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Subjective cognitive decline (SCD) represents a preclinical stage of Alzheimer’s disease, yet objective evaluation cri-
teria for early diagnosis remain lacking. Traditional morphometric indicators, such as gray matter volume or density, over-
look local voxel features and inter-voxel associations. To address this limitation, this study introduces a two-dimensional
horizontal visibility graph (2DHVG) analysis method to identify brain structural abnormalities in SCD patients. Each axial
slice of gray matter images was converted into a 2DHVG, and complex network features, including clustering coefficient
and betweenness centrality, were extracted to characterize local connectivity and global information transmission capacity.
Principal component analysis and light gradient boosting machine were employed for feature selection and classification.
The 2DHVG-based method achieved excellent performance in SCD identification, with a mean classification AUC of
0.958, mean accuracy of 89.0%, mean sensitivity of 86.1%, mean specificity of 90.3%, and mean F1-score of 82.9%. Fur-
thermore, significant positive correlations were observed between the mean clustering coefficient and both ADNI working
memory (ADNI_MEM, R = 0.3339, P =0.0014) and learning ability indicators (RAVLT.learning, R = 0.3531, P = 0.0007).
The mean betweenness centrality similarly correlated with ADNI-MEM (R = 0.3018, P = 0.0041) and RAVLT.learning
(R=0.3149, P = 0.0027). The 2DHVG-based structural imaging analysis method demonstrates significant advantages in
feature extraction and classification modeling, providing novel insights for graph-theoretic modeling of structural MRI data
in early SCD identification.

Keywords: subjective cognitive decline, horizontal visibility graph, complex network, structural magnetic

resonance imaging
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1. Introduction

Subjective cognitive decline (SCD) is an important pre-
clinical stage of Alzheimer’s disease (AD).IY 1t is character-
ized by individuals’ self-reported perception of cognitive de-
cline in the absence of objective cognitive impairment as eval-
uated by standard neuropsychological assessments. The early
detection of SCD faces major challenges, largely due to the
lack of highly specific and minimally invasive markers. In
current clinical practice, the diagnosis of SCD partly relies
on invasive biomarkers, such as cerebrospinal fluid analysis,m
which are both costly and unsuitable for large-scale population
screening. Recently, structural magnetic resonance imaging
(sMRI) has emerged as an ideal platform for detecting early
and subtle structural brain changes in patients with SCD,5!
and is expected to become a crucial tool for monitoring the
preclinical pathological progression of AD.

Conventional sMRI-based studies of SCD have focused
on morphological indicators such as gray matter volume or
density.* Previous studies have shown that patients with SCD

fCorresponding author. E-mail: nihuangjing@njupt.edu.cn
fCorresponding author. E-mail: jiaolongq@njust.edu.cn

CSTR: 32038.14.CPB.ae2670

have significantly lower gray matter volumes than healthy
controls in regions of the medial temporal lobe,l>% the
amygdala,!”®! the hippocampus,[®!°! and the internal olfac-
tory cortex.[!?) In addition, regions such as the frontal
cortex!3! and insula!'*! also showed structural abnormalities.
However, these traditional analysis methods have inherent lim-
itations: they quantify brain structural changes by accumulat-
ing pixel gray values or calculating regional averages, which
can detect macroscopic structural atrophy but are difficult to
reveal the topological dynamics of gray matter microstruc-
tures. These methods implicitly treat brain regions as function-
ally or structurally independent and pixels as isolated units,
failing to quantify spatial correlations and patterns of infor-
mation exchange between pixels. This challenge is particu-
larly evident in the early identification of SCD, since the core
pathology involves microscopic network damage rather than
simple volume atrophy.I'>! Traditional morphological met-
rics are insufficiently sensitive in capturing these early, subtle
changes in network topology, and there is an urgent need to
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develop finer methods for analyzing topological dynamics.

In recent years, complex network theory has begun to be
applied to sMRI analysis, e.g., voxel-based 3D structural co-
variance networks are used to construct brain-wide structural
connectivity by calculating gray matter volume correlations
between brain regions.!'%!”] However, such approaches face
two major limitations. First, traditional structural covariance
network approaches face inherent template-dependent limita-
tions, as they require predefined anatomical atlases to par-
cellate brain regions before calculating inter-regional correla-
tions. Different brain templates exhibit substantial variabil-
ity in regional boundary definitions, particularly for complex
structures like hippocampal subregions, '8 potentially intro-
ducing systematic bias that may mask genuine pathological
network alterations characteristic of SCD. Second, individ-
ualized parsing constraints occur because structural covari-
ance networks reflect population-level connectivity patterns
and cannot capture the dynamic remodeling of individual gray
matter networks,!!°! which may be a key pathological feature
during SCD conversion to MCI or AD.

The two-dimensional horizontal visibility graph
(2DHVG) algorithm!?”! provides an innovative solution to
overcome the aforementioned limitations. Originally devel-
oped by Lacasa et al.?!l for time series analysis and subse-
quently extended to two-dimensional data, this method can
operate directly on brain structural slices, constructing inter-
pixel connectivity networks through pixel-level visibility cri-
teria without relying on predefined brain region templates,
thereby avoiding artificial biases introduced by segmentation
errors. The horizontal visibility criterion states that two nodes
are connected if and only if the line of sight between them
remains unobstructed by any intermediate nodes with greater
values. By preserving the original spatial distribution features
of gray matter, 2DHVG can unbiasedly characterize pixel-
level association patterns and reveal both global and local
connectivity patterns between brain regions through graph-
theoretic analysis,?°! offering more fine-grained and com-
prehensive characterization of brain features compared with
traditional methods. This approach has demonstrated superior
performance in image and signal classification tasks.[??>-23]

This framework possesses several key mathematical
properties that make it particularly suitable for neuroimag-
ing analysis:[>?! (i) it preserves local statistical characteris-
tics of the original data through a parameter-free transforma-
tion, eliminating the need for arbitrary threshold selection;
(i1) it effectively converts spatial distribution characteristics
of gray matter structures into network topological represen-
tations amenable to rigorous graph-theoretical analysis; and
(iii) it maintains both scale invariance and computational ef-
ficiency, enabling practical application to high-dimensional
medical imaging data through slice-by-slice processing.

When applied to brain structural imaging, 2DHVG trans-
forms pixel-level gray matter intensity distributions into con-
nectivity networks, wherein clustering coefficients quantify lo-
cal microstructural cohesion and betweenness centrality cap-
tures global information flow capacity.?®! This transforma-
tion is particularly relevant for investigating neurodegenera-
tive diseases, as accumulating evidence suggests that patho-
logical processes frequently manifest as disruptions in both
local structural integrity and global network communication
efficiency prior to the emergence of macroscopic atrophy de-
tectable by conventional volumetric methods.!?’! Thus, the
2DHVG approach offers a sensitive framework for detect-
ing subtle network-level alterations that may serve as early
biomarkers of cognitive decline, providing a template-free and
individualized brain topological modeling tool at the pixel
level.

Based on this, this paper introduces the 2DHVG analysis
method to identify the differences in brain structural network
features between SCD patients and healthy controls, providing
novel insights into early SCD detection. Compared with tradi-
tional analysis methods, the 2DHVG method is not only com-
putationally efficient but also visualizes the local connectivity
and overall network characteristics of brain structures, which
helps to reveal the underlying pathological network character-
istics of SCD. Using this method, we aim to develop an ac-
curate, convenient, and non-invasive early diagnostic tool that
provides a novel analytical perspective and technical support
for SCD identification.

2. Materials and methods
2.1. Data and subjects

Data used in this study were obtained from two publicly
available datasets, including the Open Access Series of Imag-
ing Studies 3 (OASIS-3)[?8] and the Alzheimer’s Disease Neu-
roimaging Initiative (ADNI), which have been described in
Ref. [29]. Both datasets were collected according to the re-
search ethics committees of each site, and informed consent
was obtained from all participants. Inclusion criteria for both
datasets encompassed: (i) subjects with intact cognitive func-
tioning and appropriate diagnostic classifications; (ii) absence
of neurodegenerative disorders, major psychiatric conditions,
or other factors that could influence cognitive performance;
(iii) availability of high-quality T1-weighted sMRI scans ac-
quired within one year of clinical assessment; (iv) complete
brain coverage meeting quality standards for analysis. In the
OASIS-3 dataset, SCD was defined as self-reported memory
decline relative to previous cognitive abilities, whereas indi-
viduals without such concerns were classified as normal aging
(NA). In the ADNI dataset, SCD classification required sub-
jective memory concerns confirmed by the Cognitive Change
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Index questionnaire (total score > 16 on the first 12 items),
while those who did not meet this criterion were classified
as NA. Following the inclusion criteria, the OASIS-3 dataset
comprised 394 NA and 126 SCD subjects, while the ADNI
dataset included 89 NA and 91 SCD participants. Please re-
fer to Ref. [29] for detailed information regarding the specific
inclusion criteria, subject classification procedures, and scan-
ning parameters.

To systematically evaluate memory function and learn-
ing ability, several cognitive assessment scales closely re-
lated to early cognitive changes were selected from the ADNI
database. These included the mini-mental state examination
(MMSE), which serves as a global indicator of cognitive func-
tion, with higher scores reflecting better-preserved cognitive
In addition, the ADNI_MEM composite memory
score, derived from a series of memory-related tasks, pro-

abilities.

vides a comprehensive assessment of memory performance.

Previous ADNI studies have demonstrated its effectiveness
in distinguishing between NA, SCD, and MCI groups, with
higher scores indicating stronger memory function. Addition-
ally, several components of the Rey auditory verbal learning
test (RAVLT) were included: RAVLT.learning, which reflects
verbal memory acquisition ability across successive learning
phases and is widely used to assess hippocampal and re-
lated brain region functions; RAVLT.immediate, which mea-
sures short-term verbal memory capacity through immediate
recall after the first presentation; and RAVLT.forgetting and
RAVLT.perc.forgetting, which assess absolute and relative for-
getting rates to evaluate information retention capacity. For all
RAVLT measures, higher learning and immediate recall scores
indicate better performance, while higher forgetting scores re-
flect greater memory decline and poorer retention ability. Ta-
ble 1 summarizes the demographic information of the subjects
involved in this study.

Table 1. The demographic information of the subjects involved in this study.

OASIS-3 ADNI
NA SCD P value NA SCD P value
Number of subjects 394 126 - 91 89 -
Years of age 68.89+9.21 72.03+8.88 0.0004%* 71.56+5.12 73.13+5.86 0.0571%¢
Sex (male/female) 175/219 50/76 0.3505%¢ 35/56 38/51 0.5629%¢
Years of education 16.01+2.49 15.84+2.69 0.5211#¢ 16.55+2.39 16.83+2.57 0.4552%¢
MMSE 29.15£1.16 29.00£1.26 0.2260 28.96£1.21 28.98£1.26 0.9073
ADNI_-MEM - - - 1.10+0.57 1.02+0.59 0.3957
RAVLT.learning - - - 6.14£2.39 6.20+2.42 0.8843
RAVLT.immediate - - - 47.40+10.76 45.52+9.75 0.2245
RAVLT.forgetting - - - 3.76+3.15 3.68+2.96 0.8616
RAVLT.perc.forgetting - - - 34.30£29.17 34.16 £28.07 0.9736

Abbreviations: NA, normal aging; SCD, subjective cognitive decline; MMSE, the Mini-Mental State Examination; positive and negative score
values are presented as mean + standard deviation. The symbol “~” indicates no calculation. ?P-values were obtained using a two-sample
two-tailed t-test. PP-values were obtained using a two-tailed chi-square test. °A P-value > 0.05 indicates that the difference between the two
groups is not statistically significant. *A P-value < 0.05 indicates a statistically significant difference between the two groups.

2.2. Data pre-processing

Standard preprocessing using the DPARSFA toolbox !

was conducted on all sMRI images, following the procedure
outlined in Ref. [29].
and skull stripping to remove non-brain tissues, spatial nor-

In brief, after manual repositioning

malization to MNI space was performed using diffeomorphic
anatomical registration through the exponentiated Lie algebra

1311 Subsequently, tissue segmentation generated sep-

strategy.
arate images for gray matter, white matter, and cerebrospinal
fluid. Finally, intensity normalization was applied to scale
the sMRI signals to a 0-255 grayscale range, thereby reduc-
ing inter-subject intensity variability and yielding high-quality
gray matter images for further analysis.

2.3. Construction of 2DHVG

Following the completion of gray matter image prepro-
cessing, we conducted axial slicing of the 3D brain gray mat-

ter images along the original scanning planes and subsequently
constructed corresponding 2DHVGs for each slice. The core
principle of this method involves treating each pixel in the im-
age as anode in the network, where the grayscale value of each
pixel corresponds to the height attribute of that node. Based on
the 2DHVG visibility criterion, connectivity relationships are
established between different pixel nodes, ultimately forming
a comprehensive two-dimensional visibility graph network.
Formally, for a given 2D gray matter slice I with di-
mensions H x W (height x width), we construct an undirected
graph G = (V,E), where V represents the set of all pixel
nodes and E denotes the edge set. Two nodes (i,j) and
(i,¢) located on the same row i are considered connected if
and only if there is no intermediate pixel blocking their hor-
izontal line of sight. Mathematically, this condition can be
expressed as VI € [j + 1,c — 1],1(i,1) < min(I(i, j),I(i,c)),
where I(i,]) denotes the grayscale value at position (i,/).
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The adjacency matrix A is defined as A(; j) i) = 1 when
the horizontal visibility condition is satisfied, and O other-
Please refer to Refs. [20,24] for more details of the
2DHVG method. Through this parameter-free transformation,

wise.

the 2DHVG method effectively preserves the spatial distribu-
tion patterns of gray matter structures and converts these mor-
phological features into network topological representations
suitable for rigorous graph-theoretical analysis. The computa-
tional complexity of this algorithm is O(HW?), which remains
tractable for typical MRI resolutions (e.g., 91 x 109 pixels per
slice), rendering it well-suited for clinical applications. This
approach offers a robust analytical framework for investigat-
ing gray matter structural differences while preserving both
scale invariance and computational efficiency.

2.4. Implementation of feature extraction

Based on the constructed 2DHVGs, we extracted network
metrics that capture complementary aspects of brain structural
organization at both local and global levels. Specifically, node
degree (ND), density (D), clustering coefficient (CC), and be-
tweenness centrality (BC) were selected as key features.

2.4.1. Local connectivity metrics

For node i in the network, the node degree ND; = k; rep-
resents the number of direct connections, quantifying local
connectivity intensity. The network density is computed as
D=2xE/[N x (N—1)], where E is the total number of edges
and N is the number of nodes, reflecting the overall compact-
ness of network connectivity. The clustering coefficient is de-
fined as CC; =2 X E; /[k; x (ki — 1)], where E; denotes the num-
ber of actual edges between the neighbors of node i. Neurobi-
ologically, high clustering indicates densely interconnected lo-
cal structures, potentially reflecting preserved microstructural

integrity.3?!

2.4.2. Global connectivity metrics

Betweenness centrality quantifies the importance of
nodes in global information flow and is calculated as BC; =
Ystiti Ost (i) /Oy, Where Oy represents the total number of
shortest paths from node s to node #, and oy (i) denotes the
number of those paths that traverse node i. Nodes with high
BC values act as critical hubs facilitating inter-regional com-
munication. Changes in BC may reflect disruptions in long-

range connectivity, a hallmark of the AD continuum. 3!

2.4.3. Feature aggregation

For each subject, we extracted nodal ND, D, CC, and
BC values from all nodes within each gray matter slice and
then computed slice-wise averages to derive comprehensive
network metrics that characterize individual-level structural
topology. These metrics align with the dual syndrome hypoth-
esis of neurodegeneration, wherein cognitive decline results

from both local network fragmentation (reflected by ND, D,
and CC) and global connectivity disruption (reflected by BC).
This network-based characterization effectively captures ab-
normal alterations in connectivity patterns and topological or-

ganization in the brain structures of SCD patients, 4

provid-
ing a discriminative feature basis for subsequent classification

tasks.

2.5. Feature dimensionality reduction

We employed principal component analysis (PCA) as the
primary dimensionality reduction method, aiming to optimize
the feature space while preserving essential discriminative in-
formation. Following a stratified random partitioning of the
dataset into training and testing sets to maintain class balance,
PCA was conducted on the training dataset to determine the
optimal number of principal components. By analyzing the
cumulative explained variance ratio, we dynamically identi-
fied the minimum number of principal components required to
capture 95% of the total variance. This adaptive approach en-
sures that we retain only the essential components needed for
optimal model performance while maintaining computational
efficiency.

2.6. Machine learning framework and model optimization

We implemented a comprehensive machine learning
framework that integrates the light gradient boosting machine
(LightGBM) with stratified cross-validation (CV) to ensure
robust model performance evaluation. Within the training
dataset, we employed a 10-fold CV strategy combined with
the synthetic minority over-sampling technique to effectively
address class imbalance. During each CV iteration, the model
was trained on nine folds and validated on the remaining fold,
enabling us to evaluate performance across diverse data par-
titions. Throughout this process, we conducted hyperparam-
eter optimization using the GridSearchCV strategy, systemat-
ically exploring key parameters such as learning rate, max-
imum depth, number of estimators, subsampling ratio, and
class weighting strategies. The optimal hyperparameter con-
figuration was selected based on the average ROC-AUC score
across all CV folds, ensuring reliable and consistent model
tuning. Finally, the best-performing model was applied to the
independent test set to assess its generalization capability on
unseen data.

3. Results
3.1. Visualization of the 2DHVG for SCD patients

Through constructing 2DHVGs for gray matter slices
from all subjects, we can visualize the topological character-
istics of brain structures. Figure 1 presents typical 2DHVG
images from an SCD patient. These 2DHVG representations

088701-4



Chin. Phys. B 35, 088701 (2026)

of three different slices reveal connectivity patterns and vari-
ability of gray matter regions across different spatial levels,
effectively reflecting the spatial heterogeneity of brain struc-
tures. Comparative analysis of these images demonstrates that
2DHVGs exhibit favorable sensitivity and expressive capabil-
ity in characterizing brain regional topological structures and
detecting subtle structural alterations.

Fig. 1. Schematic diagram of 2DHVG construction across different gray
matter slices: (a) z=30, (b) z=60, and (c) z=90.

3.2. Network feature extraction and dimensionality reduc-

tion

To quantify the topological characteristics of brain net-
works constructed based on 2DHVGs, we extracted network
measures including node degree, network density, clustering
coefficient, and betweenness centrality for each slice. Given
that high-dimensional feature spaces may adversely affect
classification performance, we performed PCA on the network
feature vectors across all subjects.

/\
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f=] (=]
1 1
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(=]
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Explained variance ratio (%
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Principal component

First, all 700 subjects were randomly partitioned into
training and testing sets at an 8:2 ratio. The training set
was used for model training, whereas the testing set remained
strictly independent. PCA was performed exclusively on the
training set and subsequently applied to the testing set. As
illustrated in Fig. 2(a), the first five principal components col-
lectively explained over 70% of the total variance, while the
first 60 principal components captured more than 95% of the
variance, demonstrating that a substantial portion of the origi-
nal information was preserved after dimensionality reduction.

To further evaluate the structure of the model’s feature
space and its classification performance, we examined the fea-
tures extracted by PCA. As shown in Fig. 2(a), the first two
principal components accounted for 46.4% and 8.8% of the to-
tal variance, respectively, resulting in a cumulative explained
variance of 55.2%. To assess the model’s ability to handle
class imbalance, we generated the precision-recall (PR) curve
to evaluate its performance in identifying the minority class
(i.e., SCD) and quantified the overall discriminative ability
using average precision (AP). As illustrated in Fig. 2(b), the
model demonstrated robust performance in SCD detection,
achieving an AP of 0.86. This result indicates that the model
maintains excellent discriminative power and reliability even
under imbalanced class distributions.

() 104
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Fig. 2. (a) Explained variance ratio plot. The first 80 principal components are displayed to illustrate the variance distribution across the feature
space. (b) Precision-recall curve of the model in the SCD vs. NA recognition task, with an average precision value of 0.86. AP denotes average

precision.
3.3. SCD identification based on network features

Following feature extraction and dimensionality reduc-
tion, the derived network features were input into a LightGBM
classifier to distinguish SCD patients from NAs. To ensure op-
timal model performance and robust generalization capability,
a grid search combined with a 10-fold CV strategy was em-
ployed for systematic hyperparameter optimization. The main
tuning parameters included: (i) learning rate set to 0.01-0.03
to control the weight update step size in each iteration; (ii)
maximum depth limited to 4-6 to prevent overfitting in indi-
vidual decision trees; (iii) number of weak classifiers set to
700-1000, representing the base learners in ensemble learn-
ing; (iv) subsample ratio set to 0.8 to enhance model general-

ization by controlling the sampling proportion in each training
round; (v) class weight set to ‘balanced’ and ‘None’ to op-
timize loss function weight allocation under class imbalance
conditions.

To account for the potential variability introduced by ran-
dom data partitioning, we performed 100 independent runs
and computed the average performance metrics to assess the
model’s generalization capability. The experimental results
demonstrated that the proposed model achieved robust clas-
sification performance on the test set, with a mean AUC of
0.958, mean accuracy of 89.0%, mean sensitivity of 86.1%,
mean specificity of 90.3%, and mean F1-score of 82.9%. The
distribution of these performance metrics across all runs is il-
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lustrated in Fig. 3(a). These results indicate that our method
can effectively distinguish SCD patients from NA individu-

(a) 100
90

80 I

70

Performances (%)

60

50

AUC  Accuracy Sensitivity Specificity F1-score

als, providing a reliable feature-based approach for early SCD
identification.

G
Z
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ND D CcC BC

Fig. 3. (a) Error bar chart of classification performance metrics obtained from 100 independent runs on the test set. The model achieved an AUC
of 0.958 £ 0.011, accuracy (ACC) of 89.0% + 2.2%, sensitivity (SEN) of 86.1% =+ 4.6%, specificity (SPE) of 90.3% + 3.7%, and F1-score of
82.9% +3.0%. All results are presented as mean =+ standard deviation. (b) Percentage distribution of retained frequencies for the four features,
where ND, D, CC, and BC represent node degree, density, clustering coefficient, and betweenness centrality, respectively.

3.4. Comparison with existing methods

To validate the effectiveness of our proposed 2DHVG ap-
proach, we conducted systematic comparisons with both tra-
ditional morphological methods and popular classification al-
gorithms.

3.4.1. Comparison with traditional

methods

morphological

We compared our method with three widely used mor-
phological indicators: cortical thickness, gray matter vol-
ume, and gray matter density, all derived using the Desikan—
Killiany atlas. After applying strict quality control measures
during FreeSurfer processing, the final sample comprised 388
NAs and 125 SCDs from OASIS-3, and 87 NAs and 87 SCDs
from ADNI. As shown in Table 2, our 2DHVG method sig-
nificantly outperformed traditional morphological approaches
across all metrics.

Table 2. Comparison of classification performances between traditional
morphological methods and the introduced 2DHVG approach for SCD
identification.

Metric Thickness Volume Density Our 2DHVG

AUC  0.646+0.047 0.9394+0.011 0.941£0.010 0.962+0.007
Accuracy 0.507£0.115 0.877+0.023 0.876+0.019 0.888£0.024
Sensitivity 0.700+£0.196 0.81740.067 0.80540.081 0.88540.051
Specificity 0.422+0.240 0.903+£0.041 0.908+0.035 0.889 +0.046
Fl-score 0.45940.051 0.801+£0.034 0.797+0.037 0.828+0.028

3.4.2. Comparison with popular classification methods

We conducted comprehensive comparisons with several
widely used classification methods at two distinct levels. Ini-
tially, we evaluated three traditional machine learning classi-
fiers, i.e., random forest, linear support vector machine (linear
SVM), and the LightGBM model employed in our study, us-
ing identical network features derived from 2DHVGs to ensure
a fair comparison. Additionally, we compared our approach
with a convolutional neural network (CNN), which represents

a fundamentally different paradigm. The CNN takes prepro-
cessed sSMRI images as direct input and automatically learns
hierarchical feature representations through multiple convolu-
tional and pooling layers, thus eliminating the need for manual
feature extraction.

Table 3 demonstrates that among all compared methods,
our employed LightGBM classifier achieved the highest per-
formance, particularly excelling in overall discriminative abil-
ity (AUC: 0.958 +0.011) and sensitivity (0.861 £ 0.046). No-
tably, while the CNN approach showed competitive speci-
ficity, it exhibited considerable variability in sensitivity and
F1-score, highlighting the stability and reliability advantages
of our employed feature-based approach.

Table 3. Classification performances comparison among random forest,
linear SVM, CNN, and our employed LightGBM methods for SCD iden-
tification.

Metric  Random forest Linear SVM CNN Our LightGBM

AUC 0.926 £0.006 0.95440.012 0.911+0.137
Accuracy 0.848+0.026 0.888£0.017 0.868+0.123
Sensitivity 0.8334+0.058 0.843+£0.058 0.58940.416
Specificity 0.854+0.038 0.908 £0.018 0.991+0.008
0.769 £0.037 0.82140.030 0.629 £0.437

0.958 £0.011
0.890£0.022
0.86140.046
0.903 £0.037

F1-score 0.829+0.030

3.5. Discriminative characteristics

During the PCA dimensionality reduction process, com-
ponents were selected based on a cumulative explained vari-
ance threshold of 95%.
tures were subjected to leave-one-out iterative selection, dur-

The four extracted network fea-

ing which their occurrence frequencies were recorded to com-
pute retention percentages. Figure 3(b) presents a bar chart
illustrating the retention frequency percentages of the four fea-
tures, reflecting their importance ranking in the classification
task. Results demonstrated that clustering coefficient and be-
tweenness centrality exhibited significantly higher retention
frequencies than global efficiency and local efficiency, indicat-
ing their superior discriminative value in SCD identification.
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Fig. 4. Linear relationships between brain network metrics and cognitive scores. (a) Positive correlation between mean clustering coefficients and
ADNI MEM scores with R = 0.3339 and P = 0.0014. (b) Positive correlation between mean betweenness centrality and ADNI MEM scores with
R =0.3018 and P = 0.0041. (c) Positive correlation between mean clustering coefficients and RAVLT.learning performance with R = 0.3531 and
P =0.0007. (d) Positive correlation between mean betweenness centrality and RAVLT.learning performance with R = 0.3149 and P = 0.0027.

Based on the feature importance analysis, we further in-
vestigated the correlations between clustering coefficient and
betweenness centrality and cognitive assessment scales. Pear-
son correlation analysis revealed that both network features
showed significant positive correlations with ADNI_MEM and
RAVLT learning scores in the SCD cohort.

As shown in Fig. 4, mean clustering coefficient demon-
strated a moderate positive correlation with ADNI_MEM
scores (R = 0.3339, P = 0.0014) and a stronger correlation
with RAVLT.learning scores (R = 0.3531, P = 0.0007). Simi-
larly, mean betweenness centrality showed significant positive
correlations with both ADNI_MEM scores (R = 0.3018, P =
0.0041) and RAVLT.learning scores (R = 0.3149, P =0.0027).

4. Discussion

In this study, we introduced a 2DHVG method for iden-
tifying patients with SCD. Based on sMRI data, this ap-
proach transforms gray matter structures into network con-
nectivity relationships and extracts complex network features
such as clustering coefficients and betweenness centrality.
This method utilizes the advantages of 2DHVG in efficient
graph construction and intuitive visualization, enabling clear
representation of complex brain network topological proper-
ties. Our results demonstrate superior performance in SCD

identification in terms of AUC, accuracy, sensitivity, speci-
ficity, and Fl-score, confirming the method’s potential for
early SCD diagnosis. The dual cross-validation strategy em-
ployed during feature selection and model optimization further
enhances model reliability and generalization capability, pro-
viding a promising technical pathway for neuroimaging-based
SCD identification with significant clinical application value.

The comprehensive comparative analyses validate the su-
perior performance of the 2DHVG approach, demonstrat-
ing substantial improvements over traditional morphological
methods with an AUC of 0.958 £ 0.011.
cation algorithms, our LightGBM-based approach achieved

Among classifi-

an optimal balance between sensitivity (86.1% 4 4.6%) and
specificity (90.3% + 3.7%), while deep learning methods
like CNN showed considerable variability in sensitivity per-
formance. These findings underscore the reliability of the
2DHVG method as a robust tool for SCD identification, of-
fering consistent performance for medical applications.
Building upon these promising results, this study presents
a novel application of the 2DHVG method for identifying pa-
tients with SCD, thereby extending the analytical scope be-
yond traditional brain network modeling. While prior re-
search has primarily relied on structural covariance networks
for brain network construction,3>3¢! such approaches are in-
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herently constrained by predefined anatomical parcellations.
In contrast, the 2DHVG method constructs networks directly
from pixel-level visibility relationships within individual brain
slices, eliminating the need for atlas-based regional segmenta-
tion. This pixel-to-pixel connectivity mapping preserves the
original spatial distribution of gray matter intensity patterns.
It enables the detection of subtle microstructural variations
that might otherwise be obscured by template-based averag-
ing or boundary constraints. As a result, the method offers an
unbiased representation of individual brain network topology,
particularly valuable for detecting early pathological changes
in SCD. Template-based parcellation may disrupt the intrin-
sic topological connections between brain regions, potentially
Notably,
while the 2DHVG method operates independently of tem-

overlooking subject-specific network alterations.

plates, it retains the flexibility to integrate template-guided re-
gional analysis when clinically warranted, offering adaptabil-
ity not achievable with conventional covariance-based meth-
ods. By processing sSsMRI images slice by slice, the 2DHVG
method achieves individualized brain topological modeling at
the pixel level. It effectively preserves spatial microstructural
information of gray matter regions and provides a more robust
and flexible tool for early clinical identification of SCD, of-
fering pixel-level network construction that directly captures
individual structural variations without template bias.

Our findings are consistent with prior graph-theoretic in-
vestigations demonstrating structural alterations in brain net-
works of individuals with SCD.7-381 Specifically, the ob-
served abnormalities in CC suggest impaired local informa-
tion processing within specialized neural circuits, even at
the stage when individuals report only subjective cognitive

1381 This finding aligns with evidence of increased

complaints.
modularity in SCD, potentially reflecting compensatory net-
work reorganization in response to early dysfunction. Com-
plementing these local alterations, reduced BC in key brain
regions may indicate a diminished capacity of these critical
hubs to integrate and relay information across distinct neural
systems. Together, these network-level disruptions may con-
tribute to a less efficient and less resilient global communica-
tion architecture, potentially underlying the subtle cognitive
inefficiencies experienced by individuals with SCD.7l Al-
though recent studies have employed deep learning techniques
for SCD identification, such models often suffer from limited
interpretability due to their black-box nature.3) In contrast,
features derived from 2DHVG offer biologically meaningful
insights: CC quantifies local structural cohesion, while BC
measures hub vulnerability, both of which are well-established
concepts in network neuroscience with demonstrated correla-
tions to cognitive performance.

The significant correlations between the network metrics
and cognitive performance provide convergent validity for the

2DHVG approach, aligning with the principle of structure-
function coupling.!**! The positive correlation between mean
CC and both ADNI_MEM scores (R = 0.3339, P = 0.0014)
and RAVLT learning scores (R = 0.3531, P = 0.0007) sug-
gests that brain regions with tighter local connections ex-
hibit better memory retention and learning capacity. Lower
CC values indicate local connectivity disruption correlating
with faster clinical progression in AD,!*!! while higher clus-
tering levels suggest stronger local integration, providing sta-
ble micro-network foundations for information processing and
memory trace formation.[*>*3] Moreover, the positive cor-
relation between mean BC and ADNI_MEM (R = 0.3018,
P =0.0041) as well as RAVLT learning scores (R = 0.3149,
P =0.0027) indicates that key hub nodes serving as network
bridges play central roles in maintaining memory function and
facilitating cross-regional information propagation between
functional modules.[***! Combining CC and BC captures
both local connectivity integrity and global communication
hub characteristics, providing a comprehensive framework for
characterizing early AD topological reorganization, [4>4°]

The relationship between topological features and cog-
nitive performance observed in this study aligns with find-
ings from previous resting-state functional connectivity and

43471 suggesting that early structural

gray matter atlas studies,!
network degeneration in AD may lead to declined learning
performance by weakening the synergy between local clus-
ters and global hubs. Given the sensitivity of ADNI_-MEM to
working memory, declarative memory, and verbal recall,[48!]
and the RAVLT task’s ability to reflect the complete process
of new information encoding, storage, and retrieval,[*! these
metrics provide clinically meaningful interpretations for un-
derstanding memory-learning impairments from a brain net-
work mechanism perspective. In contrast, when applying the
same analysis to NA data, network metrics showed weak cor-
relations with cognitive scores, with correlation coefficients
generally below 0.3.

The 2DHVG method processes axial slices in a layer-by-
layer manner, effectively preserving spatial continuity along
the z-axis. While each slice is modeled with an indepen-
dently constructed network, the integration of topological fea-
tures across multiple layers enables the capture of comprehen-
This
slice-wise strategy aligns with the conventional layer-by-layer

sive three-dimensional brain structural characteristics.

analysis widely used in traditional neuroimaging, >°! ensuring
computational efficiency and facilitating practical application
to high-dimensional medical imaging data.

The core advantage of our 2D approach lies in its ability
to construct networks at the pixel level. By establishing inter-
pixel connectivity through the horizontal visibility criterion,
this method operates directly on brain structural slices without
relying on predefined brain region templates, thus avoiding ar-
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tificial biases caused by template segmentation errors. This
pixel-to-pixel connectivity mapping preserves the original spa-
tial distribution patterns of gray matter intensity, enabling the
detection of subtle structural variations that might be obscured
by template-based approaches. This capability is particularly
critical in SCD, where early pathological changes have not yet
progressed to macroscopic atrophy detectable by conventional
volumetric methods.

From a neuroinformatics perspective, the 2DHVG ap-
proach enables individualized brain topological modeling by
preserving spatial adjacency and tissue continuity information
inherent in the original SMRI data. Its parameter-free trans-
formation retains the local statistical properties of the raw data
while efficiently translating the spatial distribution patterns of
gray matter structures into network-based topological repre-
sentations suitable for rigorous graph-theoretical analysis. Our
findings demonstrate that two-dimensional topological repre-
sentations not only effectively capture the underlying neu-
ropathological patterns but also preserve high interpretability.

Despite the satisfactory performance of the 2DHVG
method in SCD patient identification, several limitations
should be considered. First, this approach constructs net-
works using 2D slices from gray matter images, whereas the
brain is inherently a 3D structure. By processing each axial
slice independently, our method does not explicitly capture
inter-slice connectivity information along the z-axis, which
may omit some vertical relationships between brain regions.
However, the employed slice sequence approach partially mit-
igates this limitation by effectively preserving spatial continu-
ity along the z-axis through multi-layer feature integration. Di-
rect construction of 3D visibility graphs would impose exces-
sive computational demands for typical brain SsMRI data, mak-
ing the adopted 2D strategy a computationally efficient alter-
native that still achieves a mean AUC exceeding 0.95. Future
research may explore hybrid models that dynamically couple
multi-layer slices to improve spatial completeness and explic-
itly incorporate inter-slice relationships. Second, the sample
size was limited by data availability and practical challenges in
recruiting SCD patients. Although the current study achieved
good classification performance, larger-scale validation stud-
ies are necessary to confirm the generalizability of the results.

5. Conclusion

This study introduces a novel sMRI network construc-
tion method based on 2D visibility graphs and applies it to the
early identification of SCD patients. The results demonstrate
that the topological features of this network model exhibit ex-
cellent identification performance, achieving a mean AUC of
over 0.95, which fully validates its application value in early
SCD identification. Through 2D slice network feature anal-
ysis, this method clearly reveals characteristic differences in

brain structural networks of SCD patients, providing a new
quantitative tool for early SCD identification and classifica-
tion. The visibility graph-based brain network model shows
broad application prospects in the field of neurodegenerative
disease identification and research.
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