (Accu-
racy) and Fig. 11 (AUC-ROC), the sample-size weighted mean indicates that FTD and FTLD detection models 
achieved the highest overall stability (Tables 10 and 11). Conversely, AD showed larger variability, as evidenced 
by the wider interquartile ranges in the box plot distributions (Figs. 10 and 12). This suggests that while individual 
studies report high metrics, the generalizability across different cohorts remains heterogeneous for this pathology.

To evaluate the consistency of the reported results, we mapped each study against the global performance 
trends (Fig. 13 for Accuracy and Fig. 14 for AUC-ROC) (Tables 12 and 13).

Disease group Weighted-mean SD
All patients 0.92 0.014
FTD and FTLD 0.849 0.09
Parkinson’s (PD) 0.818 0.078
Alzheimer’s (AD) 0.767 0.168
Lewy body (LBD) 0.67 0.099

Table 11  Disease-specific 
quantitative synthesis 
(AUC-ROC)

 

Disease group Weighted-mean SD
FTD and FTLD 0.883 0.053
ALS 0.862 0.117
Parkinson’s (PD) 0.85 0.073
Alzheimer’s (AD) 0.779 0.126
Lewy body (LBD) 0.738 0.076

Table 10  Disease-specific 
quantitative synthesis 
(accuracy)

 

Fig. 9  Comparative analysis of weighted mean accuracy 
scores by disease category
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	● Global Trends: The Grand Mean for accuracy across all reviewed studies was calculated at 0.838, with a global 
standard deviation band (shaded region) of ±0.101.

	● Outliers and Consistency: Studies such as Bachli et al. [60] and Krüger et al. [52] demonstrated performance 
significantly above the global trend. In contrast, studies with large error bars (e.g., Ikemitsu et al. [57], Rajago-
palan [51]) exhibited high intra-study variability, indicating significant performance gaps between the different 
algorithms (e.g., CNN vs. DT) tested within the same cohort.

5  Discussion

5.1  Participant demographics and dataset limitations

The systematic review uncovered significant imbalances in participant distributions across studies. As shown 
in Fig. 3, Alzheimer’s disease (58.3%) and Parkinson’s disease (25%) dominated the research landscape, while 
conditions like Lewy body dementia averaged merely 30 participants per study. This skewness raises concerns 
about the generalizability of findings to rarer neurodegenerative conditions. Notably, 66.7% of studies employed 
healthy controls as binary comparators, creating an artificial diagnostic scenario that fails to capture clinical reali-
ties such as preclinical stages or disease mimics. For instance, no study addressed the critical challenge of differ-
entiating normal pressure hydrocephalus from Alzheimer’s pathology, a common diagnostic dilemma in geriatric 

Fig. 12  Distribution and variability of diagnostic AUC-ROC 
scores across Neurodegenerative disease groups

 

Fig. 11  Comparative analysis of weighted mean AUC-ROC 
scores by disease category

 

Fig. 10  Distribution and variability of diagnostic accuracy 
scores across neurodegenerative disease groups
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Global mean: 0.8381
Global SD: 0.1011
Study Count Mean SD
Ikemitsu et al. [57] 3 0.713 0.185
Zhang et al. [54] 1 0.73 0
Nemoto et al. [50] 2 0.738 0.076
Zhang et al. [53] 1 0.8 0
Huang and Zhang [15] 1 0.809 0
Meyer et al. [56] 1 0.817 0
Zhang et al. [40] 5 0.84 0.077
Solana-Lavalle and Rosas-Romero [55] 7 0.854 0.068
Rajagopalan [51] 3 0.873 0.117
Krüger et al. [52] 1 0.898 0
Bachli et al. [60] 5 0.935 0.038

Table 12  Study variability 
statistics (accuracy)

 

Fig. 14  Quantitative synthesis 
of diagnostic performance: 
inter-study and intra-study 
variability of AUC-ROC 
scores

 

Fig. 13  Quantitative synthesis 
of diagnostic performance: 
inter-study and intra-study 
variability of accuracy scores
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neurology. These limitations underscore the need for multicenter registries that prioritize spectrum-based sam-
pling, particularly for prodromal and borderline cases that better reflect real-world diagnostic complexity.

5.2  Methodological variability in neuroimaging analysis

Our analysis revealed substantial heterogeneity in image processing methodologies that may compromise result 
comparability. While 91.7% of studies applied spatial normalization, only one-third implemented motion cor-
rection - a concerning omission given the known impact of motion artifacts on gray matter measurements in 
small cohorts. The field showed heavy reliance on the MNI template (66.7% adoption rate), despite evidence that 
custom templates can improve Parkinson’s disease classification accuracy by 12%. The software ecosystem was 
similarly constrained, with SPM and FreeSurfer dominating 83% of studies. This methodological monoculture 
risks overlooking advances in registration algorithms like ANTs, which may offer superior handling of atypi-
cal anatomies. We propose concrete standardization measures including mandatory reporting of preprocessing 
parameters and anatomy-specific template selection guidelines to enhance reproducibility.

5.2.1  The impact of motion correction on GM estimates

The detrimental quantitative impact of motion artifacts on MRI quality and voxel-based morphometry 
(VBM)

Academic literature has clearly demonstrated that motion artifacts negatively and quantitatively affect MRI 
image quality, particularly the GM volume and thickness estimates obtained in VBM studies, potentially leading 
to false or misleading morphological findings [61, 62]. Motion artifacts manifest as blurring, ghosting, and distor-
tion of structural information in the images [63].

 
Quantitative impact on gray matter estimates

Head motion causes a notable decrease in cortical gray matter volume and thickness estimates, especially those 
measured by VBM and surface-based morphometry methods. This decrease is not due to true biological atrophy 
but arises as a motion-induced artifact.

A study by Reuter et al. [63] showed that, as subjects performed controlled motion tasks, estimates of cortical 
GM volume and thickness decreased as a function of accelerated motion. On average, an apparent loss of volume 
ranging from approximately 0.7–1.5% was recorded for every 1 mm/min increase in RMSpm (root-mean-square 
of head motion per minute).

Motion artifacts degrade image quality, which both reduces the reliability of the measurements and increases 
within-group variance. If there is a systematic motion difference between groups (e.g., between young and elderly 
groups, or patient and control groups), this can lead to spurious group differences [64].

 
Effect on VBM studies

Global mean: 0.8014
Global SD: 0.1471
Study Count Mean SD
Ikemitsu et al. [57] 3 0.707 0.17
Egger et al. [59] 8 0.72 0.149
Nemoto et al. [50] 2 0.72 0.071
Zhang et al. [54] 1 0.75 0
Zhang et al. [53] 1 0.86 0
Huang and Zhang [15] 1 0.891 0
Zhang et al. [40] 2 0.924 0.002
Bachli et al. [60] 5 0.953 0.035

Table 13  Study variability 
statistics (AUC-ROC)
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The presence of motion artifacts directly impacts the fundamental preprocessing steps of VBM (segmentation 
and normalization), severely compromising the results.

Segmentation: Motion-induced blurring and ghosting reduce the signal contrast between GM, WM and CSF. 
This makes it challenging to accurately classify tissues during the initial segmentation step of VBM. GM bound-
aries can be misidentified in artifact-ridden regions.

Normalization: Poor-quality images prevent the accurate spatial normalization of the brain to a standard tem-
plate (e.g., MNI). This results in the misregistration of anatomically corresponding points across different sub-
jects, which lowers the reliability of comparisons in VBM.

Because motion can artificially decrease GM volume in certain regions, if one group moves more than another, 
VBM analysis may show regions of false atrophy (decreased GM volume) or false hypertrophy (increased GM 
volume).

This highlights that VBM results are significantly dependent on the preprocessing steps (segmentation and 
normalization). Motion correction methods and inflexible normalization algorithms (such as older SPM ver-
sions) can potentially exaggerate inter-group differences [64]. The quality of motion correction techniques and 
the choice of the VBM protocol are critical for the reliability of the findings.

It has been reported that using a Deep Learning (Generative Adversarial Network - GAN) based approach to 
correct motion artifacts improved the results of VBM-based analyses, such as the Voxel-Based Specific Region 
Analysis System for Alzheimer’s Disease (VSRAD) [65].

To minimize the negative effects of motion on VBM, it is appropriate to:

	● Prevent subject motion during imaging (e.g., using head cushions, straps, feedback systems),
	● Apply software correction (motion correction) during or after the scanning sequence,
	● Exclude highly-moving subjects by using image quality metrics like RMSpm.

5.3  Algorithm performance and clinical relevance gaps

The reviewed studies demonstrated varying algorithm efficacy across disease categories. Logistic regression 
achieved perfect classification (AUC=1.0) for Alzheimer’s when combining imaging and cognitive data, while 
support vector machines outperformed deep learning in Parkinson’s diagnosis - likely due to their greater suit-
ability for smaller datasets. However, these apparent successes mask a fundamental limitation: 91.7% of studies 
employed binary classification paradigms that bear little resemblance to clinical decision-making. Neurologists 
typically navigate differential diagnoses across multiple potential conditions and disease stages, yet only one 

Fig. 15  Model type ver-
sus dataset size versus 
performance
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included study (Bachli et al. 2020) attempted multiclass classification. This artificial simplification particularly 
fails patients with comorbid pathologies like mixed Alzheimer’s and vascular dementia, which represent 20–40% 
of elderly cognitive impairment cases but were excluded from all analyses. The field should prioritize the devel-
opment of multiclass models that provide probabilistic outputs, as this would better facilitate differential diagno-
sis of psychiatric conditions.

Additionally, a notable finding of this review is the competitive, and often superior, performance of tradi-
tional machine learning algorithms (e.g., SVM, LR) compared to complex deep learning (DL) architectures (e.g., 
3D-CNN) (Fig. 15). This trend can be attributed primarily to the relationship between model complexity and 
dataset size. Deep learning models are inherently "data-hungry," requiring massive datasets to optimize millions 
of parameters and generalize effectively without overfitting [66]. Recent benchmarking studies in neuroimaging 
demonstrate that linear models (e.g., SVM, LR) often yield equivalent or superior performance to DL architec-
tures in small-to-moderate sample size regimes (N < 1000), as deep models typically require significantly larger 
cohorts to escape the limitations of overfitting and fully exploit their capacity [67]. Consistent with these findings, 
Fig. 3 illustrates that the majority of reviewed studies utilized relatively small cohorts (N < 500), a range where 
traditional algorithms often thrive.

SVM and LR benefit significantly from the rigorous preprocessing steps (VBM/SBM) that reduce high-dimen-
sional MRI data into biologically meaningful features (e.g., ROI volumes, cortical thickness). This manual fea-
ture extraction acts as a form of regularization, preventing the ’curse of dimensionality’ that plagues DL models 
trained on small samples. For instance, Ikemitsu et al.  [57] reported that SVM (Accuracy: 0.82) significantly 
outperformed a 3D-CNN (Accuracy: 0.50) on the same dataset, likely because the CNN struggled to learn robust 
spatial features from limited training data. Conversely, the study by Krüger et al. [52], which utilized a massive 
dataset (N > 9000) for training, demonstrated the true potential of DL when supported by adequate data. Thus, 
the ’interpretability advantage’ of simpler models is accompanied by a ’stability advantage’ in the current land-
scape of neuroimaging research.

In machine learning studies, it is possible to encounter high but misleading prediction rates driven by over-
fitting. Since Egger et al. [59] and Krüger et al. [52] did not report any validation procedures, the potential for 
overfitting in their models remains unknown. Consequently, the results presented in these studies should be inter-
preted with caution considering this limitation.

5.4  Interpretation of quantitative findings

Our quantitative synthesis offers critical insights beyond individual study reporting. The alignment of the sam-
ple-size weighted means with high AUC-ROC scores confirms the strong discriminative ability of ML models 
in neurodegenerative disease diagnosis. However, the study variability analysis (Fig. 13) highlights a crucial 
methodological caveat: the high standard deviations observed in some studies suggest that model architecture 
(e.g., DL vs. classical ML) significantly influences performance, often more than the dataset size itself. The fact 
that most studies cluster within the Global SD band indicates a maturing field with establishing baselines, yet the 
presence of outliers suggests that novel hybrid approaches or multi-modal data integration (as seen in the high-
performing studies) can push the boundaries of diagnostic accuracy.

5.5  Challenges in clinical translation and future directions: multi-modal and longitudinal integration

The translation of these technologies to clinical practice faces substantial barriers. Scanner variability alone 
caused 15.1% accuracy drops in multisite evaluations, suggesting that current single-center validations dramat-
ically overestimate real-world performance [68]. More fundamentally, the studies’ technical outputs—binary 
classifications of isolated MRI scans—fail to meet clinicians’ need for tools supporting longitudinal progres-
sion assessment and multimodal data integration. None of the reviewed papers incorporated routine clinical 
data sources like cerebrospinal fluid biomarkers or neuropsychological test batteries that neurologists routinely 
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consider. To address this gap, future research should adopt validation frameworks that are ready for regulatory 
approval. These frameworks should incorporate prospective input from clinicians and meet explainability stan-
dards that generate saliency maps for review by radiologists. Only through such clinically-grounded development 
can these tools transition from academic exercises to meaningful diagnostic aids.

5.5.1  Multi-modal and longitudinal data integration: overcoming single-modality limitations and bridging the 
translational gap

While our current systematic review highlights the successful integration of VBM and SBM approaches with 
Machine Learning (ML) for diagnosing neurodegenerative diseases, all the studies examined are limited to a 
single imaging modality (typically structural magnetic resonance imaging - sMRI). Single-modality approaches 
may offer an incomplete representation of the disease’s complex biological basis, inherently limiting their diag-
nostic power. Multi-modal data integration is a critical step towards achieving high-accuracy predictions.

The combination of structural MRI (VBM/SBM) data with other modalities such as functional MRI (fMRI), 
Positron Emission Tomography (PET) (e.g., Amyloid or Tau imaging), Diffusion Tensor Imaging (DTI), and even 
genetic/cognitive/clinical biomarkers, provides a more comprehensive feature set that covers different patho-
logical aspects of the disease [69, 70]. Multi-modal ML models have the potential to improve the typically low 
sensitivity or specificity of a single biomarker by balancing the weaknesses of one modality with the strengths of 
another [71]. For instance, combining sMRI and FDG-PET data has been shown to achieve significantly higher 
accuracy in Alzheimer’s disease (AD) diagnosis compared to using either modality alone [72]. While the majority 
of the studies in the review include cognitive tests, some studies (Table 6) do not incorporate important variables 
like age and gender, whose effects on brain volume have been demonstrated by numerous works. Although no sta-
tistically significant difference in accuracy was observed between controlled and uncontrolled studies (Fig. 16), 
the exclusion of such fundamental demographic characteristics runs the risk of insufficient disentanglement of 
biomarker effects from these powerful confounding variables, negatively impacting generalizability.

5.5.2  Leveraging longitudinal data for prognosis

Similarly, the use of longitudinal data enables not only the diagnosis of the disease but also the prediction of its 
rate of progression and individual course [73]. Morphometric measurements taken at a single time point (cross-
sectional data) may be insufficient to capture the subtle changes in the early stages of the disease or the dynam-
ics of its progression. Longitudinal ML models, by using the rates of change in VBM or SBM measurements 
acquired at sequential time points as input, can more reliably differentiate between cases of stable mild cogni-
tive impairment (sMCI) and those progressing to AD [74]. However, the studies included in this review have 

Fig. 16  Impact of age/sex/TIV on accuracy 
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not utilized longitudinal data or data on stable/progressing cognitive impairment. Consequently, the findings of 
the current studies remain predominantly focused on cross-sectional diagnosis, offering limited insight into the 
dynamics of disease progression and individual prognosis prediction.

5.5.3  Data availability and the translational gap

The primary obstacles preventing the full translation of these high-potential integration strategies into clinical 
practice are the limited accessibility and standardization of multi-modal and large-scale longitudinal datasets. 
The high cost and time-consuming nature of multiple modalities (sMRI, PET, DTI, clinical data) make it chal-
lenging to collect such comprehensive data for large cohorts within a single center.

Aggregating data collected across different centers (such as large international initiatives like the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) and the Open Access Series of Imaging Studies (OASIS)) poses sig-
nificant harmonization challenges due to variances in scanners, imaging protocols, and preprocessing methods 
[75]. These inconsistencies limit the generalizability of ML models in clinical settings. Furthermore, developing 
sophisticated Multi-View Learning or DL models that can effectively combine multi-modal data and produce 
interpretable results is more complex than developing single-modality models.

Therefore, to accelerate the transition to clinical application, it is crucial for researchers and institutions to 
collect multi-modal and long-term longitudinal data with standardized protocols and to make these data more 
globally accessible under the principles of Open Science. Only through this approach can the high-performing 
diagnostic models achieved through ML move from the laboratory environment and be integrated into patient 
care.

To address this gap, future research must adopt a translational roadmap guided by the following practical steps:

	● Rigorous external validation: Models must be tested on completely independent, geographically diverse da-
tasets acquired using different scanner hardware (e.g., cross-cohort validation) to quantify and mitigate scanner 
and center variability. Our finding of inconsistent preprocessing (Fig. 6) necessitates the adoption of standard-
ized pipelines before external validation.

	● Regulatory readiness (FDA/CE mark): Clinical deployment requires models to generate not only a diagno-
sis but also an Explainable AI (XAI) output, such as saliency maps or feature importance scores, that highlights 
the specific neuroanatomical regions driving the classification. This transparency is essential for clinician ac-
ceptance and regulatory approval.

	● Clinician-in-the-Loop models: The current binary classification output (AD vs. NC) is insufficient. Future 
models must shift towards probabilistic, multi-class outputs that differentiate between multiple NDs (e.g., AD 
vs. FTD vs. DLB) and integrate patient-specific multimodal data (MRI + CSF + Cognitive Scores) to create a 
comprehensive diagnostic score, aligning with real-world neurological differential diagnosis.

	● Longitudinal assessment: The focus must move from cross-sectional diagnosis to prediction of disease pro-
gression (e.g., MCI-to-AD within a 2-year follow-up period, conversion rates have been reported to range 
between 9.8 and 36.3% [76]), which is the most clinically impactful application for intervention.

Our review informs these pathways by demonstrating the performance ceiling of current binary, VBM/SBM-
only models and underscores the urgent need to transition to multimodal, multi-class validation frameworks that 
account for the identified methodological and data heterogeneity.

5.6  Recommendations for future research: a proposed standardization framework

Table 14 outlines the essential parameters that require standardization and transparent reporting to ensure repro-
ducibility and clinical viability in ML-based neuroimaging studies.
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5.6.1  Distinction between quality assessment and standardization proposals

While the Quality Assessment (QA) criteria (Table 5) were designed to evaluate the methodological robustness 
and internal validity of existing literature retrospectively, the proposed Standardization Table 14 serves a prospec-
tive purpose. The QA criteria focused on scoring studies based on established good practices (e.g., sample size 
sufficiency, use of cross-validation). However, our review revealed that even high-scoring studies often lacked 
the granular reporting details necessary for full reproducibility and clinical translation.

Therefore, the Standardization Table does not merely mirror the QA checklist; instead, it addresses the “report-
ing gaps” identified during the review. For instance, while the QA process evaluated whether a study implemented 
validation methods, the Standardization guidelines explicitly demand the reporting of full Confusion Matrices 
(TP/TN/FP/FN) to assess clinical safety–a detail frequently omitted in current literature but essential for future 
clinical deployment. Thus, Table 14 represents the ideal reporting standard required to overcome the reproduc-
ibility crisis, distinct from the evaluation metrics used to grade current retrospective data.

6  Limitations of this review

This systematic review identified several critical constraints that affected the interpretation and generalizability 
of the findings:

	● Small and Imbalanced Cohort Sizes: The final pool of eligible studies was limited to n = 12 due to strict 
inclusion criteria. Furthermore, many neurodegenerative conditions, such as LBD, were represented by very 
small sample sizes (e.g., n = 30), which restricted the statistical power and generalizability of the reported 
results.

	● Methodological Bias and Lack of Transparency: A significant “optimistic bias” was observed through cor-
relation analysis; studies with lower methodological transparency and lower QA scores tended to report higher 
classification accuracies (r = −0.32). This suggested that unreported overfitting might have artificially in-
flated the performance metrics in studies that failed to transparently report model parameters.

Phase Standardized parameter Rationale/clinical impact
I. Data acquisi-
tion and raw data

Scanner parameters Reporting of magnetic field strength (T), sequence 
type (e.g., T1w MPRAGE), and voxel size (mm3)

Image processing tools Specific versions of key software (SPM, FreeSurfer, 
FSL) and conversion tools (e.g., dcm2niix)

II. Preprocessing 
and alignment

Motion correction Mandatory application and reporting of the algo-
rithm used (e.g., spm_realign)

Skull stripping/segmentation Algorithm/tool and key settings used for brain tissue 
extraction and segmentation into GM, WM, and CSF

Normalization template Explicit statement of the template (e.g., MNI152) 
and the registration method (e.g., DARTEL, ANTs). 
If a custom template is used, its creation cohort must 
be described

III. Feature and 
statistical control

Covariate correction Method (e.g., linear regression) and variables (Age, 
Sex, TIV) used to statistically control for non-dis-
ease-related factors

Smoothing kernel Size of the smoothing kernel (FWHM, mm) applied 
during VBM/SBM analysis

IV. Validation 
and transparency

Full performance metrics Beyond accuracy and AUC-ROC, the complete con-
fusion matrix (TP, TN, FP, FN) must be reported

Source code sharing The complete source code used for model training 
and validation must be made publicly available (e.g., 
via GitHub or Zenodo)

Table 14  Standardization 
table
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	● Lack of Reproducibility and Open Science: Reproducibility remained a major challenge in the field, as 0% 
of the reviewed studies made their source code publicly available. Additionally, only 33.3% of the studies pro-
vided access to their datasets, significantly hindering the ability of third parties to verify the reported outcomes.

	● Insufficient External Validation: Only 25% of the reviewed studies tested their models on an independent 
external validation cohort. This lack of external validation made it difficult to assess how these models would 
perform in real-world clinical settings with different scanner hardware and protocols.

	● Oversimplified Diagnostic Paradigms: Most studies (91.7%) employed binary classification (e.g., Healthy 
Control vs. Patient), which does not reflect the clinical reality where neurologists must navigate differential 
diagnoses across multiple conditions. This approach ignored the prevalence of comorbid pathologies, such as 
mixed Alzheimer’s and vascular dementia, which were excluded from nearly all analyses.

	● Technical Heterogeneity: There was a notable lack of consistency in preprocessing techniques, particularly 
regarding motion correction, which was explicitly mentioned in only 29.2% of the studies. Given that head 
motion can artificially decrease gray matter volume estimates, the absence of these corrections might have led 
to spurious findings.

7  Conclusion

Our comprehensive systematic review evaluated a total of 12 studies. Our analysis highlighted the substantial 
promise of machine learning and deep learning approaches in the diagnosis of neurodegenerative conditions 
through structural MRI. However, the successful clinical translation of these techniques required careful naviga-
tion of fundamental challenges.

The integration of a rigorous 20-point QA revealed critical systemic gaps. We identified a significant negative 
correlation between methodological transparency and reported performance (r = −0.32), indicating an ’optimis-
tic bias’ where studies with lower QA scores tended to claim higher success rates. Furthermore, the review found 
that reproducibility was severely hindered by a total lack of public source code (0%) and limited data sharing 
(33.3%).

Interestingly, simpler models occasionally outperformed more complex deep learning architectures, suggest-
ing that neuroimaging diagnostics benefited more from biologically interpretable features than sheer computa-
tional complexity. To address these limitations, the field must prioritize multi-center collaborations to ensure the 
generalizability of findings while maintaining methodological rigor that balances reproducibility with clinical 
adaptability. True progress in this domain will be measured not only by benchmark metrics but also by the ability 
of these technologies to bridge the gap between algorithmic performance and actionable clinical insights.
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neurodegenerative diseases

See Fig. 17.
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Appendix D: Comparison of AUC-ROC score performances of algorithms for 
neurodegenerative diseases

See Fig. 18.

Fig. 18  Comparison of AUC-ROC score performances of algorithms for neurodegenerative diseases

 

Fig. 17  Comparison of accuracy value performances of algorithms for neurodegenerative diseases
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Appendix E: Comparison of accuracy performances by algorithms

See Fig. 19.

Appendix F: comparison of AUC-ROC performances by algorithms

See Fig. 20.

Fig. 20  Comparison of AUC-ROC performances by algorithms

 

Fig. 19  Comparison of accuracy performances by algorithms

 

1 3

42102  Page 42 of 49



Neural Computing and Applications (2026) 38:102

https://doi.org/10.1007/s00521-026-12022-1

Appendix G: Comparison of accuracy performances grouped by algorithms

See Fig. 21.

Appendix H: Comparison of AUC-ROC performances grouped by algorithms

See Fig. 22.

Fig. 21  Comparison of accuracy performances grouped by algorithms

 

Fig. 22  Comparison of AUC-ROC performances grouped by algorithms
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Appendix I: Accuracy performance distribution by neurodegenerative disease type

See Fig. 23.

Fig. 23  Accuracy performance distribution by neurodegenerative disease type
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Appendix J: AUC-ROC performance distribution by neurodegenerative disease type

See Fig. 24.
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