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Abstract
Objective: Dementia causes degeneration of neurons in brain. This disorder
prognosis is difficult to understand in a non-invasive manner. This study is
an attempt to understand CSF texture variations across different dementia
severity stages using optimized machine learning model. Since this biomarker
has not been fully explored for different severity changes of brain diseases.
Methods: In this study, ADNI database is considered to attain normal (HC),
EMCI, MCI, LMCI and AD images. The skull stripped images are segmented
usingmultilevel Tsallis basedmoth flameoptimization. Further, GLCM, ZM, LBP,
ST and PHOG features are extracted to study pathological texture variation
in CSF. Multi-subspace randomization and collaboration (MSRC) based feature
selection method is used to attain significant feature. Finally, SVM performs
multiclass classification. Findings: Results indicate that the proposed method
precisely segmented CSF region for all considered images with high correlation
values of 0.9. The MSRCmethod identifies appropriate rank for the considered
feature vectors based on the performance in multiple subspaces. ANOVA test
identifies optimal features set with a p-value < 0.001 for classification. It is
noticed that SVM classifier classify HC (99%) , EMCI (97%), MCI (96%), LMCI
(98%) and AD (96.1%) images with better prediction. Novelty: The novelty of
this work is to integrate optimized thresholding model, texture analysis, and
statistical validation to establish a measurable link between CSF biomarkers
and dementia severity stages. Hence, it could offer better clinical insights for
clinicians tomake appropriate decisions regarding the progression of dementia
severity stages and its underlying changes.
Keywords: Dementia; Cerebrospinal fluid (CSF); Moth flame optimization;
Texture feature; Multi-subspace randomization and collaboration (MSRC)
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1 Introduction
Dementia is an irreversible neurodegenerative disorder characterized by progressive cognitive decline. It causes gradual
neuronal loss, leading to structural and functional abnormalities in cortical regions (1). According to Alzheimer’s Disease
International, approximately 47 million people worldwide are affected by dementia (2). The common symptomatic stages
include early mild cognitive impairment (EMCI), mild cognitive impairment (MCI), late mild cognitive impairment (LMCI),
and Alzheimer’s disease (AD), which are primarily identified through cognitive assessments. However, no specific symptom
can consistently determine the progression of dementia, as brain alterations often occur before the appearance of amnestic
symptoms (3).

Research on neurodegeneration focuses on the role of abnormal amyloid-beta accumulation in cerebrospinal fluid (CSF)
during the early stages (4). However, CSF remains a sparsely studied region despite its established implication in dementia
progression, especially when compared to regions such as the hippocampus, corpus callosum, and lateral ventricles (5). Changes
in CSF are closely linked to the neurochemical environment and can reflect subtle alterations in the brain even before
they become clinically apparent. These alterations may influence the texture and volume of CSF, as neuronal degeneration
affects surrounding tissue structures (6). By examining these subtle textural variations in CSF, this work aims to uncover early
neurodegenerative changes that contribute to dementia prognosis. Previous studies suggest that such inevitable texture changes
associated with neurodegeneration can be effectively captured using structural magnetic resonance (MR) imaging (1).This study
addresses the existing research gap by focusing not only onCSF volume but also on texture variations arising frombrain atrophy,
which alter CSF fluid dynamics and composition. These subtle variations can be quantified through MR imaging, positioning
CSF as a crucial biomarker.Thus, this work leverages the potential of CSF to detect early-stage changes that may be overlooked
by other biomarkers. However, direct analysis of CSF may not be sufficient to reveal progressive changes using structural MR
alone; such variations can be better identified through pattern recognition and machine learning techniques.

Segmentation of the CSF region presents several challenges due to its complex orientation and morphological associations
with surrounding tissues (3). Both automatic and semi-automatic segmentation methods can be considered for such complex
delineations. Methods like FreeSurfer and FSL primarily estimate CSF volume, but they require extensive hyperparameter
tuning, which can be difficult for intra-class subject delineations. Similarly, Level Set methods are often complex in identifying
boundaries in abnormal images due to geometric variations (4). Region growing techniques tend to be sensitive to noise
and the choice of initial seed, which may lead to over-segmentation or under-segmentation, particularly in pathological
cases. Watershed segmentation performs well when image boundaries are clearly defined, but it struggles in the presence
of noise or poorly contrasted regions. Deep learning-based CSF segmentation approaches may sometimes misinterpret
background structures as relevant features, leading to inaccuracies during training and requiring substantial computational
resources. Therefore, this study employs a thresholding-based approach that distinguishes different gray-level intensities in
an image (7). Specifically, Tsallis entropy is utilized to capture the maximum probability of gray-level variations suitable for
multilevel thresholding.TheMoth FlameOptimizer (MFO) is then used to determine the optimal thresholds without structural
adjustments to the algorithm, owing to its intrinsic search ability, flexibility, and gradient-free nature (8).This approach effectively
preserves CSF structure, which is crucial for accurately delineating abnormal MR images.

Literature shows that texture features extracted from MR images are used to provide quantitative information about the
region of interest rather than its atrophy rates which are suitable to observe diagnostic differences (9). Conventional texture
features such as grey level co-occurrence matrix (GLCM), structure tensor (ST), Zernike moments (ZM), local binary pattern
(LBP) and pyramid histogram of gradient (PHOG) have been extracted from the segmented CSF region.These features help to
reveal the subtle invisible texture abnormalities that are accumulated in CSF (1). Further, these measures provide morphological
information which is found to be robust to identify the variations in CSF that correlate with amyloid degeneration. These
features could help to better understand disease progression and early diagnosis, offering advantages over traditional atrophy
measurements and functional brain changes in disease prognosis.

Further, to improve the diagnostic prediction and prognostic information obtained from extracted textures, feature selection
is performed. Generally, feature ranking methods are considered in feature selection to handle the high-dimensional texture
features, as they are computationally inexpensive. Methods such as mutual information, genetic algorithms, and recursive
feature elimination have several limitations when applied to CSF features, including the tendency to capture redundant
features, inefficiency in handling correlated features, and susceptibility to overfitting (1). This study uses the multi-subspace
randomization and collaboration (MSRC) technique for ranking the features. This method considers features in different
subspaces and ranks thembased on their performance, resulting in a robust and interpretable feature set (10).The ranked features
have a high degree of significance and efficiently improve the performance of classification. Methods such as clustering are
sensitive to initial centroid placements, voting is dependent on the performance of individual base models, and deep learning
models require large amounts of labeled data. However, SVM ability to prevent overfitting through regularization and its
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strength in handling non-linear boundaries through the kernel trick make it optimal for predicting the severity prognosis
of CSF (6). Its efficacy lies in its fault tolerance and better generalization.

This study attempted to investigate the progression of dementia stages in CSF. The work focuses on textural variations of
CSF in healthy control (HC), EMCI, MCI, LMCI and AD images. Multilevel Tsallis basedMFO is considered for segmentation.
Various texture features are extracted from the segmented region which gives spatial and gradient information with distinct
moment in different directions. Significant feature is selected using MSRC and analysed. SVM based classification is carried
out on these features and clinical correlation is performed.

The main contributions of this study are as follows:

• Precise segmentation of the CSF region in normal, EMCI, MCI, LMCI, and AD stages using multilevel Tsallis entropy-
based MFO.

• Analysis of the variations in texture features of the CSF region across the different disease stages to assist in disease
prognosis.

• Identification of significant features using the MSRC method, followed by statistical testing.
• Classification of normal, EMCI, MCI, LMCI, and AD stages based on texture features extracted from the CSF region.

2 Methodology
The workflow is depicted in Figure 1. The T1 weighted trans-axial view MR images of 2500 from HC, EMCI, MCI, LMCI
and AD subjects are considered from a public database ADNI based on cognitive scores. The images are pre-processed using
robust brain extraction tool. CSF is segmented usingmultilevel Tsallis basedMFO. GLCM, ST, ZM, PHOG and LBP features are
extracted from segmented CSF to observe the texture difference. Further, MSRC method selects discriminative features based
on ranking. Finally, classification is carried out with the help of multiclass SVM. Finally, significant texture feature is correlate
with clinical score. Thus, CSF is found to demarcate the clinical pathology of the severity levels.

2.1 Image Database

Alzheimer’sDiseaseNeuroimaging Initiative (ADNI) database (https://adni.loni.usc.edu/) imageswas used in this study (11).The
current study utilized data from the ADNI-1 and ADNI-2 cohorts. ADNI-1 primarily includes baseline scans, while ADNI-2
provides both baseline and follow-up data and introduces further subclassification of MCI into EMCI and LMCI groups. In
this work, we considered only the baseline scans of the selected subjects to maintain consistency in disease stage representation
and avoid longitudinal variability. The mean age (± standard deviation) for each group was: HC (75.8 ± 5.0), EMCI (74.8 ±
6.9), MCI (74.7 ± 7.5), LMCI (75.0 ± 7.7), and AD (75.3 ± 7.3).The severity of the subjects was categorized based on cognitive
examination. However, this examination is only suitable for preliminary analysis (12). In order to reveal prognostic information
T1 weighted MR image is considered.

A total of 150 subjects were selected from each class such HC, EMCI, MCI, LMCI, and AD resulting in 750 subjects overall.
From these, 500 representative middle slices were extracted per class (500*5 = 2,500 total images). Middle slices were chosen
as they capture the most prominent anatomical variations in the CSF regions. The image slice positions for each subject were
determined independently. From each subject, two or three middle slices from the T1-weightedMRI were selected to represent
the cerebrospinal fluid (CSF) region. Since middle slices often exhibit structural variations associated with neurodegenerative
disorders, the images were carefully selected based on visual evaluation criteria.

2.2 Pre-processing

The morphometric studies of MR brain images often require pre-processing. This phase delineates extra cranial tissues from
the images (13). This framework adopts robust learning- based brain extraction tool (ROBEX) for delineation of non-brain
tissues (14). This method is trained with various brain templates for exact delineation of brain mask. Point distribution and
deformation model are used in the method which balances the variation in brain shape. This helps to preserve the prominent
brain regions that are highly influential in cognitive impairment.

2.3 Multilevel Tsallis based moth flame optimization

Initially, skull stripped images are segmented then CSF is extracted from brain tissue to capture the changes for normal and
abnormal images (15). Tsallis entropy based multilevel thresholding is attempted to measure the distinct information content in
an image. This entropy becomes complex when number of thresholds increases. Hence, optimizer is adopted. The optimizer
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Fig 1.Work flow of the proposed study

influences the objective function of Tsallis entropy which gives optimal thresholds. This is expressed as (16),

𝑇𝑜𝑝𝑡 = arg𝑚𝑎𝑥[𝑆𝑝(𝑡)+𝑆𝑞(𝑡)+(1−𝑥) ⋅𝑆𝑝(𝑡) ⋅𝑆𝑞(𝑡)] (1)

Here t is the number of thresholds values x determine the degree of non-extensivity in an image. Further, moth flame
optimization (MFO) is adopted to optimize the thresholds. This is a population-based optimizer which works based on
navigating mechanism of moths called transverse orientation. Moth and flames are initialized in the search space. Flame refers
to the artificial light of the moth. The optimized thresholds are obtained by best visited position of each moth towards flame. It
is denoted as (8),

𝑆 (𝐸𝑖,𝐹𝑗) = 𝑍𝑖 ⋅ 𝑒𝑏𝑡 ⋅ cos(2𝜋𝑡)+𝐹𝑗 (2)
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Here, Ei represents ith moth and Fj denotes the jth flame. Zi indicates the distance between jth flame and ith moth, t represents
a random number in [-1, 1] and b is a constant that indicates the shape of the logarithmic spiral. Thus, the optimizer provides
high exploitation capability and has the ability to optimize search spaces with infeasible regions (17). Thus, this characteristic is
useful to identify optimum thresholds in brain to segment the appropriate region.

2.4 Texture Feature
The texture features are extracted from the segmented CSF to examine the prognosis variation in an image. Initially,
GLCM matrices are used to calculate statistical and correlation measures from heterogeneous image (18). This feature helps
to infer the occurrence of pixel pair and spatial relationship between the pixels. Thus, local pattern of GLCM features are
constructed. Consequently, LBP descriptor extracts the local information of each pixel based on joint distribution difference
with neighbourhood pixels (19). Further, ZM are obtained by projecting the image in a complex orthogonal polynomial (20). This
polynomial descriptor uses various moments with corresponding repetition order to generate feature information. The higher
and lower order moments describe the different global details of an image. Subsequently, in PHOG canny edge is extracted for
an image and is divided into spatial grids and orientation gradients are computed using sobel mask (20). Finally, the gradients
of each grid are linked together at each pyramid level. Thus, local and global based orient gradient information are extracted.
Lastly, ST captures the local dimensionality and the corresponding orientation for simple neighborhoods in an image (21). It
shows the similarities and prominent orientations of image gradients. It analyses the major directions of the gradient in a
definite neighborhood of a point, and the degree to which those directions are coherent.Thus, these features have been applied
in various medical image detection and classification. Finally, this study utilises the property of each feature to capture the
microstructural information and identify texture alterations.

2.5 Feature Selection
The extracted texture features are given to multi-subspace randomization and collaboration (MSRC) based feature selection
method (10). Initially, each feature is participated in amultiple sub-space (22). Each sub-space holds diverse and balanced features
with similar size. Further, these features construct KNNgraphwith appropriate structure. Based on the graph, Laplacian analysis
is carried out and a Laplacian score is obtained for each feature that holds their performance. Finally, feature vector with
score for multiple sub-space are concatenated. These feature vectors are ranked based on averaging the performance of each
feature. Further, analysis of variance (ANOVA) test is carried out to understand the influence of considered features (6). Thus,
this method improves the distinctive capability of the classifier between classes, speeds the classification task and reduces the
computational time.

2.6 Classification
Support vector machine (SVM) is widely attempted to classify the variations in medical images. Here each feature is considered
as a point in N-dimensional space with the value of each feature being the value of a particular coordinate (23). Then classifier
discriminates the classes based on hyper plane (24). This plane is created among the classes that represent the longest distance
between closest data points. The tuning of parameters such as gamma (𝛾) and constant C highly influences the plane. Finally,
performances measures are obtained as classification result (25).

3 Results of the Proposed Work

3.1 Analysis of pipeline
The typical T1 weighted MR images of HC, EMCI, MCI, LMCI and AD in trans-axial view are shown in Figure 2(a-e). The
structure of brain regions differs in normal and abnormal images. These changes are reflected in CSF which is accountable for
dementia.The corresponding skull striped images are shown in Figure 2(f-j). It is visualized that delineation of non-brain tissues
using ROBEX does not affect the structure of brain which pose inhomogeneious intensity, irregular tissue and edges. Hence,
CSF segmentation is tedious. In order to overcome this challenging task, segmentation of CSF is achieved using multilevel
Tsallis based MFO with optimized threshold which are shown in Figure 2(k-o).

3.2 Significance and impact of segmentation method
The optimized threshold is attained using the social behavior of moths. The parameters considered to optimize the threshold
include the population of moths (N = 30), iterations (I = 500), and variable dimension (D = 4). The desired tuning of these
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Fig 2. Typical original T1 weighted image of (a) HC, (b) EMCI, (c) MCI, (d) LMCI and (e) AD, (f-j) corresponding skull stripped images,
(k-o) corresponding CSF segmented images

parameters helps to attain an appropriate threshold position to segment CSF. The extracted CSF region appears dark gray.
However, the visual result of the segmented CSF structures does not provide any significant insight for discriminating different
classes.

The segmentation result is quantitatively validated using the correlation measure. The correlation plots between the
segmented CSF area and its corresponding gold standard area in HC, EMCI, MCI, LMCI, and AD are shown in Figure 3(a–e),
extracted using the Clinical Neuroimaging Software Suite tool under expert guidance for all considered classes.The correlation
value (R) of the segmented CSF is found to be above 0.9 in all the considered cases.

Further, segmentation methods are evaluated with various overlap measures with the obtained ground truth. The Dice
coefficient is used to validate the degree of correspondence between the ground truth and the segmented region. Using
Multilevel Tsallis-based entropy with the MFO method, the Dice coefficient is attained as HC (0.987), EMCI (0.995), MCI
(0.983), LMCI (0.975), and AD (0.970), respectively. Likewise, the Jaccard index shows values of 0.974, 0.985, 0.966, 0.951, and
0.942 for HC, EMCI, MCI, LMCI, and AD images, respectively.

Consequently, CNN-based segmentation is attempted to delineateCSF from the considered images.Thesemethods are prone
to overfitting and often demonstrate poor generalization across images. Furthermore, their segmentation accuracy tends to
vary with tissue type and structure complexity. The target biomarker, such as CSF segmentation, involves irregular boundaries
and subtle intensity transitions. CNNs rely heavily on large-scale spatial context, which limits their adaptability. In contrast,
the proposed Multilevel Tsallis Entropy + MFO approach directly utilizes the pixel-level intensity distribution and adaptively
determines optimal thresholds for complex CSF structures.

FromTable 1, it is shown that this approach achieves desired stable performance due to its balanced exploration–exploitation
mechanism, allowing precise segmentation of complex CSF structures while preserving boundary, shape, and appearance
across all severity stages. Overall, theMFO-basedmethod effectively captures fine gray-level variations, enabling precise spatial
representation of disease-related changes in each stage of MR images. Therefore, the MFO-segmented CSF regions provide
meaningful features for subsequent analysis across HC, EMCI, MCI, LMCI, and AD stages.

3.3 Robustness of texture features extraction

Initially, the GLCM texture feature calculates the pixel intensities at each position of an image with the desired distance and
various orientations such as 0∘, 45∘, 90∘, and 135∘. Hence, it infers 22 features that describe the spatial relationship between
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Fig 3.The correlation between segmented and gold standard CSF area for all the subjects (a) HC, (b) EMCI, (c) MCI, (d) LMCI and (e) AD

https://www.indjst.org/ 3412

https://www.indjst.org/


Priyanka et al. / Indian Journal of Science and Technology 2025;18(43):3406–3421

Table 1. Comparison of CSF segmentation methods on T1-weighted MR images
Method Type Average Dice

Coefficent
Computation Time per 3D
Volume

Hard-
ware

Deep CNN Segmentation Supervised learning-based
segmentation

0.883 �20 minutes GPU

Proposed Multilevel Tsallis
Entropy + MFO

Optimization-based
thresholding

0.982 �8 minutes CPU

grey-level pixel pairs in the image. Similarly, the LBP feature creates a binary value for each pixel by comparing the center pixel
with its neighbouring pixels within a 3×3 radius. Thus, 59 LBP features are obtained.

The ZM descriptor generates an intensity function using a polynomial representation of the image in space with repetition
m and order n. This orthogonal projection helps to generate 25 independent features with minimal overlap. PHOG extracts
local variations in an image using spatial patterns. In this study, a bin size of 8, pyramid level of 3, and orientation of 360∘ are
considered to extract 680 features. ST computes partial derivatives and forms the Jacobian matrix using gradient information
to calculate 6 features from an image.

In total, these 792 features help to identify altered CSF variations, providing insight into significant differences. Each specific
texture feature is normalized to 1. Normalization transforms an n-dimensional grayscale image with intensity values (I) in the
range (Min,Max) into a new image with intensity values in the range (newmin, newmax).

3.4 Analysis of MSRC method on HC and severity cases based on CSF texture features

Further, to extract prominent texture features, the MSRC method is attempted. This method selects effective texture features
based on the desired performance of each feature in various sub-spaces and gives rank to each feature vector. Based on the
rank, significant features are independently identified. Further, to observe the prominence nature of the obtained features, a
correlogram plot is depicted. Figures 4(a) and (b) show the sample of the whole set of extracted features and the top-ranked
features using MSRC for HC and severity classes, respectively. Figure 4(b) shows that each feature has desired information
about the prognosis stages and shows distinct correlation compared to the whole set features. Thus, the MSRC method is able
to rank the most relevant features based on their independent performance in various high-dimensional sub-spaces. These
ranked features are able to capture the relative pixel changes in an image effectively. These substantial texture changes in pixels
might occur due to anatomical changes of CSF.

The utilized method is compared against widely benchmarked methods such as Least Absolute Shrinkage and Selection
Operator (LASSO), Mutual Information (MI) ranking, and Recursive Feature Elimination (RFE). Each method’s significant
features are utilized for feature stability comparison using the Jaccard Similarity Index (JI).This index evaluates the consistency
of the selected features across repeated subsampling. The final stability score is obtained as the mean of all pairwise Jaccard
indices computed over 10 independent resamplings. The performance and stability comparison of feature selection methods
are summarized in Table 2. The result indicates that MSRC-based features could help to discriminate the degree of severity
effectively.

Table 2. Performance comparison of feature selection methods and their stability score
Feature Selection Methods Significant feature stability score
LASSO 0.68
Mutual Information (MI) 0.61
RFE 0.74
MSRC (Proposed) 0.82

3.5 Statistical analysis of MSRC method for HC and severity cases of CSF texture features

Further, efficacy of extracted texture features for HC, EMCI, MCI, LMCI and AD images are evaluated statistically. ANOVA
test is carried out for MSRC feature vector and whole set. This test is carried out to understand the significant texture variation
among the HC and severity classes. Figure 5(a) with whole set of feature vector shows less significance (p=0.69) in features
among HC and severity class. However, Figure 5(b) depicts that MSRC based feature vector exhibits a high significant p-value.
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Fig 4. (a) Correlogram plot showing pairwise correlations among the full set of extracted radiomic features. (b) Correlogram plot showing
correlations among the representative features selected using the MSRC method
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Furthermore, features attained from EMCI, LMCI and HC show highly significant variation in CSF. This indicates the efficacy
of MSRC features in discerning the degree of severity.

3.6 Diagnostic and prediction accuracy using SVM classifier

The performance of the considered feature vectors was assessed using a multi-class Support VectorMachine (SVM). To prevent
any potential overlap between training and testing data, all image features from the same subject were grouped together and
assigned entirely to one dataset. Specifically, 70% of the subjects (and their corresponding image features) were used for training
(including 5-fold internal cross-validation), while the remaining 30% were reserved for independent external testing. The
internal cross-validation evaluated the model’s stability across folds, whereas the external validation assessed its generalization
to unseen subjects. This ensured that no slice or feature from the same subject appeared in both datasets, thereby preventing
image-level data leakage. Consequently, the external validation accurately reflects model performance on truly unseen subjects.

Initially, classification was performed using individual texture features. These features yielded relatively lower accuracy
compared to the fused feature vectors, likely because individual descriptors capture limited morphological variation. When
the entire fused feature set was used without feature selection, the model achieved an accuracy of 91.47%, indicating that many
features contained redundant or similar information.

Subsequently, feature selection was applied using the MSRC method, which resulted in a classification accuracy of 93.67%.
The improved performance suggests that the selected features effectively represent variations in cerebrospinal fluid (CSF) texture
associatedwithA𝛽 peptide aggregation and neurofibrillary tangles (NFTs) deposition.These features capture subtle CSF texture
changes occurring prior to visible degeneration, thereby improving prognostic discrimination.

To further validate the robustness of the proposed features, the model was trained and tested using SVMs with four kernel
functions such as Linear, RBF, Polynomial, and Sigmoid in combination with three hyperparameter-tuning strategies: Grid
Search, Bayesian Optimization, and Random Search.The search space included the regularization parameter 𝐶 ∈ [0.01,1] and
kernel scale 𝛾 ∈ [1,10]. Among all configurations, the Linear Random SVM achieved the highest andmost stable performance,
with a mean cross-validation accuracy of 93.67% and a held-out test accuracy of 92.85%, showing a minimal performance drop
between training and testing. Other kernel and tuning combinations achieved accuracies in the 91-92% range, as summarized
in Table 3.

Table 3. Classifier performance using various kernels and tuning strategies with 95% confidence intervals
Kernel Tuning Method Accuracy (Mean ± CI) F1-Score (Mean ± CI) Held out Test Accuracy
Linear Grid 0.9110 ± 0.0120 0.9030 ± 0.0110 0.9100
Linear Bayes 0.9150 ± 0.0105 0.9070 ± 0.0095 0.9140
Linear Random 0.9367 ± 0.0075 0.9350 ± 0.0080 0.9285
Polynomial Grid 0.9100 ± 0.0130 0.9020 ± 0.0120 0.9090
Polynomial Bayes 0.9140 ± 0.0110 0.9050 ± 0.0105 0.9120
Polynomial Random 0.9175 ± 0.0090 0.9090 ± 0.0095 0.9150
RBF Grid 0.9120 ± 0.0130 0.9040 ± 0.0125 0.9110
RBF Bayes 0.9180 ± 0.0100 0.9090 ± 0.0095 0.9150
RBF Random 0.9200 ± 0.0085 0.9110 ± 0.0080 0.9165
Sigmoid Grid 0.2000 ± 0.0000 0.3333 ± 0.0000 0.2000
Sigmoid Bayes 0.3000 ± 0.0150 0.4000 ± 0.0140 0.3100
Sigmoid Random 0.2500 ± 0.0100 0.3500 ± 0.0100 0.2600

Although non-linear kernels such as RBF and Polynomial were also tested, their improvements were marginal due to the
high-dimensional yet correlated nature of the radiomic features. The linear kernel offered better interpretability in identifying
themost discriminative features related to dementia progression,which is advantageous for understanding feature contributions
within the CSF region. Furthermore, the MSRC-selected features, obtained through subspace-based ranking and redundancy
reduction, effectively transform the complex high-dimensional texture space into a more structured and linearly separable
representation.This transformation minimizes feature correlation and enhances the discriminability between classes, enabling
the Linear SVM to capturemeaningful patterns without requiring non-linearmapping. Consequently, the Linear SVMprovides
superior generalization and stability while maintaining interpretability. This balance between accuracy, consistency, and
transparency supports the selection of the Linear–Random SVM as the optimal model for this study.
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Fig 5. HC and various severity classes performance of CSF texture feature using ANOVA for (a) whole set of feature vector, and (b) MSRC
based feature vector
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Fig 6. Confusion matrix and classifier performance of MSRC based features

Figure 6(a) shows the confusion matrix for the MSRC-based feature set, demonstrating that CSF-derived features effectively
distinguish healthy controls (HC) and severity classes. The misclassification observed in MCI could be attributed to the subtle
pathological changes present at that stage. The classification performances for each class are presented in Figure 6(b). The
obtained accuracies were 99% for HC, 97% for EMCI, 98% for LMCI, 96% for MCI, and 96.1% for AD, indicating an improved
prediction rate across all prognosis stages. The sensitivity values (96%–97% for most classes) show that the classifier reliably
detects significant changes in CSF texture features. Similarly, the specificity values 99% (HC), 97% (EMCI), 99% (LMCI), 98%
(MCI), and 96% (AD) indicate high discriminative power. The F1-scores of 97%, 94%, 95%, 92%, and 91% for HC, EMCI,
LMCI, MCI, and AD, respectively, confirm balanced performance across sensitivity and precision. Figure 7 illustrates the ROC
curve, where the area under the curve (AUC) values of 0.999 (HC), 0.995 (EMCI), 0.992 (LMCI), 0.995 (MCI), and 0.989 (AD)
demonstrate the reliability of the proposed approach in identifying prognostic differences.

3.7 Effect of MMSE score with significant CSF texture features

The extracted prominent texture features from the CSF regions of HC, EMCI, MCI, LMCI, and AD subjects were correlated
with their clinical MMSE scores.TheMMSE ranges from 0-30 based on cognitive assessment of a subject. Commonly the score
decreases with the progression of cognitive impairment. The p-values (p ≈ 0.04-0.08) were found to be weak to moderate,
indicating a modest but consistent relationship between CSF texture variations and cognitive performance across stages.
Specifically, HC (p = 0.083) and AD (p = 0.041) groups showed slightly higher correspondence, suggesting that texture-
based features more distinctly capture changes at the extremes of the disease spectrum. MCI (p = 0.078) exhibited moderate
association, whereas EMCI and LMCI showed marginal significance, likely due to the limited sensitivity of MMSE in these
transitional stages.

These findings suggest that the significant CSF features exhibit a mild linear relationship with MMSE and may provide
supportive indicators of severity progression. However, given the restricted sensitivity of MMSE and the complexity of
cognitive decline, these correlations should be interpreted cautiously and considered indicative rather than conclusive of clinical
association. Further validation using multimodal imaging (MRI, fMRI) and complementary clinical scales such as ADAS-Cog
and CDR-SB will be essential to enhance the clinical relevance and robustness of the proposed approach.

4 Discussion
Finding and significance from this study

Brain regions such as white matter, grey matter, and cerebrospinal fluid (CSF) play a crucial role in maintaining normal
functional activities of the brain. Any alterations, shrinkage, or tissue loss within these regions contribute to neurodegenerative
progression. Among them, variations in CSF distribution and texture are often reflective of underlying pathological changes
and are strongly associated with dementia prognosis. Characterizing these subtle alterations can therefore facilitate early and
preclinical diagnosis.
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Fig 7. ROC curve for MSRC based features for HC, EMCI, MCI, LMCI and AD

In this study, MR images of HC, EMCI, MCI, LMCI, and AD subjects obtained from the ADNI database were analyzed.
Preprocessing using the ROBEX algorithm effectively removed non-brain regions while preserving anatomical boundaries,
ensuring accurate CSF delineation for subsequent analysis. To overcome segmentation challenges arising from intensity
inhomogeneity, the Multilevel Tsallis Entropy–based Moth Flame Optimization (MFO) method was employed. The adaptive
thresholding achieved byMFO enabled reliable delineation of CSFwithout over- or under-segmentation of neighboring tissues.
The robust agreement with the reference standard, as indicated by high Dice and Jaccard indices, confirms that the proposed
approach efficiently handles intensity variations and irregular boundaries.

Following segmentation, texture features were extracted from the CSF regions to capture microstructural alterations across
severity groups. The combination of GLCM, ST, PHOG, ZM, and LBP descriptors provided a rich representation of spatial
patterns and intensity distributions. However, due to the large number of features, a robust selection framework was required
to isolate the most discriminative and non-redundant ones.

The Multi-Subspace Randomization and Collaboration (MSRC) framework was adopted for this purpose. Unlike
conventional methods that evaluate features in a single space, MSRC explores multiple subspaces and ranks features according
to their independent discriminative performance. The correlogram analysis demonstrated that MSRC-selected features
exhibited distinct correlation behavior compared to the complete set, indicating their ability to highlight disease-relevant
variations. Comparisonwith benchmarkmethods such as LASSO,Mutual Information (MI), andRecursive Feature Elimination
(RFE) showed that MSRC achieved higher feature stability, as supported by its superior Jaccard Similarity Index. Statistical
validation throughANOVA further confirmed thatMSRC-selected features significantly differentiated disease stages (p < 0.05),
particularly in early progression groups such as EMCI and LMCI.

For classification, the selected features were employed in a multiclass Support Vector Machine (SVM) model. The subject-
level partitioning ensured unbiased evaluation between training and testing.The results revealed thatMSRC-enhanced features
improved class separability, with the Linear–Random SVM demonstrating the most stable and interpretable performance. The
linear decision boundary indicates that MSRC transformation effectively reduced redundancy and enhanced discriminative
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margins between HC and severity classes. Moreover, high specificity across classes suggests that the model accurately excluded
non-representative subjects, which is critical for clinical reliability.

Clinical validation was performed by correlating the extracted CSF features with Mini-Mental State Examination (MMSE)
scores. Although moderate correlations were observed, the results indicate that texture-derived biomarkers reflect structural
and compositional changes inCSF corresponding to cognitive decline trends.This suggests that imaging-derived texturemetrics
can serve as reliable indicators of disease severity, complementing cognitive assessments.

Overall, the integration of entropy-based segmentation, MSRC-driven feature selection, and multiclass SVM classification
forms a coherent and interpretable diagnostic pipeline. The framework demonstrates high accuracy, stability, and
generalizability across multiple disease stages. Compared with existing models such as clustering (80%), logistic regression
(74.9%), XGBoost (84%), and random forest (75%), the proposed approach achieves superior diagnostic performance while
maintaining interpretability and reproducibility as shown in Table 4.

The developed pipeline provides a holistic understanding of CSF variations in dementia. The findings suggest that texture-
based CSF features can act as potential biomarkers for distinguishing disease severity. The statistically validated performance
and strong cross-stage generalization emphasize the reliability and translational potential of the proposed model.

Table 4.The state of art works carried out on CSF MR images in ADNI Database
References Techniques Accu-

racy
(11) CSF Features+ clustering

Classes- 2
80%

(4) CSF Features+ cognitive score+ logistic regression model
Classes- 2

74.9%

(5) CSF Features + XGBoost
Classes- 2

84%

(12) CSF+Random Forest
Classes- 3

75%

(24) CSF Features +MRI features +SVM
Classes- 2

90.3%

(25) CSF Features + classification and regression tree
Classes- 3

74.65%

(13) CSF + Imaging Feature+ ApoE genotype + SVM
Classes- 2

92.26%

(22) Neuroimaging markers+ Demographics+ Genetic information (ApoE4) and CSF biomarkers
Classes-5

57%

(3) CSF Features+ Demographics +logistic regression
Classes- 2

89.9%

Proposed
method

MFO segmentation+ CSF texture features+ MCFS+ SVM
Classes-5

93.67%

5 Conclusion
Traditional MRI biomarkers, such as tissue atrophy and volume loss, are commonly observed in the brains of individuals with
dementia. These pathological processes alter water content and diffusion properties, leading to MR signal intensity variations
that affect CSF texture. Such variations can reveal subtle changes in intensity distribution, heterogeneity, and spatial patterns
associated with disease progression. However, despite their diagnostic potential, CSF characteristics remain underexplored for
differentiating dementia stages.

In this study, T1-weighted MR images of HC, EMCI, MCI, LMCI, and AD subjects from the ADNI database were
analyzed.TheCSF regionwas segmented using theMultilevel Tsallis Entropy–basedMoth FlameOptimization (MFO)method.
Texture features were extracted, and the most significant ones were identified using the Multi-Subspace Randomization and
Collaboration (MSRC) framework. Amulticlass Support VectorMachine (SVM) was employed to classify the variations in CSF
texture between healthy and diseased groups. The proposed approach demonstrated robust performance in handling irregular
tissue boundaries during segmentation and effectively captured subtle microstructural changes through texture features.
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ANOVA confirmed the statistical significance of the selected features, and SVM classification achieved strong differentiation
across all groups.

Therefore, the MSRC-selected CSF texture features serve as effective biomarkers for quantifying pathological changes
across dementia stages. Finally, these findings highlight the unexplored role of CSF texture as a crucial biomarker, offering
a novel perspective in characterizing dementia severity. Future work could expand on these findings by integrating multimodal
approaches and explainable deep learning techniques for improved early diagnosis of Alzheimer’s Disease.
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