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ABSTRACT

Background and Purpose: Brain atrophy, characterized by sulcal widening and ventricular 
enlargement, is a hallmark of neurodegenerative diseases such as Alzheimer’s disease. Visual 
assessments are subjective and variable, while automated methods struggle with subtle 
intensity differences and standardization, highlighting limitations in both approaches. This 
study aimed to develop and evaluate a novel method focusing on cerebrospinal fluid (CSF) 
regions by assessing segmentation accuracy, detecting stage-specific atrophy patterns, and 
testing generalizability to unstandardized datasets.
Methods: We utilized T1-weighted magnetic resonance imaging data from 3,315 participants 
from Samsung Medical Center and 1,439 participants from other hospitals. Segmentation 
accuracy was evaluated using the Dice similarity coefficient (DSC), and W-scores were 
calculated for each region of interest (ROI) to assess stage-specific atrophy patterns.
Results: The segmentation demonstrated high accuracy, with average DSC values exceeding 
0.9 for ventricular and hippocampal regions and above 0.8 for cortical regions. Significant 
differences in W-scores were observed across cognitive stages (cognitively unimpaired, mild 
cognitive impairment, dementia of Alzheimer’s type) for all ROIs (all, p<0.05). Similar trends 
were observed in the images from other hospitals, confirming the algorithm’s generalizability 
to datasets without prior standardization.
Conclusions: This study demonstrates the robustness and clinical applicability of a novel 
CSF-focused segmentation method for assessing brain atrophy. The method provides a 
scalable and objective framework for evaluating structural changes across cognitive stages 
and holds potential for broader application in neurodegenerative disease research and 
clinical practice.
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INTRODUCTION

Alzheimer’s disease (AD) is the most common cause of dementia and is characterized by 
progressive cognitive decline and structural changes in the brain.1 One of the hallmark 
features of AD is brain atrophy, which results from the loss of neurons and synapses,2 
particularly in regions such as the medial temporal lobe and association cortices.2 This 
neuronal loss leads to gyral shrinkage and sulcal widening, structural changes that are closely 
linked to disease progression and severity.3 Quantifying brain atrophy has therefore become 
a critical aspect of diagnosing and monitoring AD, as it provides valuable insights into the 
extent of neurodegeneration and its clinical implications.4

Clinicians have traditionally evaluated brain atrophy by visually inspecting neuroimaging for 
evidence of sulcal widening and ventricular enlargements.3,5,6 While this approach aligns with 
the structural changes observed in AD, it is inherently subjective and prone to inter-rater and 
intra-rater variability, leading to inconsistencies in assessment.7 To address these challenges, 
visual assessment protocols were developed to standardize evaluations of brain atrophy.5,8 
However, reliability issues persist, particularly when evaluating subtle changes or when expertise 
levels vary among raters.9 These limitations underscore the need for objective and reproducible 
methods to assess brain atrophy more consistently across clinical and research settings.

Existing automated methods, such as cortical thickness measurements10-12 and voxel-based 
morphometry,13 aim to provide objective assessments by segmenting the boundary between 
gray matter and white matter. However, these methods often face challenges due to the 
subtle intensity differences at this interface, resulting in variability across imaging protocols 
and vendors.14 Such methods also require extensive preprocessing and standardization, 
which can be time-consuming and limit their utility in real-world clinical environments. 
Moreover, these approaches may not perform well on lower-resolution imaging modalities, 
such as 2-dimensional (2D) T1 magnetic resonance imaging (MRI) or computed tomography 
(CT), further complicating their applicability in routine clinical practice.

In this study, we developed a novel method focusing on extracerebral cerebrospinal fluid 
(CSF) regions that reflect sulcal widening and ventricular volume. Specifically, we aimed to 
1) evaluate the segmentation accuracy across all regions of interest (ROIs) by comparing it 
to silver standard, 2) assess the algorithm’s ability to detect stage-specific atrophy patterns 
across cognitive stages (cognitively unimpaired [CU], mild cognitive impairment [MCI], 
and dementia of Alzheimer’s type [DAT]), and 3) determine its generalizability by testing its 
performance on datasets without prior standardization. This method offers a practical and 
scalable solution for assessing brain atrophy, with potential applications in both clinical and 
research settings to improve the diagnosis and monitoring of neurodegenerative diseases.

METHODS

Participants
A total of 4,754 participants were recruited from the Korea-Registries to Overcome dementia 
and Accelerate Dementia Research (K-ROAD) project.15 K-ROAD is a nationwide multicenter 
cohort study conducted in South Korea, involving Samsung Medical Center (SMC) and 16 other 
hospitals, designed to advance the understanding and diagnosis of AD and related dementias. 
It is a member of the worldwide Alzheimer’s Disease Neuroimaging Initiative (ADNI).16 
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Among the hospitals utilizing diverse protocols (e.g., vendor, scanner type, voxel size), 
SMC, which provided the largest number of participants’ magnetic resonance (MR) images, 
along with the other hospitals, were separated into independent cohorts. The participants of 
both cohorts comprised individuals with CU, MCI, and DAT. CU individuals demonstrated 
no subjective cognitive complaints or functional impairments, with cognitive performance 
confirmed to be within normal limits through detailed neuropsychological assessments. MCI 
was diagnosed based on the National Institute on Aging-Alzheimer’s Association (NIA-AA) 
criteria,17 characterized by measurable cognitive decline in one or more domains without 
significant interference in daily functional activities. DAT was diagnosed following the NIA-AA 
guidelines, requiring evidence of significant cognitive decline, including memory impairment, 
that interfered with independence in daily life and was consistent with an Alzheimer’s 
disease etiology. The segmentation model was trained using MR images from 1,889 subjects, 
supplemented by public dataset, to delineate CSF in 14 brain regions. The W-score model, 
developed to define normal CSF volumes and quantify atrophy, used 3D T1 images from 936 
cognitively normal subjects, independent of the 3,315 recruits. Finally, to analyze the brain 
atrophy patterns across each group of participants within 2 independent cohorts, we included 
3,315 participants from SMC (Cohort 1) and 1,439 participants from other hospitals (Cohort 2).

We excluded participants who had any of the following conditions: 1) white matter 
hyperintensities due to radiation injury, multiple sclerosis, vasculitis, leukodystrophy or 
metabolic disorders; 2) traumatic brain injury; 3) territorial infarction; 4) brain tumor; and 5) 
rapidly progressive dementia.

The study protocol received approval from the Institutional Review Board (IRB) of SMC (IRB 
No. 2021-02-135). Written informed consent was obtained from each participant and all 
procedures were conducted in accordance with the approved guidelines.

Acquisition of 3D T1 images
To acquire 3D T1 turbo field-echo MRI scans from all participants at SMC, a 3.0 T MRI 
scanner (Philips 3.0 T Achieva; Philips Healthcare, Andover, MA, USA) was used with 
following parameters: sagittal slice thickness of 1.0 mm with 50% overlap, repletion time 
of 9.9 ms, echo time of 4.6 ms, and matrix size of 240×240 pixels reconstructed to 480×480 
over a field of view of 240 mm. The characteristics of MRI for all hospitals are shown in 
Supplementary Table 1.

Segmentation methods for regions of CSF
Overview of proposed pipeline is illustrated in Fig. 1. The pipeline for modeling the 
algorithm to compute the CSF volume and the W-scores for each ROI volume consists of 
a 2-step process. In the first step, a segmentation model is trained to compute each ROI 
volume. A 1 mm isotropic voxel resampled 3D MR images and corresponding label images 
were derived from the original 3D T1-weighted raw image using the SynthSeg18 function in 
FreeSurfer version 7.4.2. The CSF ROIs were then extracted from these label maps to create 
silver standard. The preprocessed images along with the silver standard were fed into a deep 
learning-based segmentation model for training.

A segmentation model was developed to delineate 14 ROIs using convolutional neural 
network-based deep learning approach. The defined ROIs included the CSF adjacent to the 
gray matter within the lobe regions, specifically, the left and right of frontal (L_Frontal, 
R_Frontal), occipital (L_Occipital, R_Occipital), parietal (L_Parietal, R_Parietal), and 
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temporal (L_Temporal, R_Temporal) lobes. Additionally, ventricular spaces were considered, 
including the left and right of anterior lateral ventricle (LV) (L_Anterior_LV, R_Anterior_LV), 
posterior LV (L_Posterior_LV, R_Posterior_LV), and CSF space surrounding the left and right 
of hippocampal regions (L_Hippocampal, R_Hippocampal).

MR images used for training and testing were obtained from the Cohort 1, ADNI, 
International Consortium for Brain Mapping,19 Information eXtraction from Images, and 
Open Access Series of Imaging Studies.20 Further details are provided in Supplementary 
Table 2. We used 2D nnUNet21 as a segmentation model and performed 5-fold cross 
validation. The preprocessed images were further processed using the default preprocessor of 
nnUNet and were trained according to the following implementation details: leaky rectified 
linear unit as the activation function, loss function combining Dice loss and cross-entropy 
loss, stochastic gradient descent as the optimizer, a learning rate of 1e-2, a weight decay of 3e-
5, 200 epochs, a batch size of 64. The evaluation metric was Dice similarity coefficient (DSC) 
which calculated overlap between silver standard and prediction as follows:

	
DSC = 2 × TP

2 × TP + FP + FN 

where TP, FP, and FN represent true positives, false positives, and false negatives respectively. 
The volumes of each ROI were calculated by summing the voxel values within the predicted 
ROIs, with each voxel representing the presence or absence of a target region.
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Fig. 1. Overview of the proposed pipeline in this study. The figure illustrates the algorithmic modeling process for measuring the volume and W-scores of each 
ROI. The pipeline consists of 2 main steps: segmentation, which calculates the volume, and regression, which calculates the W-scores for each ROI. In the 
segmentation step, the model is trained using preprocessed 3D T1-weighted images and silver standard for 14 ROIs and intracranial volume. The regression 
model is designed to calculate the W-scores using the volume obtained from the segmentation step and the demographic information of the CU group. The 
global volume is defined as the sum of the CSF_Vols of the 14 ROIs. 
ROI: region of interest, 3D: 3-dimensional, CU: cognitively unimpaired, CSF_Vol: cerebrospinal fluid volume, LV: lateral ventricle.



Regression for W-score of each region of CSF
W-score22 is a statistical metric that can be adjusted for specific covariates. In this study, the 
W-score was derived from the CSF volume predicted from a multiple linear regression model 
with age and sex as covariates. The regression model, referred to as W-score model, was 
developed for each ROI volume, using age and sex as covariates for 936 subjects in CU group 
from SMC in the second step (Fig. 1). The W-score is calculated as follows:

	 𝑊𝑊 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅𝑅𝑅𝑅𝑅 =
𝐸𝐸𝑊𝑊_𝑅𝑅𝑅𝑅𝑅𝑅(𝐴𝐴, 𝑆𝑆) − 𝑉𝑉𝑅𝑅𝑅𝑅𝑅𝑅

𝜎𝜎𝑊𝑊_𝑅𝑅𝑅𝑅𝑅𝑅
 

where EW_ROI(A,S) is expected CSF_Vol of ROI in W-score model with Age (A) and Sex (S), 
VROI is the participant’s CSF_Vol of ROI derived from segmentation model, and σW_ROI is the 
standard deviation of the residuals in W-score model.

Statistical analysis
All statistical analyses were performed using R software, version 4.4.2 (R Foundation for 
Statistical Computing, Vienna, Austria; http://www.r-project.org). χ2 test was applied to 
evaluate differences in categorical variables. Group differences in continuous variable in 
continuous variables were also analyzed with an analysis of variance (ANOVA). ANOVA 
was performed, followed by post-hoc tests when relevant. The distribution pattern of 
the W-scores for each ROI across the groups was visualized and analyzed using boxplots. 
Subsequently, Cohen’s d was calculated to assess the effect size of differences between the 
groups for each ROI.

RESULTS

Participant characteristics
The demographic and clinical characteristics of participants in the Cohort 1 and Cohort 2 are 
presented in Table 1. In the Cohort 1 (n=3,315), the mean age was 71.7±7.8 years, with 58.6% 
female participants. The average years of education were 11.8±4.8, and the mean Mini-Mental 
State Examination (MMSE) score was 24.7±4.9. The mean intracranial volume (ICV) was 
1,483.7±133.6 mL. In the Cohort 2 (n=1,439), participants had a mean age of 72.3±7.9 years, 
with 64.1% being female. The average years of education were 9.3±4.8, and the mean MMSE 
score was 24.0±4.7. The mean ICV was 1,475.6±164.2 mL.
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Table 1. Demographics of participants in 2 cohorts
Characteristics Samsung Medical Center (Cohort 1) Other hospitals (Cohort 2)

Total CU MCI DAT Total CU MCI DAT
No. of subjects 3,315 900 1,559 856 1,439 414 821 204
Age (yr) 71.7±7.8 71.2±7.2 72.0±7.5 71.8±8.8 72.3±7.9 68.7±7.7 73.7*±7.4 73.9*±8.4
Sex, female 1,942 (58.6%) 557 (61.9%) 868 (55.7%) 517 (60.4%) 922 (64.1%) 267 (64.5%) 533 (64.9%) 122 (59.8%)
Education (yr) 11.8±4.8 11.8±4.7 12.1±4.7 11.2*†±4.9 9.3±4.8 10.4±4.6 8.9*±4.8 8.8*±5.1
MMSE score 24.7±4.9 28.1*±2.0 25.7*±3.2 19.4*†±5.1 24.0±4.7 27.2±2.4 23.8*±4.1 18.9*†±5.3
ICV (mL) 1,483.7±133.6 1,484.2±130.9 1,492.0±136.0 1,467.8*†±130.6 1,475.6±164.2 1,482.2±130.7 1,469.7±143.8 1,486.2±269.3
The sex value expressed as number of female (%) and the other value expressed as mean ± standard deviation. The distributions of age, education, MMSE, and 
ICV were analyzed using analysis of variance and Tukey’s post hoc test for statistical significance between groups. The sex distribution was tested for significance 
using a χ2 test.
CU: cognitively unimpaired, MCI: mild cognitive impairment, DAT: dementia of Alzheimer’s type, MMSE: Mini-Mental State Examination, ICV: intracranial volume.
*Significant difference with CU group, †Significant difference with MCI group.

http://www.r-project.org


Segmentation performance of each ROI
The segmentation performance for 14 ROIs and ICV was evaluated using the average DSC 
from 5-fold cross-validation (Fig. 2). The ROIs surrounding the LVs achieved the highest DSC 
values, with 0.976 for L_Anterior_LV, 0.974 for R_Anterior_LV, 0.977 for L_Posterior_LV, and 
0.975 for R_Posterior_LV. The hippocampal regions also showed high DSCs of 0.914 for both 
L_Hippocampal and R_Hippocampal. Among the cortical ROIs, the frontal, parietal, and 
temporal regions had DSCs above 0.8, including 0.859 for L_Frontal, 0.858 for R_Frontal, 
0.856 for L_Parietal, 0.858 for R_Parietal, 0.838 for L_Temporal, and 0.844 for R_Temporal. 
In contrast, the occipital regions displayed slightly lower performance, with DSCs of 0.761 for 
L_Occipital and 0.740 for R_Occipital. Representative examples of the segmentation results 
can be found in Supplementary Fig. 1.

Regional variations in W-scores among CU, MCI, and DAT
Fig. 3 shows the distribution and statistical significance of W-scores for each ROI across the 
CU, MCI, and DAT groups in the Cohort 1 (Fig. 3A) and Cohort 2 (Fig. 3B). In both cohorts, all 
ROIs showed significant differences in W-scores between CU and both MCI and DAT groups 
(all, p<0.05), indicating consistent patterns of differentiation across the 2 cohorts. Significant 
differences in W-scores between MCI and DAT groups were observed across all ROIs in the 
Cohort 1 (p<0.05). In the Cohort 2, similar differences were found, except in the left frontal, 
parietal and occipital ROIs.
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Fig. 2. Segmentation performance of proposed model across ROIs. The figure shows the segmentation 
performance of the proposed model, evaluated using the DSC by comparing model outputs to silver standard. 
ROI: region of interest, DSC: Dice similarity coefficient, CSF: cerebrospinal fluid, L_Anterior_LV: left anterior 
lateral ventricle, R_Anterior_LV: right anterior lateral ventricle, L_Posterior_LV: left posterior lateral ventricle, 
R_Posterior_LV: right posterior lateral ventricle, L_Hippocampal: left hippocampal, R_Hippocampla: right 
hippocampal, L_Frontal: left frontal, R_Frontal: right frontal, L_Temporal: left temporal, R_Temporal: right 
temporal, L_Parietal: left parietal, R_Parietal: right parietal, L_Occipital: left occipital, R_Occipital: right occipital.



The effect size of W-scores for each ROI, based on three pairwise comparisons, are presented 
in Fig. 4 for both the Cohort 1 (Fig. 4A) and Cohort 2 (Fig. 4B). LVs, hippocampal, and 
temporal ROIs showed large effect size differentiating CU and DAT groups in both cohorts. 
Across the 2 cohorts, the effect sizes in the LV and hippocampal ROIs showed similar effect 
size differentiating the CU-MCI and MCI-DAT groups, whereas the effect sizes in the lobe 
region ROIs displayed divergent trends.

DISCUSSION

In this study, we developed an algorithm based on T1 MRI images to calculate CSF volumes 
and W-scores for assessing brain atrophy. Our major findings were as follows. First, the 
segmentation performance, evaluated through DSC, demonstrated high agreement with 
silver standard, indicating robust segmentation accuracy. Second, significant differences in 
W-scores were observed across cognitive stages (CU, MCI, and DAT) for all ROIs, reflecting 
the algorithm's ability to detect stage-specific atrophy patterns. Finally, similar trends were 
observed in the images from the Cohort 2, confirming the generalizability of our findings. 
Taken together, our findings suggest that this algorithm provides a reliable framework for 
quantifying brain atrophy and detecting stage-specific atrophy patterns across cognitive 
stages. Clinically, this approach has the potential to enhance the understanding and 
monitoring of cognitive impairment progression.
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those greater than 3 are treated as 3, but this adjustment applies only in the boxplots. 
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Our first major finding was that the segmentation performance, evaluated through DSC, 
demonstrated high agreement with silver standard, highlighting the robustness of the 
algorithm. The highest DSC values were observed in the ventricular and hippocampal 
regions, exceeding 0.9, followed by cortical regions, including the frontal, temporal, and 
parietal lobes, which achieved DSC values above 0.8. Unlike conventional segmentation 
approaches10-13 that rely on the gray matter-white matter boundary, which often shows 
subtle intensity differences, our method focuses on the CSF-gray matter and CSF-white 
matter boundaries, where intensity differences are more pronounced. This methodological 
advantage enhances segmentation accuracy, particularly in regions with complex geometries, 
such as the ventricles and hippocampal areas.

An important strength of our approach lies in its ability to provide a quantitative framework 
for assessing ROIs23 routinely evaluated by clinicians in cognitive impairment. Traditional 
visual assessment, while commonly used, is inherently subjective and prone to inter-rater 
and intra-rater variability.7 By offering precise and reproducible measurements of CSF volume 
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Fig. 4. Forest plots presenting the effect size on W-scores of the CSF volume of each ROI through 3 pairwise comparisons in (A) Cohort 1 and (B) Cohort 2. The 
dots in plot represent Cohen’s d values, and the values on both sides represent 95% confidence intervals. Cohen’s d values less than 0.2 are considered “very 
small,” less than 0.5 “small,” less than 0.8 “medium,” less than 1.2 “large,” and greater than or equal to 1.2 “very large.” 
CSF: cerebrospinal fluid, ROI: region of interest, CU: cognitively unimpaired, MCI: mild cognitive impairment, DAT: dementia of Alzheimer’s type, L_Anterior_LV: 
left anterior lateral ventricle, R_Anterior_LV: right anterior lateral ventricle, L_Posterior_LV: left posterior lateral ventricle, R_Posterior_LV: right posterior 
lateral ventricle, L_Hippocampal: left hippocampal, R_Hippocampla: right hippocampal, L_Frontal: left frontal, R_Frontal: right frontal, L_Temporal: left 
temporal, R_Temporal: right temporal, L_Parietal: left parietal, R_Parietal: right parietal, L_Occipital: left occipital, R_Occipital: right occipital, Global: sum of 
all cerebrospinal fluid regions of interest.



and W-scores, our method overcomes these limitations, providing objective data critical for 
accurate and consistent evaluation of brain atrophy.

Our second major finding was that significant differences in W-scores were observed across 
cognitive stages (CU, MCI, and DAT) for all ROIs, reflecting the algorithm’s ability to detect 
stage-specific atrophy patterns. Temporal, hippocampal, and ventricular regions exhibited 
the largest differences, with W-scores progressively decreasing from CU to DAT, indicating 
increasing CSF volume associated with advanced atrophy. These results confirm that our 
approach, while novel, performs comparably to existing methods24-26 in identifying stage-
specific atrophy patterns. Furthermore, by focusing on a comprehensive set of ROIs that 
cover both cortical and subcortical regions, our method provides a broader view of brain 
atrophy progression compared to prior studies27-30 that often emphasize isolated regions 
such as the hippocampus or LVs. This capability ensures sensitivity across the spectrum of 
cognitive impairment, offering a robust tool for detecting and quantifying structural brain 
changes. The alignment of these results with clinical markers such as ventricular enlargement 
and hippocampal atrophy underscores the clinical relevance of our algorithm and its 
potential to support decision-making in both research and practice.

Our final major finding was that similar trends were observed in the images from the Cohort 
2, confirming the generalizability of our findings. Significant differences in W-scores across 
cognitive stages (CU, MCI, and DAT) were consistently observed for key ROIs including 
temporal, hippocampal, and ventricular regions in the Cohort 2, mirroring the results 
from the Cohort 1. This consistency highlights the robustness of the algorithm across 
diverse datasets. A key reason for focusing on ROIs with pronounced intensity differences, 
such as the CSF-gray matter and CSF-white matter boundaries, was to ensure that the 
algorithm performs reliably even for imaging datasets without extensive preprocessing 
or standardization. Unlike traditional approaches10,13 that often rely on tightly controlled 
imaging conditions, our method was designed to be adaptable to diverse datasets. The 
observed consistency between the Cohort 1 and Cohort 2 suggests that the algorithm’s 
reliance on clearly defined intensity contrasts helps make it adaptable across various clinical 
and research settings, even when image acquisition protocols differ. By focusing on intensity 
differences that tend to remain stable across imaging modalities and datasets, this algorithm 
aims to improve reproducibility and standardization in heterogeneous populations. This 
adaptability makes its potential utility in real-world settings and suggests that it could be 
useful in broader clinical workflows, including those incorporating CT or 2D T1 MRI data.

Our study’s methodological strength lies in its ability to leverage intensity differences at 
CSF boundaries to achieve robust and reproducible segmentation and quantification across 
diverse cohorts and imaging conditions. However, this study has several limitations. First, 
the analysis was based solely on 3D T1 MRI data, and the performance of the algorithm on 
other modalities, such as CT or 2D T1 MRI, remains untested. Second, while the images from 
the Cohort 2 demonstrated similar trends, variability in imaging protocols and demographic 
characteristics could influence generalizability. Notably, significant differences between MCI 
and DAT were not observed in the left frontal, parietal and occipital ROIs in the Cohort 2, 
possibly due to differences in image quality or acquisition parameters. Further investigation 
is needed to determine whether this reflects methodological variability or biological 
differences. Third, the algorithm primarily focuses on CSF segmentation, which may limit 
its application in evaluating other brain regions, such as deep gray matter structures. Finally, 
the cross-sectional nature of the study precludes any conclusions about the algorithm’s ability 
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to track longitudinal changes in brain atrophy. Nonetheless, our findings provide valuable 
insights into brain atrophy patterns across cognitive stages and demonstrate the potential of 
CSF-based segmentation methods may contribute to both research and clinical workflows. 
While the algorithm’s adaptability across diverse cohorts, additional validation is required to 
confirm its broader applicability, particularly in routine clinical practice and lower-resolution 
imaging modalities.

In summary, our study developed a robust algorithm leveraging CSF boundaries to achieve 
precise segmentation and quantification of brain atrophy, demonstrating strong performance 
across diverse cohorts. Significant differences in W-scores were consistently observed across 
cognitive stages, validating the algorithm’s ability to detect stage-specific atrophy patterns. These 
findings highlight the potential of this method to enhance clinical and research workflows, 
offering a scalable tool for broader applications in neurodegenerative disease assessment.

SUPPLEMENTARY MATERIALS

Supplementary Table 1
MRI information for all cohorts

Supplementary Table 2
Demographic information of dataset for segmentation model

Supplementary Fig. 1
Segmentation results for the 14 cerebrospinal fluid space across cognitive stages.
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