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        Background

        Anxious depression (AD) is a clinically significant subtype of major depressive disorder (MDD) characterized by prominent anxiety symptoms. Emerging neuroimaging evidence shows that AD patients have significantly altered brain structure. This study aimed to identify reliable neuroimaging biomarkers for AD in a Chinese cohort.

      
      
        Methods

        Participants were recruited from the REST-meta-MDD project, including 178 MDD patients and 89 healthy controls. MDD patients were stratified into 89 patients with AD and 89 with non-anxious depression (NAD). Voxel-based morphometry (VBM) was used to quantify gray matter volume (GMV) using T1-weighted images. Depressive and anxiety symptoms were assessed using the Hamilton Depression Rating Scale (HAMD-17) and the Hamilton Anxiety Rating Scale (HAMA-14). Structural covariance (SC) analysis was employed to investigate coordinated morphological changes across brain regions. Additionally, a support vector regression (SVR) model was constructed to predict anxiety severity in MDD patients, with external validation performed in an independent dataset.

      
      
        Results

        In AD patients, significant increases in GMV were observed in the right precuneus (PCUN) and right superior parietal gyrus (SPG). Reduced SC was also found between the right PCUN and left anterior cingulate gyrus (ACG), as well as between the right PCUN and right angular gyrus (ANG). Additionally, SVR analysis demonstrated that the right PCUN GMV could effectively predict MDD patients’ HAMA-14 scores (r = 0.477, MSE = 73.865), validated in an independent external dataset (r = 0.368, MSE = 100.961).

      
      
        Conclusions

        This study’s findings indicate that brain structural abnormalities may be a crucial pathophysiological basis for AD.
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      1 Introduction

      Major depressive disorder (MDD) represents a complex global mental disorder characterized by persistent depressive mood and anhedonia, with a global prevalence of approximately 185 million people (1, 2). According to a 2013 epidemiological study, MDD has become the leading cause of disability in China, imposing a substantial burden on both individual functioning and public health systems (3). MDD exhibits substantial heterogeneity in terms of clinical presentations, pathogenic mechanisms, and treatment responses, which has led to an increasing recognition that it may represent a spectrum of disorders rather than a single disease entity (4, 5). The challenges of accurately diagnosing and effectively treating MDD make it imperative to focus on understanding its different subtypes, thus facilitating the advancement of more personalized and effective therapeutic approaches (4).

      Among the various clinical presentations of MDD, anxious depression (AD) has emerged as a predominant subtype, manifesting prominent anxiety features and occurring in roughly 45.7% of MDD patients (6). Clinical investigations have demonstrated that AD patients present distinct clinical profiles when contrasted with their non-anxious depression (NAD) counterparts, including exacerbated symptom severity, pronounced functional impairment, elevated relapse susceptibility, diminished therapeutic responsiveness, and increased suicidality risk (6–10). The differential characteristics between AD and NAD have been extensively examined across multiple domains, encompassing neurobiological mechanisms, phenotypic expressions, and molecular biomarkers (11, 12).

      The field of neuroimaging has made significant strides in elucidating the neural correlates of anxiety disorders (AD), with resting-state magnetic resonance imaging (rs-MRI) emerging as a pivotal tool for identifying depression-related neurobiological subtypes (4, 13, 14). Among these, structural magnetic resonance imaging (sMRI) studies have consistently revealed distinct patterns of neuroanatomical alterations in AD patients. Emerging evidence from a recent brain network study has established a significant association between the presence of anxiety symptoms and reduced cortical volumes in key regions of the default mode network (DMN) in affected patients (15). Voxel-based morphometry (VBM) investigations have additionally uncovered notable decreases in grey matter volume (GMV) within the frontal and temporal lobes of AD patients (16, 17). Moreover, Zhou et al. effectively employed a random forest classification model using multimodal MRI features, achieving a high classification accuracy in identifying AD patients (AUC = 0.802) (18). Therefore, investigating neuroimaging biomarkers for AD based on sMRI data represents a feasible and promising strategy, offering potential avenues for advancing diagnostic accuracy and personalized therapeutic interventions in future research.

      However, most prior studies have focused solely on structural changes in isolated brain regions in AD, overlooking the disruption of structural association, a key feature of its multiregional collaborative pathology. Structural covariance (SC), a well-established neuroimaging methodology based on sMRI data, provides a reliable characterization of coordinated morphological variations across cerebral cortical regions (19). It provides partial insight into the interregional connectivity patterns within the brain. Compared to functional connectivity (FC), which examines inter-regional associations based on functional similarity derived from fMRI data, SC demonstrates more stable connectivity features (20, 21). Previous studies by Chen et al. have demonstrated that patients with anxiety disorders exhibit distinct structural connectivity patterns between the anterior cingulate cortex (ACC) and prefrontal cortex (PFC) (22). Therefore, exploring the pattern of SC changes in AD patients based on GMV alterations that characterize AD patients holds significant potential for elucidating the underlying neuropathological mechanisms of AD.

      Moreover, machine learning has emerged as a novel analytical approach in recent years, offering powerful tools to elucidate the underlying mechanisms linking neuroimaging alterations with core clinical manifestations of mood disorders (23). Support Vector Regression (SVR) has been widely adopted in sMRI analyses due to its superior performance in modeling the relationship between pathological changes and clinical symptoms, making it a well-established machine learning approach in the field (24, 25). Consequently, this study employs SVR to examine the relationship between GMV in specific brain regions and anxiety levels.

      As far as we are aware, no studies have yet investigated structural brain alterations in Chinese AD patients by combining VBM and SC methods. In this study, we first identified GMV alterations in AD patients. Subsequently, we integrated SC analysis based on these GMV changes to investigate structural covariance patterns among brain regions. Finally, the clinical relevance of the identified regions was further validated using an SVR model. Based on the available evidence, we proposed three main hypotheses: 1) AD patients would exhibit unique patterns of structural brain alterations; 2) AD patients exhibit distinct patterns of SC alterations across brain regions; and 3) these specific structural alterations would predict the severity of anxiety symptoms in MDD patients.

    
    
      2 Materials and methods

      
        2.1 Participants

        The study participants were derived from the REST-meta-MDD project, encompassing 25 research cohorts across 18 Chinese medical institutions (26, 27). A comprehensive demographic and clinical profile was established through systematic collection of key variables, including diagnostic status, sociodemographic characteristics (age, gender, educational attainment), and psychometric assessments using the 14-item Hamilton Anxiety Rating Scale (HAMA-14) and 17-item Hamilton Depression Rating Scale (HAMD-17). However, the lack of detailed documentation regarding medication protocols and disease progression in this project unfortunately precludes a comprehensive evaluation of their potential impact on the study outcomes.

        Before being enrolled in the study, all participants gave written informed consent, which had been sanctioned by institutional review boards. The research protocol received ethical clearance from local Institutional Review Boards, with subsequent data sharing authorization granted by the Ethics Committee of the Institute of Psychology, Chinese Academy of Sciences, following the complete deidentification of participant information. These rigorous ethical safeguards were implemented to maintain research integrity and protect participant rights throughout the study.

        Thise study recruited MDD participants who satisfied the inclusion criteria: 1) aged at least 15 years; 2) a confirmed diagnosis of MDD through a Structured Clinical Interview based on the Diagnostic and Statistical Manual of Mental Disorders-IV (DSM-IV) or International Classification of Diseases 10 (ICD-10); and 3) a HAMD-17 total score ≥17 at the baseline assessment before neuroimaging. Additionally, 88 individuals diagnosed with MDD and 38 healthy controls were excluded from the analysis (28). This study implemented rigorous exclusion criteria to ensure data quality and homogeneity: 1) exclusion of patients with late-onset depression or patients in remission; 2) exclusion of participants missing basic demographic data (gender, age, or education level); 3) exclusion of imaging data that did not meet the quality control criteria, particularly those with inadequate spatial normalization.

        Based on the aforementioned criteria, we enrolled a total of 178 patients with MDD and 89 healthy controls as the primary dataset for subsequent analyses (see in  Supplementary Table 1 ). Additionally, an independent external validation dataset comprising 20 MDD patients and 20 healthy controls was included to evaluate the generalizability of the SVR model. The external validation dataset was selected based on the following inclusion criteria: 1) participants aged 15 years or older, and 2) a confirmed diagnosis of MDD established through DSM-IV or ICD-10. To ensure data quality and homogeneity, stringent exclusion criteria were applied: 1) patients with late-onset depression or those in remission were excluded; 2) participants lacking essential demographic data (gender, age, or education level) were removed; 3) imaging data failing to meet quality control standards—particularly those with inadequate spatial normalization—were discarded.

      
      
        2.2 Clinical measures

        In this study, two well-validated psychometric instruments were used for symptom assessment: the HAMD-17 for quantifying depression severity and the HAMA-14 for assessing anxiety severity in MDD patients. Both instruments have demonstrated reliable psychometric properties in the Chinese population, with scale scores positively correlating with symptom severity; higher HAMD-17 scores indicate more pronounced depressive features, while the higher HAMA-14 scores reflect greater anxiety intensity (29, 30).

        In the primary dataset, AD classification was determined through HAMD-17 and HAMA-14. MDD patients meeting the criteria of HAMD-17 scores ≥17 and HAMA-14 scores ≥14 were classified into the AD group, while those with HAMD-17 scores ≥17 but HAMA-14 scores<14 were classified into the anxious depression (NAD) group (31). This classification scheme has been empirically validated in prior research (31–34). In addition, we selected 89 healthy subjects as the healthy controls (HC) group; none of the HC group had anxiety or depression symptoms. Notably, due to the absence of HAMD scale data in the external validation dataset, MDD patients with HAMA-14 scores ≥14 were classified into the AD group, while the remaining MDD patients were designated as the NAD group.

      
      
        2.3 MRI data acquisition, preprocessing, and quality control

        In this research, T1-weighted structural MRI images were processed utilizing the DPARSF software for initial preparation (35). The image analysis was conducted utilizing the SPM 8 software in conjunction with the VBM 8 toolbox (http://dbm.neuro.unijena.de/vb) (26). T1 images were normalized using template space and subsequently segmented into grey matter (GM), white matter (WM), and cerebrospinal fluid (CSF). To align the individual grey matter and white matter images to MNI space, we applied the normalization function from the Diffeomorphic Anatomical Registration Through Exponentiated Lie Algebra (DARTEL) toolbox. Finally, the grey matter maps of each subject were smoothed with an 8 mm full-width at half-maximum (FWHM) Gaussian kernel.

      
      
        2.4 Analysis of SC

        In this study, we adopted a data-driven approach, selecting seed regions exhibiting significant between-group differences in GMV to perform SC analysis (19, 20). By examining the relationships between these seed regions and whole-brain voxel-wise GMV, we investigated distinct SC alteration patterns in AD patients. Furthermore, to compare SC differences between AD and NAD groups, we constructed an interaction linear model.

        
          
            
               T i =β0+β1Tj+β2Group+β3(Tj×Group)+β4Tn+∈
            
          
        

        To examine differences in GMV correlation slopes between seed areas and other brain regions across groups (AD vs. NAD), the interaction model was employed. Here, Ti indicated the average GMV of a seed region, while Tj represented voxel-wise GMV values across the brain. The two groups were assigned to the same variable in the model (Group), allowing the model to capture group-specific effects (AD vs. NAD) on the slope of GMV correlations between seed regions and other brain voxels. Coefficients β0 to β4 were estimated, where β0 denoted the intercept, β1 captured the Ti-Tj association, β2 reflected group effects, and β3 quantified the effect of the interaction. In addition, β4 and Tn indicate the removal of the effect of covariates (e.g., gender, age, education, site factor). Regression slope differences between groups were evaluated using Student’s t-tests applied to the interaction terms. The resulting statistical maps were corrected for multiple comparisons using false discovery rate (FDR) Multi-comparison correction, revealing significant clusters showing between-group differences in SC.

      
      
        2.5 SVR analysis and independent external validation

        To evaluate the predictive capacity of GMV alterations in MDD patients for anxiety severity, we constructed a support vector regression (SVR) model using the LIBSVM toolbox (http://www.csie.ntu.edu.tw/~cjlin/libsvm/) (36). The model incorporated GMV values from all voxels within regions showing significant differences among the three groups as initial features. We employed leave-one-out cross-validation (LOOCV) for dataset partitioning and model evaluation (37). Feature selection was performed by retaining only those voxels whose GMV values showed statistically significant correlations with HAMA scores (p< 0.05) in each LOOCV iteration. The SVR model was implemented with parameter C set to 10 while maintaining default values for other parameters. Predictive accuracy was quantified by calculating the Pearson correlation coefficient between the model’s predicted values and actual clinical scores. The statistical significance of prediction results was verified through 1000 permutation tests. Finally, we identified “consensus features” as those voxels consistently selected across all LOOCV iterations (38). The weight coefficients of these consensus features were mapped onto brain templates for spatial visualization.

        Furthermore, we employed an independent external validation cohort (comprising 20 AD and 20 NAD patients) to assess the model’s performance. Using the consensus features, we reconstructed the model with the original parameters and rigorously evaluated its efficacy in external validation.

      
      
        2.6 Statistical analysis

        Statistical analyses were conducted with SPSS 25.0 (IBM Corp., Armonk, NY). Intergroup differences among the three groups were analyzed using one-way analysis of variance (ANOVA) for continuous variables (age and years of education) and chi-square tests for categorical variables (gender distribution). Clinical characteristics, including HAMD-17 and HAMA-14 scores, were compared between AD and NAD groups using independent samples t-tests. The statistical significance threshold was maintained at p< 0.05 for all analyses.

        To examine GMV variations across the three groups (AD, NAD, and HC), we conducted comprehensive whole-brain analyses employing ANCOVA. Additionally, to control for potential confounding effects and account for site-related variability, we included sex, age, educational level, and site effects as covariates in the statistical models, following established practices in prior research (27, 39). Between-group comparisons were subsequently performed using post hoc t-tests with multiple comparison corrections, implementing a dual-threshold approach (voxel-level p< 0.001 combined with cluster-level FDR correction at p< 0.05). Given the significant age differences among the three groups in this study, we conducted a sensitivity analysis with age stratification to enhance the robustness of our findings. Based on previous studies (40, 41), the primary dataset was stratified into three age-based subgroups:<25 years (young group), 25–40 years (core adulthood group), and >40 years (late adulthood group). Subsequent intergroup analyses were conducted within these subgroups, comparing AD, NAD, and HC groups.

        Furthermore, region-specific GMV values from significantly different clusters were extracted for subsequent correlation analyses with clinical measures of anxiety and depression severity, while controlling for demographic variables (age, sex, educational attainment, and site effects).

      
    
    
      3 Results

      
        3.1 Demographic data between the groups

        In the primary dataset, demographic characteristics were similar across the three groups, with the only significant difference observed in age (p< 0.05). The AD group showed elevated anxiety levels on HAMA-14 compared to NAD controls (p< 0.05), while depressive symptoms measured by HAMD-17 remained comparable between groups (p > 0.05) ( Table 1 ).

        
          
          
            Table 1 | 
Demographic and clinical characteristics of the primary dataset.
            
              
                	
                  Characteristics (mean±SD)
                
                	
                  MDD
                
                	
                  HC (n = 89)
                
                	
                  Statistical value
                
                	
                  p-value
                
              

              
                	
                  AD (n = 89)
                
                	
                  NAD (n = 89)
                
              

            
            
              
                	
                  Gender (M/F) a
                
                	
                  28/61
                
                	
                  40/49
                
                	
                  40/49
                
                	
                  4.48
                
                	
                  0.107
                
              

              
                	
                  Age (years) b
                
                	
                  39.93±14.76
                
                	
                  29.93±10.66
                
                	
                  31.44±11.34
                
                	
                  16.87
                
                	
                  0.001*
                
              

              
                	
                  Education (years) b
                
                	
                  11.25±3.55
                
                	
                  11.75±3.26
                
                	
                  13.80±3.51
                
                	
                  0.99
                
                	
                  0.989
                
              

              
                	
                  HAMD-17 c
                
                	
                  22.08±3.39
                
                	
                  21.45±4.19
                
                	
                  NA
                
                	
                  1.10
                
                	
                  0.272
                
              

              
                	
                  HAMA-14 c
                
                	
                  25.36±6.79
                
                	
                  9.74±3.18
                
                	
                  NA
                
                	
                  19.66
                
                	
                  0.001*
                
              

            
          

          HC, healthy controls; MDD, major depressive disorder; AD, anxious MDD; NAD, non-anxious MDD.

          aChi-square test.

          bOne-way ANOVA.

          ct-tests.

          *p< 0.05.

        

        In the external validation dataset, no significant differences were observed in demographic characteristics between the AD and NAD groups, except for HAMA-14 scores ( Table 2  ).

        
          
            Table 2 | 
Demographic and clinical characteristics of the external validation dataset.
            
              
                	
                  Characteristics (mean±SD)
                
                	
                  AD (n = 20)
                
                	
                  NAD (n = 20)
                
                	
                  Statistical value
                
                	
                  p-value
                
              

            
            
              
                	
                  Gender (M/F) a
                
                	
                  8/12
                
                	
                  11/9
                
                	
                  1.200
                
                	
                  0.342
                
              

              
                	
                  Age (years) b
                
                	
                  26.60±8.04
                
                	
                  29.55±7.64
                
                	
                  1.190
                
                	
                  0.241
                
              

              
                	
                  Education (years) b
                
                	
                  10.35±5.09
                
                	
                  9.70±6.91
                
                	
                  0.339
                
                	
                  0.737
                
              

              
                	
                  HAMA-14 b
                
                	
                  19.90±8.77
                
                	
                  9.20±2.97
                
                	
                  5.168
                
                	
                  < 0.001*
                
              

            
          

          AD, anxious MDD; NAD, non-anxious MDD.

          aChi-square test.

          bt-tests.

          *p< 0.05.

        

      
      
        3.2 Brain regional differences in GMV between AD, NAD, and HC groups

        ANOVA revealed significant regional differences of GMV in the right precuneus (PCUN) among the AD, NAD, and HC groups ( Table 3 ,  Figure 1A ). Post-hoc analysis revealed that the AD group exhibited significantly higher GMV in the right PCUN compared to the NAD group ( Table 3 ,  Figure 1B ). Furthermore, relative to the HC group, the AD group demonstrated increased GMV in the SPG ( Table 3 ,  Figure 1C ).

        
          
          
            Table 3 | 
Brain areas with significantly different GMV among AD, NAD, and HC groups.
            
              
                	
                  Brain areas
                
                	
                  Cluster size (voxels)
                
                	
                  MNI coordinates
                
                	
                  Peak F/t value
                
              

              
                	
                  X
                
                	
                  Y
                
                	
                  Z
                
              

            
            
              
                	
                  Three groups
                
              

              
                	
                  Right PCUN
                
                	
                  3120
                
                	
                  1.5
                
                	
                  -70.5
                
                	
                  48
                
                	
                  19.757
                
              

              
                	
                  AD > NAD
                
              

              
                	
                  Right PCUN
                
                	
                  2031
                
                	
                  1.5
                
                	
                  -70.5
                
                	
                  48
                
                	
                  6.949
                
              

              
                	
                  AD > HC
                
              

              
                	
                  Right SPG
                
                	
                  3004
                
                	
                  19.5
                
                	
                  -64.5
                
                	
                  55.5
                
                	
                  6.133
                
              

            
          

          GMV, gray matter volume; PCUN, Precuneus; SPG, Superior parietal gyrus.

        

        
          [image: Brain imaging study with three panels (A, B, C) displaying brain scans and corresponding scatter plots. Each panel has MRI images highlighting brain areas with color scales that represent statistical values. The MRI images depict group differences: Panel A shows differences from a three-group chi-square comparison, Panel B shows differences between AD and NAD groups, and Panel C shows differences between AD and HC groups. Scatter plots plot GMV against HAMA scores, showing significant positive correlations. Panel A: Right PCUN (r=0.352, p <0.001). Panel B: Right PCUN (r=0.374, p<0.001). Panel C: Left SPG (r=0.349, p<0.001)]
          Figure 1 | (A) Brain regions showed significant differences in GMV among the AD, NAD, and HC groups, and their correlations with HAMA-14 scores. (B) Brain regions with significant GMV differences between AD and NAD groups, and their correlations with HAMA-14 scores. (C) Brain regions demonstrating significant GMV differences between AD and HC groups, and their correlations with HAMA-14 scores. PCUN, Precuneus; SPG, Superior parietal gyrus. The color bars indicate the t-value or F-value (voxel-p< 0.001, cluster-p< 0.05, FDR correction).
        
        Moreover, given the observed age distribution differences among the three groups in this study, we conducted additional sensitivity analyses by stratifying participants into three age subgroups. Replicating the primary analyses within these subgroups consistently revealed brain regions with significant differences among the three groups, further supporting our findings (see  Supplementary Figures 1 – 3 ).

        After controlling for sex, age, education level, and site information, the correlation analysis in all MDD patients in this study demonstrated that the total HAMA-14 score was significantly associated with the three brain regions showing significant differences in the above analysis (p< 0.05) ( Figure 1 ).

      
      
        3.3 Differences in SC among AD, NAD, and HC groups

        Based on the significant between-group differences identified by ANOVA, we conducted SC analysis. As illustrated in  Figure 2  and detailed in  Table 4 , the AD group exhibited significantly reduced SC between the right PCUN and left anterior cingulate gyrus (ACG), as well as between the right PCUN and the right angular gyrus (ANG), compared to the NAD group.

        
          [image: Diagram of brain models showing SC connections between specific regions. Lateral views on the left and right, with top and rear views at the bottom. Labels indicate connections: ACG.L to PCUN.R and ANG.R, and PCUN.R to ANG.R. The left and right hemispheres are marked with “L” and “R.]
          Figure 2 | 
SC with significant differences between the AD group and the NAD group. SC, Structural covariance; PCUN, Precuneus; ACG, Anterior cingulate and paracingulate gyri; ANG, Angular gyrus.
        
        
          
            Table 4 | 
Brain areas with significantly lower SC in AD than in NAD groups.
            
              
                	
                  Seed brain area
                
                	
                  Brain areas
                
                	
                  Cluster size (voxels)
                
                	
                  MNI coordinates
                
                	
                  Peak t value
                
              

              
                	
                  X
                
                	
                  Y
                
                	
                  Z
                
              

            
            
              
                	
                  Right PCUN
                
                	
                  Left ACG
                
                	
                  15
                
                	
                  0
                
                	
                  13.5
                
                	
                  25.5
                
                	
                  4.292
                
              

              
                	
                   
                
                	
                  Right ANG
                
                	
                  184
                
                	
                  42
                
                	
                  -57
                
                	
                  49.5
                
                	
                  5.774
                
              

            
          

          SC, Structural covariance; PCUN, Precuneus; ACG, Anterior cingulate and paracingulate gyri; ANG, Angular gyrus.

        

      
      
        3.4 SVR prediction results

        In this study, we employed an SVR model constructed using all voxels within brain regions exhibiting significant between-group differences in the ANOVA analysis to predict the anxiety severity in MDD patients. Regression analysis revealed that the predicted HAMA-17 scores derived from the SVR model in the primary dataset showed a significant positive correlation with the actual HAMA-17 scores (r = 0.477, MSE = 73.865), with the significance confirmed by 1000 iterations of permutation testing (p< 0.001) (see  Figure 3 ).

        
          [image: Scatter plots showing predicted versus actual HAMA scores. Panel A: Primary dataset with a correlation coefficient of 0.477 and mean square error of 73.865. Panel B: External validation dataset with a correlation coefficient of 0.368 and mean square error of 100.961. Both plots include a trend line with a shaded confidence interval.]
          Figure 3 | 
Predictive efficacy of a support vector regression model based on the right PCUN-derived GMV for HAMA Scores. (A) Performance Evaluation in the primary datasets. (B) Performance Evaluation in the external validation datasets. PCUN = Precuneus.
        
        Furthermore, in the interpretability analysis, the SVR model identified voxels consistently selected across all LOOCV iterations as ‘consensus features’, and their corresponding weights were examined. The results demonstrated that GMV in five key regions—the inferior parietal lobule (IPL), cuneus (CUN), supramarginal gyrus (SMG), and PCUN—contributed substantially to the model’s predictive performance (see  Figure 4 ).

        
          [image: Text: A series of brain MRI slices arranged in four rows and five columns, with a color scale above ranging from blue to red labeled zero to one. Each slice highlights different brain areas where the color represents the weight value of each voxel in the SVR model. A 3D brain illustration is in the bottom right corner.]
          Figure 4 | 
Consensus features and their weight distribution in the support vector regression Model.
        
      
      
        3.5 External validation results of the SVR model

        Furthermore, the SVR model was externally validated using an independent dataset, demonstrating consistently excellent performance (r = 0.368, MSE = 100.961) (see  Figure 3 ).

      
    
    
      4 Discussion

      This study investigated the clinical and structural brain characteristics of AD patients using a multicenter MRI dataset. Three key findings were identified (1): Significant differences in GMV were observed among the three groups in the right PCUN. Specifically, the AD group exhibited significantly increased GMV in the right PCUN compared to the NAD group. Furthermore, relative to the HC group, the AD group showed elevated GMV in the right SPG. And these regional GMV alterations were significantly correlated with anxiety severity scores (2). We observed significantly diminished SC in AD patients, particularly between the right PCUN and both the left ACG and the right ANG (3). Leveraging structural changes in AD patients, we established an SVR model with superior predictive accuracy for evaluating anxiety severity in MDD patients, which was robustly validated in an independent external dataset.

      In this study, we observed significant differences in the PCUN among the AD, NAD, and HC groups. Post hoc analysis revealed that compared to the NAD group, the AD group exhibited abnormally increased GMV in the PCUN region. Furthermore, we identified a significant correlation between this region and anxiety level scores, further underscoring the unique relevance of the PCUN in AD. The PCUN not only plays a critical role in the DMN during resting-state brain activity, but also serves as a central component of the theory of mind (ToM) neural circuitry (42, 43). ToM refers to the capacity to understand and predict the mental states of others based on their actions or experiences (44). Increased GMV in the PCUN may enhance the functioning of ToM neural circuitry, promoting excessive self-referential processing and heightened sensitivity to the perceptions of others, which can contribute to anxiety-related symptoms. Zhou et al. found that patients with AD exhibited higher regional homogeneity (ReHo) in the PCUN, suggesting enhanced functional activity in this region in AD patients. This finding further supports our results, suggesting that structural and functional alterations in the PCUN may contribute to the exacerbation of anxiety symptoms in patients with MDD. These findings suggest that the PCUN may serve as a potential neuroimaging biomarker for AD. In addition, this study revealed that the GMV of the SPG was significantly larger in the AD group compared to the HC group. As a key component of the dorsal attentional network (DAN), the SPG plays a critical role in top-down attentional control, memory retrieval, and spatial task processing (45–47). Recent studies have further demonstrated that heightened functional connectivity within certain regions of the DAN, including the parietal lobe, is significantly associated with anxiety scores (48). The underlying mechanism may involve impaired emotion regulation due to disruptions in DAN-related brain regions, which could contribute to the development of anxiety symptoms (49). Supporting this notion, a recent study reported elevated ReHo in the SPG of AD patients (18). These findings collectively suggest that structural and functional abnormalities in the SPG of AD patients may disrupt emotion regulation, thereby promoting the emergence of anxiety symptoms. Moreover, the emotional and cognitive symptoms associated with SPG dysfunction may exacerbate these disruptions in emotion regulation, potentially leading to a vicious cycle. In this cycle, impaired emotion regulation could further aggravate cognitive decline and behavioral symptoms such as anxiety and depression (49). Future research should explore whether targeted interventions, such as transcranial magnetic stimulation (TMS) therapy focusing on the SPG region and cognitive therapy for anxiety symptoms, can alleviate anxiety symptoms and enhance overall cognitive functioning in AD patients. These interventions may provide a promising approach to addressing the complex interplay between structural abnormalities and neuropsychiatric symptoms in AD. Anxiety symptoms are prevalent in patients with MDD and can contribute to the development of AD, which is characterized by heightened agitation and restlessness (50, 51). The comorbidity of anxiety and depression can exacerbate disease progression and elevate the risk of suicide in MDD patients (7, 10, 50–52).

      In this study, we selected the right PCUN region, which demonstrated significant differences in the three-group ANCOVA analysis, as a seed region for voxel-wise SC analysis. Our findings revealed that compared to the NAD group, the AD group exhibited significantly reduced SC between the right PCUN and both the left ACG and right ANG. This suggests that AD patients display a distinct pattern of structural connectivity alterations compared to NAD patients. In the present study, we identified significant SC-induced alterations in the PCUN, ACG, and ANG, all of which are key components of the DMN (53, 54). The DMN is implicated in self-referential thought and emotional control, with evidence suggesting its critical involvement in impaired affective processing observed in depression (55, 56). Research indicates that the functional connectivity within the DMN reflects sustained self-referential processing in the absence of external stimuli and is associated with maladaptive rumination (57). This psychological mechanism may lead individuals with MDD to exhibit excessive focus on their emotional states and negative life events (58, 59). Such maladaptive rumination on negative attributes potentially exacerbates anxiety symptoms, thereby contributing to the development of AD. Moreover, the ACG, a key hub of the DMN, also serves as a critical component of the ACC. Notably, ACC dysfunction has been widely recognized as a hallmark feature of anxiety disorders (60). Lueken et al. reported in their investigation that ACC activity may serve as a predictive biomarker for treatment response in anxiety disorders (61). Existing studies have demonstrated that weakened functional connectivity between the ACC and other brain regions might represent a neural signature of anxiety, which aligns consistently with the findings of our current study (62). In AD, the ACC contributes to both affective regulation and executive functions. Its interaction with the amygdala likely facilitates the evaluation of emotional stimuli and the subsequent initiation of appropriate behavioral responses (63). The amygdala may further modulate top-down emotional regulation through its connections with the medial prefrontal cortex (mPFC). A recent study investigating the amygdala in AD patients further substantiates this hypothesis (51). Therefore, we propose that in patients with AD, the ACC may contribute to anxiety symptoms through its role in emotional regulation and executive functions, as well as via its relation with the amygdala. This perspective has also been confirmed in studies specific to anxiety disorders (64, 65). This may represent the neuropathological mechanism underlying anxiety symptoms in AD patients in the present study.

      Currently, the assessment of anxiety severity in patients with MDD depends heavily on subjective patient reports and clinicians’ empirical assessments, highlighting the urgent need for objective MRI-based methodologies to quantify anxiety levels in this patient population (18). In this study, we extracted the GMV of all voxels in the right PCUN showing significant intergroup differences and used these features to construct an SVR model. Our results demonstrated that the GMV of the right PCUN has predictive value for HAMA scores in individuals with major depressive disorder (MDD). This finding was further validated in an independent external dataset. Furthermore, in the interpretability analysis of the SVR model, we identified the five brain regions with the highest contribution weights, including the IPL, CUN, SMG, and PCUN. The results demonstrated that these features could predict the HAMA-14 scores to some extent. Similar studies have been conducted previously. For instance, Zhou et al. used multimodal MRI data to develop a diagnostic predictive random forest model that included GMV, low-frequency fluctuation (fALFF), ReHo, and functional connectivity values in the brain regions showing significant differences among AD, NAD, and HC groups (18). Their model achieved a notable classification performance with an AUC of 0.802. Comparing these two studies, we observed that the features used for predictive modelling overlapped, particularly in the PCUN regions. This suggests that MRI-based features, especially in the PCUN regions, are feasible for constructing predictive models of anxiety symptoms. In light of these findings, subsequent studies should focus on the development of standardized MRI-based biomarkers to evaluate anxiety symptoms in MDD patients and their incorporation into clinical practice guidelines to establish a more objective and reliable diagnostic framework for anxious depression.

      Furthermore, as a common MDD subtype, AD exhibits poorer prognosis (52). In this study, AD patients demonstrated significant structural abnormalities in brain regions including the PCUN, SPG, and ACG. As discussed, both the SPG and ACG are implicated in emotion regulation, a core mechanism in the development, maintenance, and treatment of depression and anxiety disorders, significantly influencing treatment outcomes (42, 66–68). Psychotherapy studies targeting improved emotion regulation demonstrate that enhancing this capacity significantly improves prognosis in depression and anxiety (66, 67). This may explain the poorer prognosis observed in AD patients. Moreover, abnormalities in regions like the ACG may relate to executive function deficits, potentially impacting daily functional recovery and contributing to poorer outcomes (69). This aligns with task-based fMRI findings by Bashford-Largo et al., showing that adolescents with anxiety disorders exhibit poorer task performance under emotional interference and reduced activation in the PCUN and anterior cingulate cortex (64). While consistent with existing literature, the limited scope of this study necessitates future longitudinal investigations to further elucidate the relationship between these neural correlates and disease prognosis.

      Several limitations of this study should be carefully considered. Primarily, notable demographic disparities in age were observed among the AD, NAD, and HC groups. Although these variables were incorporated as covariates in our statistical analyses, the potential confounding effects cannot be entirely ruled out. Future investigations should be conducted with more balanced intergroup data to address this limitation. Secondly, while the multicenter nature of this study enhances the generalizability of our findings, it inevitably introduces data limitations, including incomplete medication records and insufficient documentation of disease progression. Importantly, these limitations preclude our ability to further investigate the potential impacts of medication details (e.g., type, dosage, duration) and disease course (e.g., frequency of episodes, changes in severity) on the study outcomes. Subsequent research should prioritize comprehensive clinical data collection, with particular attention to controlling for confounding factors such as medication use and comorbidities, to ensure more robust and reliable outcomes. Third, the lack of HAMD score information in the external validation dataset may have compromised the rigorous selection of AD patients, potentially introducing bias in the SVR model’s performance. Future studies should validate these findings using larger, more comprehensive datasets with complete clinical annotations. Fourth, although site effects were adjusted for as covariates across centers, they may still bias our findings. Future studies should validate our results in large single-center samples.

    
    
      5 Conclusions

      Our findings reveal distinct structural patterns in the brain organization of AD patients. Specifically, we identified significant GMV alterations in the right PCUN and right SPG in AD patients, along with distinct SC patterns between the right PCUN and both the right ANG and left ACG. These structural alterations may serve as neuroimaging biomarkers for AD and could potentially predict anxiety severity in patients with MDD. Collectively, these results advance our understanding of structural alterations in AD, with implications for biomarker development and pathophysiology exploration.

    

    
      Data availability statement

      Publicly available datasets were analyzed in this study. This data can be found here: https://www.scidb.cn/en/detail?dataSetId=cbeb3c7124bf47a6af7b3236a3aaf3a8.

    
    
      Ethics statement

      The studies involving humans were approved by The DIRECT Consortium’s REST-meta-MDD project was approved by local institutional ethics review committees of 25 research groups in 17 hospitals in China. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the participants’ legal guardians/next of kin.

    
    
      Author contributions

      SH: Data curation, Formal Analysis, Project administration, Software, Visualization, Writing – original draft. LZ: Writing – review & editing. X-YZ: Conceptualization, Methodology, Writing – review & editing.

    
    
      Funding

      The author(s) declare that financial support was received for the research and/or publication of this article. This study was supported by National Clinical Key Specialty Construction Project of China, Anhui Province Medical and Health Key Specialty Construction Project, and Open Fund Project of the Anhui Province Key Laboratory of Philosophy and Social Sciences for Adolescent Mental Health and Crisis Intelligent Intervention (SYS2023C07). The funders played no role in the study’s conception, implementation, data acquisition, processing, analytical procedures, result evaluation, article composition, editorial assessment, authorization, or publication determination.

    
    
      
      Acknowledgments

      This study thanks all subjects who participated in this project, and all members of the REST-meta-MDD consortium.

    
    
      Conflict of interest

      The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

    
    
      Generative AI statement

      The author(s) declare that no Generative AI was used in the creation of this manuscript.

    
    
      Supplementary material

      The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpsyt.2025.1589040/full#supplementary-material

    
    
      References

      
        	Marx W, Penninx BWJH, Solmi M, Furukawa TA, Firth J, Carvalho AF, et al. Major depressive disorder. Nat Rev Dis Primers. (2023) 9:44. doi: 10.1038/s41572-023-00454-1, PMID: 37620370


        	Hu S, Zhu L, Zhang X. Resolving heterogeneity in first-episode and drug-naive major depressive disorder based on individualized structural covariance network: evidence from the REST-meta-MDD consortium. Psychol Med. (2025) 55:e174. doi: 10.1017/S0033291725100664, PMID: 40550749


        	Yang G, Wang Y, Zeng Y, Gao GF, Liang X, Zhou M, et al. Rapid health transition in China, 1990-2010: findings from the Global Burden of Disease Study 2010. Lancet. (2013) 381:1987–2015. doi: 10.1016/S0140-6736(13)61097-1, PMID: 23746901


        	Lynch CJ, Gunning FM, Liston C. Causes and consequences of diagnostic heterogeneity in depression: paths to discovering novel biological depression subtypes. Biol Psychiatry. (2020) 88:83–94. doi: 10.1016/j.biopsych.2020.01.012, PMID: 32171465


        	Suseelan S, Pinna G. Heterogeneity in major depressive disorder: The need for biomarker-based personalized treatments. Adv Clin Chem. (2023) 112:1–67. doi: 10.1016/bs.acc.2022.09.001, PMID: 36642481


        	Kessler RC, Sampson NA, Berglund P, Gruber MJ, Al-Hamzawi A, Andrade L, et al. Anxious and non-anxious major depressive disorder in the World Health Organization World Mental Health Surveys. Epidemiol Psychiatr Sci. (2015) 24:210–26. doi: 10.1017/S2045796015000189, PMID: 25720357


        	Dold M. Clinical characteristics and treatment outcomes of patients with major depressive disorder and comorbid anxiety disorders - results from a European multicenter study. Elementary School. (2017) 91:1–13. doi: 10.1016/j.jpsychires.2017.02.020, PMID: 28284107


        	Zimmerman M, Martin J, McGonigal P, Harris L, Kerr S, Balling C, et al. Validity of the DSM-5 anxious distress specifier for major depressive disorder. Depress Anxiety. (2019) 36:31–8. doi: 10.1002/da.22837, PMID: 30311733


        	Lin H-L, Lee W-Y, Liu C-H, Chiang W-Y, Hsu Y-T, Hsiao C-F, et al. The clinical characteristics and manifestation of anxious depression among patients with major depressive disorders-results from a Taiwan multicenter study. Psychiatry Investig. (2024) 21:561–72. doi: 10.30773/pi.2023.0419, PMID: 38960433


        	Gaspersz R, Lamers F, Kent JM, Beekman ATF, Smit JH, van Hemert AM, et al. Anxious distress predicts subsequent treatment outcome and side effects in depressed patients starting antidepressant treatment. J Psychiatr Res. (2017) 84:41–8. doi: 10.1016/j.jpsychires.2016.09.018, PMID: 27693981


        	Gaspersz R, Lamers F, Wittenberg G, Beekman ATF, van Hemert AM, Schoevers RA, et al. The role of anxious distress in immune dysregulation in patients with major depressive disorder. Transl Psychiatry. (2017) 7:1268. doi: 10.1038/s41398-017-0016-3, PMID: 29217840


        	Baek JH, Kim H-J, Fava M, Mischoulon D, Papakostas GI, Nierenberg A, et al. Reduced venous blood basophil count and anxious depression in patients with major depressive disorder. Psychiatry Investig. (2016) 13:321–6. doi: 10.4306/pi.2016.13.3.321, PMID: 27247599


        	Drysdale AT, Grosenick L, Downar J, Dunlop K, Mansouri F, Meng Y, et al. Resting-state connectivity biomarkers define neurophysiological subtypes of depression. Nat Med. (2017) 23:28–38. doi: 10.1038/nm.4246, PMID: 27918562


        	Taylor WD, Hsu E, Krishnan KRR, MacFall JR. Diffusion tensor imaging: background, potential, and utility in psychiatric research. Biol Psychiatry. (2004) 55:201–7. doi: 10.1016/j.biopsych.2003.07.001, PMID: 14744459


        	Bashford-Largo J, Zhang R, Mathur A, Elowsky J, Schwartz A, Dobbertin M, et al. Reduced cortical volume of the default mode network in adolescents with generalized anxiety disorder. Depress Anxiety. (2022) 39:485–95. doi: 10.1002/da.23252, PMID: 35312127


        	Brandl F, Weise B, Mulej Bratec S, Jassim N, Hoffmann Ayala D, Bertram T, et al. Common and specific large-scale brain changes in major depressive disorder, anxiety disorders, and chronic pain: a transdiagnostic multimodal meta-analysis of structural and functional MRI studies. Neuropsychopharmacology. (2022) 47:1071–80. doi: 10.1038/s41386-022-01271-y, PMID: 35058584


        	Zhao K, Liu H, Yan R, Hua L, Chen Y, Shi J, et al. Cortical thickness and subcortical structure volume abnormalities in patients with major depression with and without anxious symptoms. Brain Behav. (2017) 7:e00754. doi: 10.1002/brb3.754, PMID: 28828215


        	Zhou E, Wang W, Ma S, Xie X, Kang L, Xu S, et al. Prediction of anxious depression using multimodal neuroimaging and machine learning. Neuroimage. (2024) 285:120499. doi: 10.1016/j.neuroimage.2023.120499, PMID: 38097055


        	Alexander-Bloch A, Giedd JN, Bullmore E. Imaging structural co-variance between human brain regions. Nat Rev Neurosci. (2013) 14:322–36. doi: 10.1038/nrn3465, PMID: 23531697


        	Li A, Mu J, Huang M, Zhang Z, Liu J, Zhang M. Altered amygdala-related structural covariance and resting-state functional connectivity in end-stage renal disease patients. Metab Brain Dis. (2018) 33:1471–81. doi: 10.1007/s11011-018-0254-y, PMID: 29869149


        	Evans AC. Networks of anatomical covariance. Neuroimage. (2013) 80:489–504. doi: 10.1016/j.neuroimage.2013.05.054, PMID: 23711536


        	Chen Y, Cui Q, Fan Y-S, Guo X, Tang Q, Sheng W, et al. Progressive brain structural alterations assessed via causal analysis in patients with generalized anxiety disorder. Neuropsychopharmacology. (2020) 45:1689–97. doi: 10.1038/s41386-020-0704-1, PMID: 32396920


        	Chen Y, Zhao W, Yi S, Liu J. The diagnostic performance of machine learning based on resting-state functional magnetic resonance imaging data for major depressive disorders: a systematic review and meta-analysis. Front Neurosci. (2023) 17:1174080. doi: 10.3389/fnins.2023.1174080, PMID: 37811326


        	Krick S, Koob JL, Latarnik S, Volz LJ, Fink GR, Grefkes C, et al. Neuroanatomy of post-stroke depression: the association between symptom clusters and lesion location. Brain Commun. (2023) 5:fcad275. doi: 10.1093/braincomms/fcad275, PMID: 37908237


        	Hou Y, Luo C, Yang J, Ou R, Song W, Wei Q, et al. Prediction of individual clinical scores in patients with Parkinson’s disease using resting-state functional magnetic resonance imaging. J Neurol Sci. (2016) 366:27–32. doi: 10.1016/j.jns.2016.04.030, PMID: 27288771


        	Yan C-G, Wang X-D, Zuo X-N, Zang Y-F. DPABI: data processing & Analysis for (Resting-state) brain imaging. Neuroinformatics. (2016) 14:339–51. doi: 10.1007/s12021-016-9299-4, PMID: 27075850


        	Liu P, Li Y, Zhang A-X, Sun N, Li G-Z, Chen X, et al. Brain structural alterations in MDD patients with gastrointestinal symptoms: Evidence from the REST-meta-MDD project. Prog Neuropsychopharmacol Biol Psychiatry. (2021) 111:110386. doi: 10.1016/j.pnpbp.2021.110386, PMID: 34119573


        	Yan C-G, Chen X, Li L, Castellanos FX, Bai T-J, Bo Q-J, et al. Reduced default mode network functional connectivity in patients with recurrent major depressive disorder. Proc Natl Acad Sci U.S.A. (2019) 116:9078–83. doi: 10.1073/pnas.1900390116, PMID: 30979801


        	Zheng YP, Zhao JP, Phillips M, Liu JB, Cai MF, Sun SQ, et al. Validity and reliability of the chinese hamilton depression rating scale. Br J Psychiatry. (1988) 152:660–4. doi: 10.1192/bjp.152.5.660, PMID: 3167442


        	Maier W, Buller R, Philipp M, Heuser I. The Hamilton Anxiety Scale: reliability, validity and sensitivity to change in anxiety and depressive disorders. J Affect Disord. (1988) 14:61–8. doi: 10.1016/0165-0327(88)90072-9, PMID: 2963053


        	Li M, Wu F, Cao Y, Jiang X, Kong L, Tang Y. Abnormal white matter integrity in Papez circuit in first-episode medication-naive adults with anxious depression: A combined voxel-based analysis and region of interest study. J Affect Disord. (2023) 324:489–95. doi: 10.1016/j.jad.2022.12.149, PMID: 36610591


        	Baldwin DS, Florea I, Jacobsen PL, Zhong W, Nomikos GG. A meta-analysis of the efficacy of vortioxetine in patients with major depressive disorder (MDD) and high levels of anxiety symptoms. J Affect Disord. (2016) 206:140–50. doi: 10.1016/j.jad.2016.07.015, PMID: 27474960


        	Davis LL, Ota A, Perry P, Tsuneyoshi K, Weiller E, Baker RA. Adjunctive brexpiprazole in patients with major depressive disorder and anxiety symptoms: an exploratory study. Brain Behav. (2016) 6:e00520. doi: 10.1002/brb3.520, PMID: 27781135


        	Akkaya C, Sivrioglu EY, Akgoz S, Eker SS, Kirli S. Comparison of efficacy and tolerability of reboxetine and venlafaxine XR in major depression and major depression with anxiety features: an open label study. Hum Psychopharmacol. (2006) 21:337–45. doi: 10.1002/hup.770, PMID: 16856215


        	Chao-Gan Y, Yu-Feng Z. DPARSF: A MATLAB toolbox for “Pipeline” Data analysis of resting-state fMRI. Front Syst Neurosci. (2010) 4:13. doi: 10.3389/fnsys.2010.00013, PMID: 20577591


        	Sone D, Beheshti I, Maikusa N, Ota M, Kimura Y, Sato N, et al. Neuroimaging-based brain-age prediction in diverse forms of epilepsy: a signature of psychosis and beyond. Mol Psychiatry. (2021) 26:825–34. doi: 10.1038/s41380-019-0446-9, PMID: 31160692


        	Ma H, Zhang D, Wang Y, Ding Y, Yang J, Li K. Prediction of early improvement of major depressive disorder to antidepressant medication in adolescents with radiomics analysis after ComBat harmonization based on multiscale structural MRI. BMC Psychiatry. (2023) 23:466. doi: 10.1186/s12888-023-04966-8, PMID: 37365541


        	Xu X, Chen P, Xiang Y, Xie Z, Yu Q, Zhou X, et al. Altered pattern analysis and identification of subjective cognitive decline based on morphological brain network. Front Aging Neurosci. (2022) 14:965923. doi: 10.3389/fnagi.2022.965923, PMID: 36034138


        	Sun F, Shuai Y, Wang J, Yan J, Lin B, Li X, et al. Hippocampal gray matter volume alterations in patients with first-episode and recurrent major depressive disorder and their associations with gene profiles. BMC Psychiatry. (2025) 25:134. doi: 10.1186/s12888-025-06562-4, PMID: 39955494


        	Dai W, Liu J, Xie H, Teng Z, Luo W, Yuan H, et al. Association between subclinical hypothyroidism and psychotic features in Chinese young adults with first-episode and untreated major depressive disorder. J Affect Disord. (2023) 333:209–15. doi: 10.1016/j.jad.2023.04.067, PMID: 37086799


        	Hoffman BM, Blumenthal JA, Babyak MA, Smith PJ, Rogers SD, Doraiswamy PM, et al. Exercise fails to improve neurocognition in depressed middle-aged and older adults. Med Sci Sports Exerc. (2008) 40:1344–52. doi: 10.1249/MSS.0b013e31816b877c, PMID: 18580416


        	Fransson P, Marrelec G. The precuneus/posterior cingulate cortex plays a pivotal role in the default mode network: Evidence from a partial correlation network analysis. Neuroimage. (2008) 42:1178–84. doi: 10.1016/j.neuroimage.2008.05.059, PMID: 18598773


        	Schurz M, Radua J, Aichhorn M, Richlan F, Perner J. Fractionating theory of mind: a meta-analysis of functional brain imaging studies. Neurosci Biobehav Rev. (2014) 42:9–34. doi: 10.1016/j.neubiorev.2014.01.009, PMID: 24486722


        	Gallese V, Goldman A. Mirror neurons and the simulation theory of mind-reading. Trends Cognit Sci. (1998) 2:493–501. doi: 10.1016/s1364-6613(98)01262-5, PMID: 21227300


        	Chen T, Zhao W, Zhang Y, Yu J, Wang T, Zhang J, et al. Neural mechanism of the relationship between sleep efficiency and clinical improvement in major depressive disorder: A longitudinal functional magnetic resonance imaging study. Front Psychiatry. (2022) 13:1027141. doi: 10.3389/fpsyt.2022.1027141, PMID: 36262630


        	Zeng H, Weidner R, Fink GR, Chen Q. Neural correlates underlying the attentional spotlight in human parietal cortex independent of task difficulty. Hum Brain Mapp. (2017) 38:4996–5018. doi: 10.1002/hbm.23709, PMID: 28653792


        	Rajan A, Meyyappan S, Liu Y, Samuel IBH, Nandi B, Mangun GR, et al. The microstructure of attentional control in the dorsal attention network. J Cognit Neurosci. (2021) 33:965–83. doi: 10.1162/jocn_a_01710, PMID: 34428795


        	Huang Q, Hou L, Zhang W, Zhou R. The dysregulation of top-down control in individuals with high test anxiety: A resting state fMRI study. J Psychiatr Res. (2022) 151:649–56. doi: 10.1016/j.jpsychires.2022.05.023, PMID: 35661522


        	De la Peña-Arteaga V, Chavarría-Elizondo P, Juaneda-Seguí A, Martínez-Zalacaín I, Morgado P, Menchón JM, et al. Trait anxiety is associated with attentional brain networks. Eur Neuropsychopharmacol. (2024) 83:19–26. doi: 10.1016/j.euroneuro.2024.02.013, PMID: 38492550


        	Wiethoff K, Bauer M, Baghai TC, Möller H-J, Fisher R, Hollinde D, et al. Prevalence and treatment outcome in anxious versus nonanxious depression: results from the German Algorithm Project. J Clin Psychiatry. (2010) 71:1047–54. doi: 10.4088/JCP.09m05650blu, PMID: 20673545


        	Qiao J, Tao S, Wang X, Shi J, Chen Y, Tian S, et al. Brain functional abnormalities in the amygdala subregions is associated with anxious depression. J Affect Disord. (2020) 276:653–9. doi: 10.1016/j.jad.2020.06.077, PMID: 32871697


        	Juan Q, Shiwan T, Yurong S, Jiabo S, Yu C, Shui T, et al. Brain structural and functional abnormalities in affective network are associated with anxious depression. BMC Psychiatry. (2024) 24:533. doi: 10.1186/s12888-024-05970-2, PMID: 39054442


        	Schiel JE, Holub F, Petri R, Leerssen J, Tamm S, Tahmasian M, et al. Affect and arousal in insomnia: through a lens of neuroimaging studies. Curr Psychiatry Rep. (2020) 22:44. doi: 10.1007/s11920-020-01173-0, PMID: 32661938


        	Menon V. Large-scale brain networks and psychopathology: a unifying triple network model. Trends Cognit Sci. (2011) 15:483–506. doi: 10.1016/j.tics.2011.08.003, PMID: 21908230


        	Servaas MN, Riese H, Ormel J, Aleman A. The neural correlates of worry in association with individual differences in neuroticism. Hum Brain Mapp. (2014) 35:4303–15. doi: 10.1002/hbm.22476, PMID: 24532549


        	Regen W, Kyle SD, Nissen C, Feige B, Baglioni C, Hennig J, et al. Objective sleep disturbances are associated with greater waking resting-state connectivity between the retrosplenial cortex/hippocampus and various nodes of the default mode network. J Psychiatry Neurosci. (2016) 41:295–303. doi: 10.1503/jpn.140290, PMID: 26809225


        	Price RB, Gates K, Kraynak TE, Thase ME, Siegle GJ. Data-driven subgroups in depression derived from directed functional connectivity paths at rest. Neuropsychopharmacology. (2017) 42:2623–32. doi: 10.1038/npp.2017.97, PMID: 28497802


        	Liu P, Tan JXY. Late positive potentials elicited by negative self-referential processing predict increases in social anxiety, but not depressive, symptoms from age 11 to age 12. Dev Psychopathol. (2025), 1–11. doi: 10.1017/S0954579424001548, PMID: 39807046


        	Hamilton JP, Furman DJ, Chang C, Thomason ME, Dennis E, Gotlib IH. Default-mode and task-positive network activity in major depressive disorder: implications for adaptive and maladaptive rumination. Biol Psychiatry. (2011) 70:327–33. doi: 10.1016/j.biopsych.2011.02.003, PMID: 21459364


        	Roberts AC, Mulvihill KG. Multiple faces of anxiety: a frontal lobe perspective. Trends Neurosci. (2024) 47:708–21. doi: 10.1016/j.tins.2024.07.001, PMID: 39127569


        	Lueken U, Zierhut KC, Hahn T, Straube B, Kircher T, Reif A, et al. Neurobiological markers predicting treatment response in anxiety disorders: A systematic review and implications for clinical application. Neurosci Biobehav Rev. (2016) 66:143–62. doi: 10.1016/j.neubiorev.2016.04.005, PMID: 27168345


        	Xu J, Van Dam NT, Feng C, Luo Y, Ai H, Gu R, et al. Anxious brain networks: A coordinate-based activation likelihood estimation meta-analysis of resting-state functional connectivity studies in anxiety. Neurosci Biobehav Rev. (2019) 96:21–30. doi: 10.1016/j.neubiorev.2018.11.005, PMID: 30452934


        	Hilmerich C, Hofmann MJ, Briesemeister BB. Anxiety and curiosity in hierarchical models of neural emotion processing-A mini review. Front Hum Neurosci. (2024) 18:1384020. doi: 10.3389/fnhum.2024.1384020, PMID: 38962147


        	Bashford-Largo J, Aloi J, Lukoff J, Johnson K, White SF, Dobbertin M, et al. Reduced top-down attentional control in adolescents with generalized anxiety disorder. Brain Behav. (2021) 11:e01994. doi: 10.1002/brb3.1994, PMID: 33369286


        	van Tol MJ, van der Wee NJA, Veltman DJ. Fifteen years of NESDA Neuroimaging: An overview of results related to clinical profile and bio-social risk factors of major depressive disorder and common anxiety disorders. J Affect Disord. (2021) 289:31–45. doi: 10.1016/j.jad.2021.04.009, PMID: 33933910


        	Pruessner L, Timm C, Kalmar J, Bents H, Barnow S, Mander J. Emotion regulation as a mechanism of mindfulness in individual cognitive-behavioral therapy for depression and anxiety disorders. Depress Anxiety. (2024) 2024:9081139. doi: 10.1155/2024/9081139, PMID: 40226724


        	Spinhoven P, van der Veen DC, Voshaar RCO, Comijs HC. Worry and cognitive control predict course trajectories of anxiety in older adults with late-life depression. Eur Psychiatry. (2017) 44:134–40. doi: 10.1016/j.eurpsy.2017.05.002, PMID: 28641215


        	Le François T, Hilberdink CE, Haelewyn A, Lehodey A, Soussi C, Delarue M, et al. Resting-state functional connectivity of the rostral and dorsal anterior cingulate cortex in older bereaved adults. J Affect Disord. (2025) 385:119382. doi: 10.1016/j.jad.2025.05.042, PMID: 40345443


        	Salehinejad MA, Ghanavati E, Rashid MHA, Nitsche MA. Hot and cold executive functions in the brain: A prefrontal-cingular network. Brain Neurosci Adv. (2021) 5:23982128211007769. doi: 10.1177/23982128211007769, PMID: 33997292


      

    

    Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


    Copyright © 2025 Hu, Zhu and Zhang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

  
OEBPS/Images/fpsyt-16-1589040-g003.jpg
Actual HAMA Score

(A) Primary Dataset

r=0.477
MSE =73.865

Predicted HAMA Score

(B) External Validation Dataset

r=0.368
MSE = 100.961

£
o

w
o

Actual HAMA Score

o

10 20 30
Predicted HAMA Score





OEBPS/Images/fpsyt-16-1589040-g002.jpg





OEBPS/Images/cover.jpg
,frontiers | Frontiers in Psychiatry

Structural brain alterations in patients with
anxious depression: evidence from the
REST-meta-MDD project





OEBPS/Images/fpsyt-16-1589040-g004.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpsyt-16-1589040-g001.jpg
20 30
HAMA score

GMV of Left SPG

0.50
0.45

0.40
0.35
0.30

10 20 30
HAMA score

40

GMV of Right PCUN






