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Purpose: To investigate large-scale structural brain network reorganization in primary angle-closure glaucoma (PACG) using regional 
radiomics similarity networks (R2SNs) and to characterize their associated molecular and neurobiological substrates.
Design: Case–control study.
Methods: Structural magnetic resonance imaging data were acquired from 44 patients with PACG and 44 age- and sex-matched 
healthy controls. Individualized R2SNs were constructed to identify PACG-related structural network alterations. Partial least squares 
regression was used to link R2SN alterations with brain-wide transcriptomic profiles, followed by enrichment, cell-type, neurochem
ical, and epicenter analyses. Supervised machine learning was used to evaluate the discriminative value of R2SN-derived features.
Results: Compared with controls, patients with PACG demonstrated widespread R2SN alterations extending beyond the visual 
pathway, involving frontal, temporal, limbic, and subcortical regions. Network-level analyses revealed disrupted structural covariance 
across intrinsic functional systems, particularly within limbic, default mode, attentional, and frontoparietal control networks. Imaging– 
transcriptomic analyses showed spatial coupling between PACG-related network alterations and gene expression profiles enriched in 
synaptic, cytoskeletal, and immune-related processes. Epicenter analysis identified highly connected hub regions within default mode 
and attentional systems. Machine learning classifiers based on R2SN features achieved robust discrimination between groups.
Conclusion: PACG is associated with widespread structural brain network reorganization beyond the visual system.R2SN-derived 
network features may provide sensitive imaging markers of central structural reorganization and offer a multiscale framework for 
understanding the neural mechanisms of PACG.
Keywords: primary angle-closure glaucoma, regional radiomics similarity network, structural brain network, Imaging 
transcriptomics, neurochemical mapping, machine learning

Introduction
Glaucoma is one of the leading causes of irreversible blindness worldwide. Among individuals aged 40–80 years, the 
global prevalence of glaucoma was estimated at approximately 76.0 million in 2020 and is projected to reach 
111.8 million by 2040, largely due to population aging.1,2 Glaucoma contributes substantially to global visual disability, 
accounting for a significant proportion of moderate-to-severe visual impairment and blindness.3,4 Elevated intraocular 
pressure (IOP) is the most important and modifiable risk factor for glaucoma and has been consistently associated with 
visual field loss and retinal nerve fiber layer (RNFL) thinning.5–7 However, the existence of normal-tension glaucoma 
indicates that mechanisms beyond IOP may also contribute to disease progression, including immune dysregulation, 
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neuroinflammation, metabolic disturbance, epigenetic alterations, and other potential pathogenic processes.8,9 Acute or 
marked elevations in IOP, such as those occurring during acute angle-closure attacks, may induce ischemia–reperfusion 
injury in the retina and optic nerve, thereby accelerating retinal ganglion cell degeneration.10–12 Clinically, primary 
glaucoma is commonly classified into primary open-angle glaucoma (POAG) and primary angle-closure glaucoma 
(PACG) based on the configuration of the anterior chamber angle, in addition to secondary and congenital forms.13 

PACG is frequently associated with episodic or sustained IOP elevation and often presents with more severe visual 
dysfunction.Although glaucoma has long been regarded as an ocular disease, accumulating neuroimaging evidence 
suggests that its pathological effects extend beyond the eye. Structural and functional MRI studies have demonstrated 
alterations along the central visual pathway, including the optic nerve, lateral geniculate nucleus, optic radiations, and 
primary visual cortex, with PACG patients also exhibiting changes in higher-order cortical regions.14–18 Collectively, 
these findings support an emerging view of glaucoma as a neurodegenerative disorder characterized by visual impairment 
accompanied by widespread central nervous system alterations. This perspective underlies the concept of the “brain–eye 
axis,” which emphasizes close interactions between ocular pathology and large-scale brain network organization, while 
acknowledging that the underlying causal mechanisms remain to be fully clarified.19–21

Contemporary neuroscience conceptualizes the brain as an integrated network in which distributed regions interact to 
support vision, attention, memory, and executive control.22–27 Advances in neuroimaging have enabled the reconstruction 
of individual-level brain connectomes using fMRI and dMRI,28–31 and recent studies have revealed abnormal functional 
and structural connectivity patterns in PACG.32–34 These findings suggest that connectome-based analyses may provide 
an integrative framework for elucidating central nervous system involvement in glaucoma.

R2SN characterizes intrinsic structural connectivity by quantifying interregional similarity based on high-dimensional 
radiomic features, including tissue signal intensity and texture patterns.35–37 Unlike conventional morphometric 
approaches that primarily focus on localized macroscopic properties, R2SN captures coordinated structural relationships 
across the whole brain and enables individualized network construction.35 By incorporating texture-based radiomic 
information, R2SN may capture subtle imaging phenotypes that are not readily reflected by conventional volumetric or 
macroscopic morphometric measures.36–39 Its applications in Alzheimer’s disease, mild cognitive impairment, and 
developmental neuroscience further support its utility as a biologically grounded framework for investigating structural 
brain network reorganization.40–42

While genetic studies have identified multiple risk variants associated with glaucoma,43,44 the molecular and cellular 
substrates underlying PACG-related central brain alterations remain poorly understood. Previous imaging–transcriptomic 
work in PACG has linked functional MRI abnormalities to gene-specific transcriptional signatures,45 but whether 
structural network disruptions identified by R2SN show spatial correspondence with regional gene expression profiles 
remains unclear. This gap limits our understanding of the cellular substrates and molecular pathways underlying PACG- 
related brain remodeling, highlighting the need to integrate structural MRI–based connectomics with transcriptomic 
decoding. Beyond transcriptional regulation, brain structure and microarchitecture are also shaped by neuromodulatory 
systems. Neurotransmitter receptors and transporters play important roles in regulating synaptic transmission, neuronal 
excitability, and large-scale network organization.46,47 Therefore, mapping PACG-related R2SN alterations onto norma
tive neurotransmitter receptor and transporter distributions may provide complementary insights into the neurochemical 
architecture associated with central nervous system involvement in PACG.

Network hubs play a central role in integrating information across distributed brain systems and may show heightened 
vulnerability to disease-related perturbations.48 Epicenter analysis provides a network-based approach to identify putative 
hub regions whose connectivity profiles are closely aligned with the spatial pattern of disease-related abnormalities.49–51 

Applying this framework to PACG may help clarify whether widespread R2SN alterations are organized around specific 
network-level anchor regions, thereby offering insight into the spatial organization of PACG-associated brain 
reorganization.

Beyond mechanistic interpretation, supervised machine learning provides a multivariate framework for evaluating 
whether high-dimensional neuroimaging features contain discriminative information for individual-level disease 
characterization.52–54 In this study, we used machine learning to assess the potential clinical relevance of R2SN- 
derived features in differentiating patients with PACG from healthy controls.
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To address these gaps, we aimed to systematically characterize large-scale structural brain network alterations in 
PACG using an individualized R2SN-based framework. We further integrated imaging–transcriptomic analysis, cell-type 
enrichment, neurochemical mapping, epicenter analysis, and supervised machine learning to examine the multiscale 
biological signatures and potential discriminative value of PACG-related R2SN alterations. This integrative framework 
may help clarify how PACG-related brain changes are organized across structural, molecular, cellular, neurochemical, 
and network levels, thereby providing new insights into central nervous system involvement in PACG.

Methods and Materials
Participants
A total of 44 patients with primary angle-closure glaucoma (PACG) and 44 healthy controls (HCs) were recruited from 
the Affiliated Eye Hospital of Nanchang University. The HC group was matched to the PACG group in terms of age, sex, 
and handedness.

Inclusion Criteria The inclusion criteria for PACG patients were as follows: (1) intraocular pressure (IOP) > 
21 mmHg and primary angle-closure validated by gonioscopy; (2) evidence of glaucomatous optic nerve damage, 
such as a vertical cup-to-disc (C/D) ratio > 0.6; (3) characteristic glaucomatous visual field defects (eg., paracentral 
scotoma, arcuate scotoma, or nasal step); (4) naive to anti-glaucoma medications and surgical interventions; and (5) 
absence of other ocular comorbidities affecting visual function.

Healthy controls were required to meet the following criteria: (1) no abnormalities on structural brain MRI; (2) 
absence of ocular diseases and normal visual acuity (uncorrected or corrected visual acuity > 1.0); and (3) no history of 
psychiatric illnesses.

Exclusion Criteria The exclusion criteria for all participants (both PACG patients and HCs) included: (1) severe 
myopia or hyperopia (eg., spherical equivalent exceeding ±6.00 D); (2) major neurological or psychiatric disorders, 
including epilepsy, stroke, depression, or long-term use of neuroactive medications; and (3) contraindications to MRI 
scanning, such as metallic implants, pacemakers, or severe claustrophobia.

Statement of Ethics
The procedures followed in this study were in accordance with the Declaration of Helsinki and approved by the Research 
Ethics Committee of the Affiliated Eye Hospital of Nanchang University (Ethics number: YLP20260045). Prior to 
participation, all subjects received a brief explanation of the objectives, methods, and potential risks of the study and 
provided written informed consent.

Data Acquisition
Magnetic resonance imaging (MRI) data were collected using a 3.0-Tesla system (Discovery MR750W; GE Healthcare, 
Milwaukee, WI, USA) equipped with an eight-channel head coil. High-resolution T1-weighted anatomical images were 
obtained using a three-dimensional spoiled gradient-recalled echo (SPGR) acquisition sequence in the sagittal plane. The 
structural scan included approximately 176 slices and was performed with the following parameters: repetition time of 8– 
10 ms, echo time of approximately 3 ms, slice thickness of 1.0 mm without an interslice gap, an acquisition matrix of 256 
× 256, a field of view of 240×240 mm2, and a flip angle of 10–12°. This protocol enabled the acquisition of whole-brain, 
isotropic, high-quality structural images suitable for subsequent preprocessing and analysis.

Data Processing
All T1-weighted structural MRI data were preprocessed prior to R2SN construction. For each participant, the three- 
dimensional T1-weighted image was spatially normalized to the Montreal Neurological Institute (MNI) standard space 
using Advanced Normalization Tools (ANTs; https://github.com/ANTsX/ANTs). Subsequently, the brain was parcellated 
into 246 cortical and subcortical regions of interest (ROIs) according to the Brainnetome Atlas, a connectivity-based 
parcellation comprising 210 cortical and 36 subcortical regions.55
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For each Brainnetome-defined ROI, radiomic features were extracted from the spatially normalized T1-weighted 
images. An initial set of 47 radiomic descriptors was computed for each region, including first-order intensity features 
and higher-order texture features that characterize both global intensity distributions and spatial gray-level relationships 
within each ROI. Following the original R2SN protocol, features exhibiting high collinearity (Pearson correlation 
coefficient r > 0.9) were removed, resulting in a final subset of 25 robust radiomic features retained for subsequent 
analyses.35,56

Individualized R2SN Construction and PACG - Control Comparisons
To ensure comparability across brain regions within each individual, min–max normalization was applied to the 
selected radiomic features across all ROIs on a subject-by-subject basis. Individualized R2SNs were then constructed 
by computing pairwise Pearson correlation coefficients between the normalized radiomic feature vectors of all ROI 
pairs.

This procedure generated a 246×246 morphological similarity matrix for each participant, in which nodes correspond 
to Brainnetome atlas regions and edges represent the degree of structural similarity between regional radiomic signatures. 
These individualized R2SNs were used for all subsequent network-level and statistical analyses. After R2SN construc
tion, region-wise network features were extracted for each Brainnetome atlas region. Between-group differences between 
patients with PACG and healthy controls were assessed using two-sample t-tests at the regional level. The resulting t- 
statistics were used to characterize spatial patterns of R2SN alterations across the brain. Brain regions exhibiting 
significant group differences were subsequently subjected to downstream analyses (Figure 1).

Systems-Level Summary of R2SN Abnormalities Using Word Cloud Visualization
To provide a high-level and intuitive overview of large-scale network patterns underlying PACG-related R2SN altera
tions, a word cloud visualization was generated based on group-level R2SN analyses. Group-averaged R2SN matrices 
were first computed separately for PACG patients and healthy controls by averaging individual R2SN matrices within 
each group. Edge-wise statistical comparisons between groups were then performed to derive a case–control R2SN t- 
statistic map, from which statistically significant abnormal connections and regions were identified and visualized in 
three-dimensional brain space.

To characterize the distribution of R2SN abnormalities across large-scale functional systems, abnormal R2SN values 
and regional residuals were summarized at the network level using the Yeo 7-network functional parcellation, and 
additional projections were performed onto the Brain Reward System.57 Functional network labels and system-level 
descriptors associated with abnormal R2SN patterns were then compiled, and a word cloud was generated in which word 
size reflected the relative frequency or prominence of network-level involvement. This visualization served as 
a descriptive and exploratory tool to summarize dominant functional systems associated with R2SN abnormalities, 
rather than as a quantitative inferential analysis.

Calculation of Regional Gene Expression
Regional transcriptomic data were obtained from the Allen Human Brain Atlas (AHBA), a publicly available postmortem 
atlas of adult human brain gene expression.58 The AHBA includes 3,702 postmortem tissue samples collected from six 
neurologically healthy adult donors. Gene expression data were processed and mapped using the abagen toolbox, 
resulting in regional expression profiles for 15,633 genes aligned with Brainnetome atlas regions corresponding to the 
R2SN t-statistic map.59 The preprocessing workflow involved updating probe annotations, filtering low-quality probes 
based on expression intensity, selecting a representative probe for each gene, assigning tissue samples to atlas-defined 
brain regions, imputing missing regional data, normalizing expression data, aggregating expression values at the regional 
level, and retaining genes with stable expression patterns across donors. Because the AHBA provides normative brain 
transcriptomic data rather than glaucoma-specific samples, the present analysis was designed to assess spatial corre
spondence between PACG-related R2SN alterations and normative gene expression gradients, rather than disease- 
induced transcriptional changes in glaucoma tissue.
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Transcriptomic Associations of Altered R2SN Structural Similarity Patterns in PACG
PLS regression was employed to examine the association between regional transcriptional profiles and R2SN-derived 
structural network alterations. The case–control R2SN t-statistic map of left-hemisphere Brainnetome regions was used 
as the imaging phenotype (Y), representing the spatial distribution of PACG-related structural similarity differences, 
while regional gene expression profiles obtained from the Allen Human Brain Atlas served as predictor variables (X). 
Prior to PLS analysis, both imaging and gene expression data were standardized.PLS decomposition was performed to 

Figure 1 An overview of the analytical process in this study. (A) After data preprocessing, regional intensity- and texture-based radiomic features were extracted according 
to the Brainnetome atlas. Pairwise inter-regional associations were then estimated using Pearson correlation coefficients to construct the regional radiomics similarity 
network. Subsequently, differences in network connectivity and clinical characteristics were systematically compared between patients with PACG and HCs. (B) PLS analysis 
linking R2SN alterations to gene expression profiles. (C) Functional enrichment and cell-type specificity of genes associated with R2SN alterations. (D) Associations between 
R2SN-related genes and neurotransmitter systems. (E) Word cloud visualization of functional network involvement of R2SN-altered regions. (F) Epicenter analysis of R2SN- 
derived brain network alterations in PACG. (G) Machine learning classification based on R2SN-derived features.
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identify latent components that maximized the covariance between gene expression patterns and R2SN alterations. The 
proportion of variance in the R2SN t-statistic map explained by successive PLS components was quantified, with 
particular focus on the first PLS component (PLS1), which accounted for the largest proportion of variance in Y.

Spatial correspondence between R2SN alterations and transcriptional patterns was assessed by comparing the regional 
R2SN t-statistic map with the weighted gene expression map derived from PLS1 gene scores. To evaluate the 
contribution of individual genes to the PLS components, gene weights were transformed into Z-scores and compared 
against null distributions generated using 1,000 spatial permutation (spin) tests, which preserved the spatial autocorrela
tion structure of cortical maps.The spatial association between regional PLS1 scores and R2SN t values was quantified 
using Pearson correlation analysis, with statistical significance assessed based on the spin-based null model. To visualize 
the spatial correspondence between transcriptional patterns and PACG-related R2SN alterations, representative genes 
with strong positive and negative loadings on PLS1 were selected. Gene expression values for each selected gene were Z- 
score normalized across regions and projected onto the cortical surface to generate regional gene expression maps.

For each representative gene, Z-scored gene expression maps were displayed alongside the corresponding left- 
hemisphere case–control t-statistic map of R2SN alterations. These paired visualizations were used to qualitatively 
illustrate the spatial alignment between gene-specific expression gradients and disease-related structural network 
differences. No additional statistical testing was performed for these illustrative maps.

Enrichment Analyses
To characterize the biological functions of genes associated with R2SN alterations in PACG, pathway enrichment 
analyses were performed using Metascape, an integrative functional annotation platform that incorporates multiple 
resources, including Gene Ontology (GO), KEGG, and Reactome databases.60 Genes were filtered using a false 
discovery rate (FDR) threshold of 1%, and significantly enriched pathways were identified based on statistical sig
nificance and functional clustering.

Enrichment analyses were conducted separately for positively and negatively weighted gene sets derived from PLS1, 
which represented the dominant transcriptional component associated with R2SN abnormalities. To further contextualize 
these transcriptional signatures, overlap analyses were performed between PLS1-associated gene sets and susceptibility 
genes reported in large-scale genome-wide association studies (GWAS) related to neurological and psychiatric disorders. 
Compared with subsequent PLS components, PLS1 exhibited a more stable gene-weight distribution and was therefore 
selected for downstream functional analyses.

Assigning PACG-Related Genes to Specific Cell Types
Genes showing significant associations with R2SN alterations in PACG were assigned to specific brain cell types 
according to the framework proposed by Seidlitz et al, which categorizes genes into seven major cellular populations, 
including astrocytes, endothelial cells, microglia, excitatory neurons, inhibitory neurons, oligodendrocytes, and oligo
dendrocyte precursor cells (OPCs).

To evaluate whether the observed gene–cell type associations exceeded what would be expected by chance, 
permutation testing was performed, and statistical significance was determined using false discovery rate (FDR)- 
corrected p-values (< 0.05). Cell-type specificity analyses were conducted separately for genes positively and negatively 
weighted on the first PLS component (PLS1), enabling assessment of potential differences in cellular expression patterns 
between transcriptional profiles that were spatially aligned with (positive weights) or inversely related to (negative 
weights) PACG-related R2SN alterations. This bidirectional analysis was designed to provide a more comprehensive 
characterization of the cellular contexts underlying the transcription–neuroimaging associations.

Spatial Correlation Between R2SN Alteration and Receptor/Transporter Density
To examine the neurochemical substrates associated with R2SN alterations in PACG, we assessed their spatial correspondence 
with normative maps of neurotransmitter receptor and transporter densities using the JuSpace toolbox, which integrates PET and 
SPECT data.61 Regional R2SN alteration maps derived from the PACG–control comparison served as the imaging phenotype 
for this analysis. A total of thirteen neurotransmitter-related maps were included, covering multiple neuromodulatory systems, 
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such as cerebral blood flow (CBF), kappa opioid receptor (KOR), kappa opioid receptor–selective ligand (KappaOp), mu opioid 
receptor (MOR), mu opioid receptor–selective ligand (MU), and metabotropic glutamate receptor 5 (mGluR5), among others.

Spatial associations between R2SN alterations and neurotransmitter distributions were quantified using Spearman’s 
rank correlation coefficients.62 To mitigate potential biases introduced by spatial autocorrelation, statistical significance 
was evaluated using spatial permutation procedures implemented in JuSpace. All resulting p values were further adjusted 
for multiple comparisons using Bonferroni correction.63

Epicenter Analysis of R2SN Network Alterations
Epicenter analysis was conducted to identify brain regions whose intrinsic morphological connectivity profiles best 
recapitulated the spatial distribution of PACG-related R2SN abnormalities. Normative connectivity profiles were derived 
from the group-averaged R2SN of healthy controls (see R2SN construction above). For each region, its normative R2SN 
connectivity profile was defined as the vector of structural similarity values to all other regions.

PACG-related abnormalities were represented by patient-specific R2SN alteration maps derived for each PACG patient 
relative to the healthy-control reference pattern. For each PACG patient and each region, a Spearman spatial correlation was 
computed between the region’s normative R2SN connectivity profile and the corresponding patient-specific abnormality map. 
Correlation coefficients were transformed using Fisher’s r-to-z transformation, yielding patient-level regional goodness-of-fit 
(GOF) scores. Group-level epicenter strength was assessed using one-sample t tests on GOF scores across patients, with multiple 
comparisons controlled using false discovery rate (FDR) correction (q < 0.05).The single region exhibiting the highest GOF- 
derived t value was defined as the top-ranked (top-1) structural-network epicenter and selected for subsequent analyses.

To contextualize the functional embedding of the top-ranked epicenter, we examined its normative whole-brain functional 
connectivity (FC) profile using a standard FC template from healthy individuals. FC values were summarized within the Yeo 17- 
network parcellation by averaging FC strength across parcels belonging to each network, and networks were ranked according to 
their mean FC with the epicenter. This functional network projection was performed for interpretative purposes only and did not 
contribute to epicenter identification. Across the above analyses, Pearson and Spearman correlations were used according to the 
analytical context: Pearson correlation was applied when linear associations between continuous variables were expected, 
whereas Spearman rank correlation was used for spatial map-based analyses to provide robustness to non-normality and outliers.

Machine Learning-Based Classification Using R2SN Features
To identify the most discriminative brain regions associated with PACG, feature selection was performed using support 
vector machine–recursive feature elimination (SVM-RFE). Regional R2SN features were extracted based on the 
Brainnetome atlas, yielding a 246-dimensional feature vector for each subject. All features were standardized using z- 
score normalization prior to analysis.

SVM-RFE was implemented using a linear support vector machine, in which features were ranked according to the 
squared magnitude of their weight coefficients and recursively eliminated until a predefined number of features remained. 
To avoid information leakage, feature selection was conducted within a nested cross-validation framework,64 with SVM- 
RFE applied exclusively to the training data in each outer fold. The final discriminative features were determined based 
on selection stability across folds, and the top 10 brain regions were retained for subsequent analyses.

The selected features were then used as inputs for five machine learning classifiers, including SVM, RF, LR, 
XGBoost, and LightGBM. All models were trained and evaluated within the same nested cross-validation framework, 
with hyperparameters optimized using grid search on the training data only. Classification performance was assessed 
using accuracy, sensitivity, specificity, and the area under the receiver operating characteristic curve (AUC).

Results
Demographics and Clinical Characteristics
No significant differences were found between the PACG group and the healthy controls in terms of gender (P = 0.67). In 
contrast, significant group differences were observed in BCVA-OD, BCVA-OS, IOP-OD, and IOP-OS, with all P < 
0.001. Detailed information is presented in Table 1.

Clinical Ophthalmology 2026:20                                                                                                   https://doi.org/10.2147/OPTH.S527088                                                                                                                                                                                                                                                                                                                                                                                                       7

Hu et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Regional R2SN Alterations in PACG
Region-wise two-sample t-test analysis, corrected for multiple comparisons using the false discovery rate (FDR < 0.05) 
and thresholded at P ≤ 0.001, revealed significant R2SN alterations in patients with PACG compared with healthy 
controls. A total of multiple cortical and subcortical regions exhibited significant group differences, indicating wide
spread structural similarity disruptions at the regional level.

The altered regions were predominantly distributed across frontal, temporal, parietal, and limbic cortices. Within the 
frontal lobe, abnormalities were mainly observed in the middle frontal gyrus (MFG), inferior frontal gyrus (IFG), and 
orbital gyrus (OrG). Temporal lobe involvement primarily included the superior temporal gyrus (STG), inferior temporal 
gyrus (ITG), fusiform gyrus (FuG), and posterior superior temporal sulcus (pSTS). Parietal alterations were detected in 
the precentral gyrus (PrG) and postcentral gyrus (PoG).

In addition, several limbic-related regions, including the parahippocampal gyrus (PHG), insula (INS), and cingulate 
gyrus (CG), also showed significant R2SN alterations. Notably, extensive subcortical abnormalities were identified in the 
basal ganglia and thalamus. The spatial distribution of these PACG-related R2SN alterations will be illustrated in Table 2.

Systems-Level Summary of R2SN Abnormalities Using Word Cloud Visualization
Group-averaged R2SN matrices were first visualized to provide an overview of structural similarity patterns in each 
group. As shown in Figure 2A and B, cortical surface projections derived from group-averaged R2SNs revealed distinct 
spatial patterns between patients with PACG and healthy controls.To quantitatively assess group differences at the whole- 
brain level, a case–control comparison was performed, yielding a case–control t-statistic map that characterized the 
magnitude and direction of R2SN alterations across Brainnetome-defined brain regions (Figure 2C).

Based on the region-wise statistical results, brain regions showing significant R2SN alterations (P ≤ 0.001) were 
identified and visualized in Figure 2D, with detailed regional information summarized in Table 2. These regions were 
determined using two-sample t-tests comparing regional R2SN-derived measures between PACG patients and healthy 
controls. To further characterize the magnitude of alteration at the regional level, summary measures reflecting the extent 
of R2SN deviation were computed for each Brainnetome parcel. The resulting distribution of regional alteration strength 
(Figure 2E) exhibited marked heterogeneity across brain regions, indicating that PACG-related R2SN abnormalities vary 
spatially in their regional impact.

At the systems level, region-wise R2SN measures were aggregated within the Yeo 7 functional network framework, 
and group differences were assessed using two-sample t-tests (Figure 2F). Significant group effects were observed across 
all seven functional networks, with PACG patients consistently exhibiting reduced R2SN values relative to healthy 
controls. The corresponding t values and p values for each Yeo network are reported in Table 3, providing quantitative 
support for the network-level differences observed. To facilitate anatomical interpretation, all significant Brainnetome 
regions were subsequently projected onto the Yeo 7-network cortical template (Figure 2G), illustrating the distribution of 
R2SN alterations across multiple large-scale functional systems.

Table 1 Demographics and Visual Measurements Between Two Groups

Condition PACG Group HC Group t/χ2 value p value

Gender (male/female) 22/22 20/24 0.182 0.670

BCVA-OD 0.25 ± 0.08 1.05 ± 0.08 −45.885 <0.001*
BCVA-OS 0.26 ± 0.09 1.03 ± 0.09 −41.797 <0.001*

IOP-OD 39.27 ± 0.68 14.19 ± 1.53 99.668 <0.001*

IOP-OS 39.52 ± 0.39 14.38 ± 1.58 102.227 <0.001*

Notes: Continuous variables are presented as mean ± standard deviation. Gender was compared 
using the χ2-test, and continuous variables were compared using independent-samples t-tests. *p < 
0.05 was considered statistically significant. Bold values indicate statistically significant differences 
between groups. 
Abbreviations: PACG, primary angle-closure glaucoma; HC, healthy control; BCVA, best-corrected 
visual acuity; IOP, intraocular pressure; OD, oculus dexter/right eye; OS, oculus sinister/left eye.
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Table 2 Brain Regions Showing Significant R2SN Alterations Between PACG 
Patients and Healthy Controls

Region Region Name MNI p value t value

x y z

19 MFG MFG_L_7_3 −28.03 55.86 12.05 <0.001* −4.092
21 MFG_L_7_4 −40.76 40.72 16.06 0.001 −4.043

22 MFG_R_7_4 41.75 44.00 13.72 0.001 −3.865
27 MFG_L_7_7 −25.42 60.44 −5.86 <0.001* −5.077

28 MFG_R_7_7 25.30 61.65 −3.60 <0.001* −4.720

33 IFG IFG_L_6_3 −52.62 22.87 11.11 <0.001* −4.728
35 IFG_L_6_4 −48.75 36.06 −2.99 <0.001* −4.557

36 IFG_R_6_4 51.25 36.23 −0.36 0.001 −3.969
39 IFG_L_6_6 −51.44 13.26 5.85 <0.001* −4.443

41 OrG OrG_L_6_1 −6.59 53.38 −6.89 <0.001* −4.458
42 OrG_R_6_1 6.30 47.62 −6.90 <0.001* −4.476

43 OrG_L_6_2 −36.31 33.39 −15.85 <0.001* −5.045
44 OrG_R_6_2 40.24 38.38 −14.37 <0.001* −4.670

45 OrG_L_6_3 −22.58 37.48 −17.62 <0.001* −5.208

46 OrG_R_6_3 23.45 36.10 −18.22 <0.001* −4.870
47 OrG_L_6_4 −6.30 51.81 −19.48 <0.001* −5.006

48 OrG_R_6_4 6.47 57.10 −16.32 <0.001* −5.116

49 OrG_L_6_5 −10.22 17.83 −18.83 <0.001* −4.128
51 OrG_L_6_6 −40.61 32.54 −9.11 <0.001* −5.125

53 PrG PrG_L_6_1 −48.79 −7.78 39.20 <0.001* −4.147
62 PrG_R_6_5 53.77 3.79 8.60 <0.001* −4.113

63 PrG_L_6_6 −49.34 4.73 30.39 0.001 −3.899

69 STG STG_L_6_1 −31.97 13.91 −34.33 <0.001* −5.180
70 STG_R_6_1 31.21 14.90 −33.53 <0.001* −4.632
74 STG_R_6_3 50.72 −3.61 −1.21 <0.001* −4.223

90 ITG ITG_R_7_1 45.68 −14.16 −33.10 <0.001* −4.671
92 ITG_R_7_2 53.52 −52.87 −18.37 0.001 −3.867

93 ITG_L_7_3 −43.50 −2.54 −41.29 <0.001* −4.430
94 ITG_R_7_3 40.09 0.43 −43.26 <0.001* −4.370

103 FuG FuG_L_3_1 −32.68 −16.10 −32.40 0.001 −3.857

115 PhG PhG_L_6_4 −18.37 −11.64 −29.87 <0.001* −4.311
116 PhG_R_6_4 18.48 −9.48 −29.98 <0.001* −5.753
119 PhG_L_6_6 −16.39 −39.49 −9.77 <0.001* −4.402

120 PhG_R_6_6 18.83 −36.20 −11.17 <0.001* −4.137

124 pSTS pSTS_R_2_2 56.89 −40.14 12.60 0.001 −3.885

158 PoG PoG_R_4_2 55.75 −10.21 15.15 0.001 −3.935

163 INS INS_L_6_1 −36.12 −20.34 9.78 <0.001* −4.421
169 INS_L_6_4 −38.40 −3.80 −9.23 <0.001* −5.142

170 INS_R_6_4 39.16 −1.90 −8.96 <0.001* −5.785

177 CG CG_L_7_2 −3.23 8.15 25.14 <0.001* −5.313

(Continued)
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Finally, to further contextualize these findings at the systems level, functional network labels and anatomical 
descriptors associated with significant R2SN-altered regions were summarized using a word cloud visualization 
(Figure 2H). This visualization highlighted prominently represented anatomical and functional-system terms among 
altered regions.

Transcriptomic Associations of PACG-Related R2SN Alterations
Building on the region-wise R2SN alterations identified between PACG patients and healthy controls, the PLS analysis 
revealed that these structural network changes are tightly constrained by the brain’s intrinsic transcriptional architecture. 
PLS1 was selected as the dominant transcriptional component for downstream analyses. The distribution of Z-scored 
PLS1 gene weights revealed a broad transcriptional loading pattern associated with the R2SN case–control t-statistic 
map, with significantly negatively and positively weighted genes highlighted after FDR correction (Figure 3A).

The strong spatial correspondence between the R2SN alteration map and the PLS1-derived gene expression pattern 
(Figure 3B), together with the significant deviation of PLS1-weighted gene Z scores from spin-based null distributions 
(Figure 3C, FDR < 0.05), demonstrates that the observed imaging–transcriptomic association is highly unlikely to arise 
from random spatial organization. This finding provides robust evidence that PACG-related structural similarity disrup
tions are biologically constrained rather than spatially diffuse.

Table 2 (Continued). 

Region Region Name MNI p value t value

x y z

221 BG BG_L_6_2 −21.80 −1.84 3.72 <0.001* 6.284
222 BG_R_6_2 22.09 −1.62 3.62 <0.001* 6.050
226 BG_R_6_4 22.24 7.93 −1.59 <0.001* 5.436

229 BG_L_6_6 −28.19 −5.10 1.47 <0.001* 4.437

230 BG_R_6_6 29.03 −3.44 1.46 0.001 3.948

231 Tha Tha_L_8_1 −6.42 −12.30 5.10 <0.001* 6.641

232 Tha_R_8_1 7.07 −10.97 5.89 <0.001* 5.937
233 Tha_L_8_2 −18.32 −13.08 4.02 <0.001* 6.422

234 Tha_R_8_2 12.56 −13.81 0.94 <0.001* 5.238

235 Tha_L_8_3 −17.80 −22.43 3.34 <0.001* 4.960
236 Tha_R_8_3 17.83 −21.79 3.33 <0.001* 4.763

239 Tha_L_8_5 −16.48 −23.80 6.70 <0.001* 4.382

240 Tha_R_8_5 15.45 −25.12 6.19 <0.001* 4.632
241 Tha_L_8_6 −15.29 −28.41 3.70 <0.001* 5.968

242 Tha_R_8_6 13.64 −26.90 7.52 <0.001* 4.096

243 Tha_L_8_7 −11.44 −22.15 12.56 <0.001* 4.215
245 Tha_L_8_8 −11.12 −14.32 2.02 <0.001* 6.729

246 Tha_R_8_8 12.68 −16.36 6.66 <0.001* 5.127

Notes: Brain regions were defined according to the Brainnetome Atlas parcellation scheme. Region- 
wise two-sample t-tests were performed to compare R2SN-derived measures between PACG 
patients and healthy controls. Multiple comparisons were controlled using the false discovery rate 
(FDR < 0.05), and significant regions were further reported at a threshold of p ≤ 0.001. The Region ID 
corresponds to the label index in the Brainnetome Atlas. T-values indicate the direction and magni
tude of group differences, calculated as PACG minus healthy controls. Negative t-values indicate 
reduced R2SN values in PACG patients, whereas positive t-values indicate increased R2SN values in 
PACG patients. *Values marked with an asterisk indicate p < 0.001. 
Abbreviations: R2SN, regional radiomics similarity network; PACG, primary angle-closure glau
coma; HC, healthy control; MNI, Montreal Neurological Institute; FDR, false discovery rate; MFG, 
middle frontal gyrus; IFG, inferior frontal gyrus; OrG, orbital gyrus; PrG, precentral gyrus; STG, 
superior temporal gyrus; ITG, inferior temporal gyrus; FuG, fusiform gyrus; PhG, parahippocampal 
gyrus; pSTS, posterior superior temporal sulcus; PoG, postcentral gyrus; INS, insula; CG, cingulate 
gyrus; BG, basal ganglia; Tha, thalamus.
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Using an FDR-corrected threshold (q < 0.05), 1,013 negatively weighted genes (PLS− genes) and 288 positively 
weighted genes (PLS+ genes) were identified. This asymmetric distribution suggested a predominant negatively weighted 
transcriptional program, accompanied by a smaller but distinct set of positively weighted genes.

Consistent with this interpretation, regional PLS1 scores exhibited a significant positive correlation with R2SN case– 
control t values (Pearson’s r = 0.476, spin-test-corrected p = 0.00335; Figure 3D), indicating that the magnitude of 
structural network alteration scales with the strength of the underlying transcriptional pattern. Together, these results 

Figure 2 Regional- and systems-level characterization of PACG-related R2SN alterations. (A and B) Cortical surface projections of regional measures derived from group- 
averaged R2SNs in patients with PACG and healthy controls. (C) Case–control t-statistic map showing the spatial distribution of PACG-related R2SN alterations. (D) Three- 
dimensional visualization of brain regions with significant R2SN alterations. (E) Distribution of regional R2SN residuals across Brainnetome atlas regions. (F) Group 
differences in mean R2SN values across Yeo 7 functional networks. (G) Projection of significant R2SN-altered regions onto the Yeo 7-network atlas. (H) Word cloud 
visualization summarizing anatomical and functional-system terms prominently represented among R2SN-altered regions.
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establish a robust molecular framework linking macroscale R2SN alterations to regional gene expression organization in 
PACG, thereby providing a biologically grounded basis for subsequent functional enrichment and cellular specificity 
analyses. Gene-level contributions to PLS1 were further examined by ranking genes according to their Z-scored loadings. 
Representative positively weighted genes included ARFGEF2, CDK14, and LOC643406, whereas representative nega
tively weighted genes included SHISAL1, FAR2P1, and SCARA5, indicating opposing transcriptional contributions to 
the PACG-related R2SN pattern.

To further illustrate the spatial correspondence between transcriptional patterns and R2SN alterations, representative 
genes with strong positive and negative PLS1 loadings were visualized (Figure 3E–J). Cortical maps of Z-scored gene 
expression for positively weighted genes, including ARFGEF2, CDK14, and LOC643406 (Figure 3E–J), exhibited 

Table 3 Network-Level Group Differences in R2SN Values Across the Yeo 7 Functional Networks

Condition Visual Somatomotor Dorsal Attention Ventral Attention Limbic Frontoparietal Default

p value 0.003326 0.001056 0.001176 0.000180 0.000025 0.000261 0.000150
t value −3.03014 −3.394582 −3.360906 −3.922250 −4.462738 −3.815110 −3.973211

Notes: The intrinsic functional networks were defined using the Yeo 7-network parcellation atlas. Group differences in network-level R2SN values between 
patients with primary angle-closure glaucoma (PACG) and healthy controls (HCs) were assessed using two-sample t-tests. The t-values represent the magnitude 
and direction of group differences, with negative values indicating reduced network-level R2SN values in the PACG group. All seven functional networks exhibited 
statistically significant alterations after false discovery rate (FDR) correction (q < 0.05). 
Abbreviations: R2SN, regional radiomics similarity network; PACG, primary angle-closure glaucoma; HC, healthy control; FDR, false discovery rate.

Figure 3 Transcriptomic associations of PACG-related R2SN structural network alterations revealed by PLS analysis. (A) Distribution of Z-scored PLS1 gene weights, with 
significantly negatively and positively weighted genes highlighted. (B) Spatial correspondence between the left-hemisphere R2SN case–control t-statistic map and the PLS1- 
derived weighted gene expression map. (C) Empirical and spin-test-based null distributions of PLS1 gene weights. (D) Spatial correlation between regional PLS1 scores and 
left-hemisphere R2SN t values (Pearson’s r = 0.476, spin-test-corrected p = 0.00335). (E–J) Representative genes showing spatial correspondence between regional gene 
expression patterns and R2SN alterations.
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spatial patterns that closely overlapped with regions showing pronounced PACG-related R2SN differences. In contrast, 
genes with strong negative loadings, such as SHISAL1, FAR2P1, and SCARA5 (Figure 3H–J), displayed complementary 
spatial distributions relative to the R2SN case–control t-statistic map. Together, these representative examples provide 
qualitative visualization of the spatial coupling between gene expression gradients and PACG-related structural network 
alterations.

Functional Enrichment of PLS1-Associated Genes
For the negatively weighted gene set (Figure 4A), enriched terms were predominantly related to neuronal structural 
organization, cytoskeletal dynamics, and synaptic regulation. Specifically, significant enrichment was observed in 

Figure 4 Functional enrichment analysis of PLS1-associated genes linked to PACG-related R2SN alterations. (A) Negatively weighted PLS1 genes.(B) Positively weighted 
PLS1 genes. For both panels, the left subpanel displays the top 20 significantly enriched GO terms and KEGG pathways, with bubble color indicating enrichment significance 
and bubble size indicating the number of contributing genes. The right subpanel shows a network visualization of enriched functional terms, in which related terms are 
grouped into functional clusters to highlight the major biological modules associated with PACG-related R2SN alterations.
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processes such as regulation of cell projection organization, actin filament-based process, microtubule-based movement, 
and negative regulation of cellular component organization, indicating alterations in the maintenance and organization of 
neuronal morphology. In parallel, multiple synapse-related and signaling terms, including synapse organization, modula
tion of chemical synaptic transmission, and adenylate cyclase–inhibiting G protein–coupled receptor signaling pathway, 
were identified. In addition, pathways associated with protein synthesis and turnover—such as cytoplasmic translation, 
translational initiation, ribosomal large subunit biogenesis, protein–RNA complex assembly, and regulation of ubiquitin- 
dependent protein catabolic process—were significantly enriched. Cell cycle–related terms (eg. mitotic cell cycle) and 
stress-related responses, including regulation of cellular response to stress and response to radiation, were also 
represented.

In contrast, the positively weighted gene set (Figure 4B) showed enrichment in pathways associated with cellular 
activation, developmental processes, and immune-related functions. Prominent terms included brain development, neuron 
projection development, and cell activation, alongside multiple signaling pathways such as enzyme-linked receptor 
protein signaling pathway and receptor recycling. Notably, several immune and inflammatory processes were enriched, 
including immune effector process, regulation of humoral immune response, and regulation of leukocyte apoptotic 
process. Additionally, pathways related to ion homeostasis and metabolism—such as metal ion transport and response to 
iron ion—were identified. Enrichment was also observed in processes involved in apoptosis regulation (regulation of 
apoptotic signaling pathway), protein homeostasis (protein maturation and protein stabilization), and mitochondrial 
structure (cristae formation), as well as organ system development terms including heart development, lung development, 
and renal system process involved in regulation of blood volume.

Together, these results indicate that PACG-related R2SN alterations are associated with two distinct but complemen
tary transcriptional programs, involving disrupted neuronal structural and synaptic maintenance on the one hand, and 
enhanced cellular activation, developmental, and immune-related processes on the other.

Cell-Type–Specific Transcriptional Signatures Underlying R2SN Alterations
To characterize the cellular context underlying transcriptional patterns associated with R2SN alterations in PACG, genes 
positively and negatively weighted on the first PLS component (PLS1) were mapped onto transcriptomic profiles of 
seven major cortical cell types. As shown in Figure 5A, spatial projection revealed marked regional heterogeneity across 
cell-type–specific expression patterns, indicating that transcriptional signals associated with R2SN alterations were not 
uniformly distributed across the cortex.

Cell-type enrichment analysis of positively weighted PLS1 genes did not reveal significant enrichment for any 
cortical cell class after false discovery rate (FDR) correction (p < 0.05). In contrast, genes negatively weighted on PLS1 
exhibited significant overrepresentation in excitatory (Neuro-Ex) and inhibitory neurons (Neuro-In), surviving FDR 
correction (Figure 5B). No significant enrichment was observed for other cortical cell classes at the same statistical 
threshold.

Gene Ontology–based functional enrichment analysis of negatively weighted genes further revealed distinct biologi
cal process profiles across different cell types (Figure 5C). In both excitatory and inhibitory neurons, negatively weighted 
genes were primarily enriched in pathways related to synaptic organization, trans-synaptic signaling, regulation of 
neurotransmission, membrane excitability, axonal remodeling, cytoskeletal organization, and local protein translation. 
In endothelial cells, enriched biological processes were predominantly associated with cytoskeletal remodeling, mechan
osensory responses, regulation of vascular permeability, inflammatory signaling, and protein synthesis. In astrocytes, 
negatively weighted genes were enriched in pathways involving GPCR and cAMP signaling, cytoskeletal dynamics, 
synaptic organization, and cell–cell adhesion, whereas in microglia, enriched terms were mainly related to immune 
surveillance, cytokine responsiveness, chemotactic regulation, cytoskeletal remodeling, and synaptic protein complex 
regulation.
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Spatial Correspondence Between R2SN Alterations in PACG and Neurotransmitter 
Systems
Spatial correspondence analysis revealed significant associations between PACG-related R2SN alterations and multiple 
neuromodulatory systems (Figure 6). Whole-brain spatial correlation analysis demonstrated that ten neurotransmitter 
receptor, transporter, or physiological density maps—including 5HT1A, 5HT2A, mGluR5, GABAA5, cerebral blood 
flow (CBF), DAT, SERT, NAT, VAChT, and D2—exhibited significant spatial associations with R2SN alteration maps, 
with both uncorrected and spin-test–adjusted p values below 0.05 (Figure 6A-J).

Inspection of correlation directionality indicated a bidirectional pattern across neurotransmitter systems. Specifically, 
negative spatial correlations were observed for 5HT1A, 5HT2A, mGluR5, GABAA5, and CBF, indicating that brain 
regions with higher receptor or physiological density tended to show greater R2SN alterations. In contrast, positive 
spatial correlations were identified for DAT, SERT, NAT, VAChT, and D2, suggesting that regions enriched in these 
monoaminergic or cholinergic markers exhibited relatively attenuated R2SN alterations (Figure 6K). Together, these 
results demonstrate heterogeneous neurochemical associations with PACG-related R2SN alterations, highlighting distinct 
spatial relationships across neurotransmitter systems.

R2SN-Based Network Alterations and Epicenter Organization in PACG
Epicenter analysis revealed marked regional heterogeneity in the correspondence between normative R2SN connectivity 
profiles and PACG-related R2SN abnormalities across the whole brain (Figure 7A). Group-level statistical testing 
identified several regions exhibiting significant epicenter effects after false discovery rate (FDR) correction (q < 0.05; 

Figure 5 Cell-type–specific transcriptional signatures associated with PACG-related R2SN alterations. (A) Cortical maps of cell-type–specific expression patterns for 
negatively weighted PLS1 genes across seven major brain cell types, including excitatory neurons, inhibitory neurons, endothelial cells, astrocytes, microglia, oligoden
drocytes, and oligodendrocyte precursor cells. (B) Overlap between negatively weighted PLS1 genes and cell-type–specific gene sets; significant enrichments after FDR 
correction are marked with asterisks. (C) GO biological process enrichment of negatively weighted PLS1 genes across different cell types.
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Figure 6 Spatial correspondence between PACG-related R2SN alterations and neurotransmitter receptor/transporter distributions. (A–J) Spatial correlations between 
regional PACG-related R2SN alteration maps and PET/SPECT-derived neurotransmitter receptor/transporter or physiological density maps: (A) 5-HT1A, (B) 5-HT2A, (C) 
cerebral blood flow (CBF), (D) D2, (E) dopamine transporter (DAT), (F) GABAA5, (G) mGluR5, (H) noradrenaline transporter (NAT), (I) serotonin transporter (SERT), 
and (J) vesicular acetylcholine transporter (VAChT). Each panel shows the spatial distribution of PACG-related R2SN alterations and the corresponding scatterplot with the 
PET/SPECT-derived map. (K) Fisher Z-transformed Spearman correlation coefficients summarizing the direction and magnitude of spatial associations across neurotrans
mitter receptor/transporter and physiological maps.
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Figure 7B). Among these, the left middle frontal gyrus (MFG-L-77) showed the highest goodness-of-fit (GOF)–derived 
t value and was therefore identified as the top-ranked (top-1) structural-network epicenter (Figure 7C).

Subsequent analyses examined the functional context of this epicenter. The normative whole-brain functional 
connectivity profile of MFG-L-77 demonstrated widespread connectivity with distributed cortical regions (Figure 7D). 
Projection of epicenter-related connectivity profiles onto the Yeo 17-network parcellation revealed a preferential embed
ding within higher-order association systems. The top five ranked networks were Default B, Control A, Default A, 
Salience/Attention B, and Dorsal Attention A, indicating that epicenter effects were predominantly concentrated within 
default mode, frontoparietal control, and attentional networks (Figure 7E).

Classification Performance Based on R2SN-Derived Brain Region Features
Using the ten brain-region features identified by SVM-RFE, five machine learning classifiers, including SVM, Random 
Forest, Logistic Regression, LightGBM, and XGBoost, were applied to evaluate the discriminative performance of 
R2SN-derived features for distinguishing PACG patients from healthy controls. All models were trained and evaluated 
within a nested cross-validation framework, and classification performance was assessed using accuracy, AUC, sensi
tivity, specificity, precision, and F1-score.

Overall, the selected R2SN-derived features showed moderate discriminative performance across classifiers. Logistic 
Regression achieved the highest AUC (0.78 ± 0.04), followed by LightGBM (0.76 ± 0.04), SVM (0.75 ± 0.04), XGBoost 
(0.75 ± 0.05), and Random Forest (0.73 ± 0.06). Classification accuracy ranged from 0.67 ± 0.07 to 0.73 ± 0.04 across 
the five models, with SVM and Logistic Regression showing the highest accuracy. Detailed performance metrics are 
summarized in Table 4.

To further interpret the contribution of selected brain-region features to model predictions, SHAP-based analyses 
were performed for each classifier (Figure 8). Across the five models, SHAP decision plots, heatmaps, mean absolute 
SHAP value plots, and beeswarm plots were used to visualize both individual-level and global feature contributions. 
Regions within the orbital gyrus, superior frontal gyrus, middle frontal gyrus, inferior frontal gyrus, and precentral gyrus 
showed notable contributions across models, suggesting that frontal and orbitofrontal R2SN-derived features were 
important contributors to PACG classification.

Figure 7 Epicenter distribution and association with signatures of brain structure. (A) Whole-brain distribution of epicenter goodness-of-fit (GOF) values.(B) Brain regions 
identified as significant epicenters.(C) The top-ranked structural-network epicenter.(D) Normative whole-brain functional connectivity pattern of the top-ranked epicenter. 
(E) Functional network affiliation of the R2SN-defined epicenter across the Yeo 17-network parcellation.
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Discussion
In this study, we characterized large-scale structural brain network alterations in PACG using individualized R2SN 
analysis. We identified widespread R2SN abnormalities across cortical and subcortical regions and further linked these 
alterations to functional systems, transcriptomic profiles, neurochemical architecture, epicenter organization, and 
machine learning classification. These findings suggest that PACG-related brain changes extend beyond conventional 
region-based morphometric abnormalities and provide a multiscale framework for understanding central nervous system 
involvement in PACG.

PACG has traditionally been associated with trans-synaptic degeneration along the visual pathway, and R2SN alterations 
within visual regions were also observed in the present study. However, our findings further revealed a broader pattern of 
structural network involvement extending from primary sensory systems to higher-order functional networks. When regional 
alterations were summarized within the Yeo 7-network framework, R2SN reductions were observed across multiple large- 
scale systems, suggesting widespread disruption of morphological coordination rather than changes confined to the visual 
system. Notably, the limbic network showed the most pronounced alteration, which may be related to affective symptoms and 
cognitive impairment reported in patients with glaucoma.65,66 Alterations within the default mode and attentional networks 
further suggest that PACG may affect higher-order systems involved in internal cognition, external sensory processing, and 
attentional control, consistent with previous glaucoma connectome studies.67–69

Alterations in the frontoparietal control network may reflect the involvement of top-down cognitive control systems in 
response to declining sensory input.70,71 Together, these findings suggest distributed structural network reorganization 
involving emotional, attentional, and cognitive control systems in PACG.

Epicenter analysis provided a network-level perspective on the spatial organization of PACG-related R2SN 
alterations.49–51Rather than identifying regions with the largest local abnormalities, this approach highlights regions 
whose normative structural similarity profiles best match the distributed pattern of disease-related changes. The left 
middle frontal gyrus (MFG-L-77) emerged as the top-ranked structural-network epicenter, with its connectivity profile 
preferentially embedded within default mode, attentional, and frontoparietal systems. Previous neuroimaging studies 
have reported visual and higher-order network abnormalities in PACG and other glaucoma subtypes,72 but the present 
findings further suggest that these distributed alterations may be organized around integrative control systems within the 
large-scale brain network.

Imaging–transcriptomic analysis revealed that PACG-related R2SN alterations were spatially associated with the 
dominant PLS1 transcriptional pattern. Positively weighted genes were mainly enriched in immune activation, inflam
matory signaling, cytoskeletal remodeling, and cellular stress responses, whereas negatively weighted genes were 
enriched in synaptic organization, neurodevelopmental regulation, axon-related processes, and metabolic pathways. 
This pattern suggests that PACG-related structural network reorganization may be linked to a combination of immune- 

Table 4 Classification Performance of Machine Learning Models Based on R2SN-Derived Brain 
Region Features

ACC AUC Sensitivity Specificity F1 Precision

SVM 0.73 ± 0.03 0.75 ± 0.04 0.88 ± 0.08 0.57 ± 0.13 0.76 ± 0.02 0.69 ± 0.05

Random forest 0.68 ± 0.06 0.73 ± 0.06 0.72 ± 0.07 0.63 ± 0.08 0.68 ± 0.06 0.67 ± 0.07

Logistic 
Regression

0.73 ± 0.04 0.78 ± 0.04 0.88 ± 0.08 0.57 ± 0.12 0.76 ± 0.03 0.68 ± 0.04

LightGBM 0.70 ± 0.05 0.76 ± 0.04 0.79 ± 0.08 0.61 ± 0.08 0.72 ± 0.05 0.68 ± 0.05

XGBoost 0.67 ± 0.07 0.75 ± 0.05 0.71 ± 0.08 0.62 ± 0.08 0.66 ± 0.08 0.65 ± 0.08

Notes: Values are presented as mean ± standard deviation and were calculated across repeated runs within a nested cross- 
validation framework. Performance metrics include accuracy, area under the receiver operating characteristic curve, sensitivity, 
specificity, F1-score, and precision. All classifiers were trained using the same set of ten discriminative brain regions identified 
by support vector machine recursive feature elimination to ensure fair comparison across models. 
Abbreviations: R2SN, regional radiomics similarity network; ACC, accuracy; AUC, area under the receiver operating 
characteristic curve; SVM, support vector machine; SVM-RFE, support vector machine recursive feature elimination; 
LightGBM, light gradient boosting machine; XGBoost, extreme gradient boosting.
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related activation and altered neuronal structural maintenance.73–76 Cell-type analysis further showed significant enrich
ment of negatively weighted genes in excitatory and inhibitory neurons, indicating that neuronal transcriptional programs 
may be closely related to the spatial organization of R2SN alterations. Although glial cell types did not show dominant 
enrichment, immune- and glia-related functional terms suggest that glial or immune-related processes may still play 
modulatory roles in PACG-related brain reorganization.75,77,78 Importantly, these findings should be interpreted as spatial 
correspondences with normative transcriptomic architecture rather than direct evidence of disease-induced gene expres
sion changes in PACG.

Neurochemical mapping further showed that PACG-related R2SN spatial patterns were associated with the distribu
tion of multiple neurotransmitter receptor/transporter systems and cerebral blood flow. Negative associations with 
mGluR5, GABAA5, serotonergic receptors, and CBF may reflect greater vulnerability of regions with high excitatory, 
inhibitory, serotonergic, or metabolic demands, consistent with the involvement of glutamatergic and neurochemical 
mechanisms in glaucoma-related neurodegeneration.79,80 In contrast, positive associations with dopaminergic and 
cholinergic markers may indicate relatively distinct neurochemical profiles of less affected regions. These findings 
suggest that PACG-related structural network alterations may be spatially constrained by intrinsic neurochemical 
architecture. However, as these analyses were based on normative PET/SPECT-derived maps, the results should be 

Figure 8 SHAP-based interpretation of machine learning models using R2SN-derived features. Five machine learning models were used to distinguish patients with PACG 
from healthy controls: (A) LightGBM, (B) Logistic Regression, (C) Random Forest, (D) Support Vector Machine, and (E) XGBoost. For each model, four SHAP-based 
visualizations are shown from left to right: decision plot, heatmap, mean absolute SHAP value plot, and beeswarm plot. These plots illustrate individual- and group-level 
feature contributions of selected R2SN-derived brain-region features to model prediction.
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interpreted as neurochemical spatial associations rather than direct evidence of receptor-level alterations in PACG. These 
multiscale associations do not establish causal mechanisms, but they help identify biological axes along which PACG- 
related structural network alterations may be organized. This interpretation is particularly important because R2SN 
alterations reflect macroscale imaging phenotypes, whereas transcriptomic and neurochemical maps provide normative 
biological context. Therefore, the present findings should be viewed as hypothesis-generating evidence for future 
mechanistic studies.

Machine learning analyses indicated that R2SN-derived brain-region features contain discriminative information for 
distinguishing patients with PACG from healthy controls, supporting their potential clinical relevance for characterizing 
central brain involvement in PACG. By capturing interregional structural relationships rather than isolated regional 
properties, R2SN may reflect distributed network alterations not fully represented by conventional morphometric 
measures. The notable contribution of orbital and frontal cortical regions further suggests that higher-order association 
areas may be involved in PACG-related central reorganization.

Taken together, these findings suggest that PACG-related brain alterations reflect coordinated structural network 
reorganization beyond the visual pathway. By integrating network-level, molecular, cellular, neurochemical, epicenter, 
and machine learning analyses, this study provides a multiscale framework for understanding central nervous system 
involvement in PACG.

Limitations and Future Directions
Several limitations should be acknowledged. First, the relatively modest sample size may limit statistical power and the 
generalizability of the findings. Although we applied appropriate statistical controls, including multiple-comparison 
correction, spatial permutation testing, and nested cross-validation for machine learning, larger independent cohorts are 
needed to validate the robustness and reproducibility of PACG-related R2SN alterations and classification performance. 
Second, the cross-sectional design limits causal inference. Longitudinal studies will be necessary to determine whether 
R2SN changes precede, accompany, or follow clinical visual impairment, and to clarify their temporal relationship with 
disease progression and intervention- or exposure-related factors. Such longitudinal designs have been increasingly used 
in ophthalmic research to evaluate temporal associations between environmental or clinical factors and visual 
outcomes.81 Third, although the PACG and HC groups were matched for age, sex, handedness, and BMI, potential 
confounders related to clinical heterogeneity within the PACG group, such as disease duration, IOP fluctuation, severity 
of visual field defects, retinal structural damage, and systemic vascular, metabolic, or inflammatory factors, were not 
fully modeled. Future studies with more comprehensive clinical phenotyping are needed to determine how these factors 
influence R2SN alterations. Fourth, although the AHBA provides a valuable normative framework for imaging– 
transcriptomic analysis, it is based on postmortem tissue from six neurologically healthy adult donors rather than 
glaucoma-specific samples. Therefore, the observed imaging–transcriptomic associations should be interpreted as spatial 
correspondences with normative molecular architecture rather than direct evidence of disease-induced gene expression 
changes in PACG. Future studies integrating patient-specific transcriptomic, proteomic, or postmortem glaucoma brain 
data are needed to validate and extend these findings. Finally, the present study lacked an independent external validation 
cohort. Although internal validation procedures were used, multicenter studies with larger sample sizes, harmonized 
imaging protocols, and external validation datasets are required to assess the reproducibility, generalizability, and 
translational value of PACG-related R2SN features.

Conclusion
In conclusion, this study demonstrates that PACG is associated with widespread disruption of brain morphological 
similarity networks extending beyond the visual pathway. By integrating individualized R2SN analysis with transcrip
tomic, cell-type, neurochemical, epicenter, and machine learning approaches, we provide exploratory multiscale evidence 
that PACG-related brain alterations may reflect coordinated network-level vulnerability rather than isolated regional 
damage. Together with molecular and neurochemical spatial associations involving synaptic, cytoskeletal, and immune- 
related processes, these findings support a systems-level reorganization of the central nervous system in PACG and 
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highlight R2SN-derived network features as a promising imaging approach for characterizing brain involvement in 
glaucoma.
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