Supplementary Methods
DTI-ALPS index
The DTI-ALPS index, introduced by Taoka et al. (2017), quantifies glymphatic system function using diffusion MRI data by assessing water molecule movement along the perivascular space at the level of the lateral ventricle bodies. Here, perivascular water flow around medullary vessels is primarily perpendicular to the ventricular wall, aligning mostly with the right-left direction (x-axis in image coordinates). To compute the DTI-ALPS index, diffusivity coefficients were extracted from two key fiber bundles in the perivascular space: projection fibers running craniocaudally along the lateral ventricular wall (z-axis in image coordinates) and association fibers oriented in the anterior-posterior direction (y-axis in image coordinates) at a more lateral region. The x-axis diffusivity was defined as the mean tensor values in overlapping regions of the perivascular space with projection fibers (Dxproj) or association fibers (Dxassoc), derived from preprocessed dMRI data. For standardization, tensor values for projection fibers in the anterior-posterior direction (Dyproj) and association fibers in the craniocaudal direction (Dzassoc) were also obtained. To minimize bias from manually defined regions of interest (ROIs) for projection and association fibers, an atlas-based approach was employed (Siow et al., 2022; Yokota et al., 2019). Specifically, fractional anisotropy (FA) maps were transformed from native to standard MNI space, with ROIs derived from the ICBM-DTI-81 template. The ROI for projection fibers was set as the left superior and posterior corona radiata, and for association fibers, the left superior longitudinal fasciculus, both from the ICBM-DTI-81 template (Fig. 1A). These ROIs were further restricted to areas perpendicular to the lateral ventricle bodies, and a mask with FA > 0.2 was applied to exclude cerebrospinal fluid (CSF) voxels. Mean tensor values of these ROIs were extracted, and the DTI-ALPS index was then computed as follows (Taoka et al., 2017):


Coupling between structural and functional network
We calculated the coupling between functional and structural brain networks (SC-FC coupling) and explored its correlation with glymphatic functioning and behavioral assessments (e.g., HAMD). First, we applied the deterministic tractography to construct structural connectivity (SC) on the preprocessed diffusion MRI data. Second, we computed the Spearman’s correlation between the non-zero elements of the SC matrix and the corresponding elements of the FC matrix. The Spearman’s correlation coefficient was defined as the coupling between structural and functional network (SC-FC coupling) for each participant. After calculating the SC-FC coupling, we examined its association with DTI-ALPS or clinical assessments using partial correlation, controlling effect of sex and age.

Dynamic functional network state analysis
With the constructed dFCN, we further identified the recurrent dFCN states across the whole time series. First, we calculated the pairwise Spearman’s correlation coefficients between the 246 × 246 dFCN matrices among all the participants and timepoints. This resulted in a 21,600 × 21,600 correlation matrix. Subsequently, the nonparametric Locally Adaptive Network Sparsification (LANS) method (Foti et al., 2011) was used to derive a binary backbone network from the correlation matrix. Based on the binary backbone network, we applied a community detection algorithm to group the dFCN matrices into several states, each of which contained highly similar dFCN matrices. Here, we used the Louvain community detection algorithm (Rubinov & Sporns, 2011). For visualization and further analysis, a representative matrix for each state was generated by averaging the dFCN matrices within the same state. To characterize state transition patterns, we computed several transition metrics: (1) number of transitions (NT), reflecting the frequency of switches between states; (2) fractional time (FT), indicating the proportion of timepoints spent in each state; (3) mean dwell time (MDT), representing the average number of consecutive timepoints in each state; and (4) transition probability (TP), quantifying the likelihood of transitioning from one state to another.

Neurotransmitter Maps
[bookmark: _Hlk203505902][bookmark: _Hlk203555362][bookmark: _Hlk203555372][bookmark: OLE_LINK16][bookmark: _Hlk203505375][bookmark: _Hlk203505383][bookmark: _Hlk203555388][bookmark: _Hlk203555595][bookmark: _Hlk203555638][bookmark: _Hlk203555649][bookmark: _Hlk203505573][bookmark: _Hlk203505920][bookmark: _Hlk203505879][bookmark: _Hlk203555712][bookmark: _Hlk203555743]The neurotransmitter maps include: a) serotonin (5HT1a_WAY_HC36, 5HT1a_cumi_hc8_beliveau, 5HT1b_P943_HC22, 5HT1b_az_hc36_beliveau, 5HT2a_ALT_HC19, 5HT2a_cimbi_hc29_beliveau, 5HT4_sb20_hc59_beliveau, SERT_DASB_HC30, SERT_MADAM_c11, and SERT_dasb_hc100_beliveau); b) cannabinoid (CB1_FMPEPd2_hc22_laurikainen); c) dopamine (D1_SCH23390_c11, D2_RACLOPRIDE_c11, D2_fallypride_hc49_jaworska, DAT_DATSPECT, and FDOPA_f18); d) gamma aminobutyric acid (GABA) (GABAa_FLUMAZENIL_c11 and GABAa_flumazenial_hc16_norgaard); e) opioids (MU_CARFENTANIL_c11 and MU_carfentanil_hc39_turtonen); f) noradrenaline (NA) (NAT_MRB_c11); g) acetylcholine (VAChT_feobv_hc18, VAChT_feobv_hc4, and VAChT_feobv_hc5); h) glutamate (mGluR5_abp_hc22, mGluR5_abp_hc28, and mGluR5_abp_hc73); and i) cerebral blood flow (CBF_ASL_MRI) (Alakurtti et al., 2015; Beliveau et al., 2017; Dukart et al., 2018; Fazio et al., 2016; García-Gómez et al., 2013; Hansen et al., 2022; Hesse et al., 2017; Holiga et al., 2018; Kaller et al., 2017; Kantonen et al., 2020; Nørgaard et al., 2021; Savli et al., 2012).

Statistical Analysis
[bookmark: _Hlk208395245][bookmark: _Hlk218266695][bookmark: OLE_LINK36]Statistical analyses were performed using Matrix Laboratory (MATLAB) 2022a and SPSS v.28. First, we tested the difference of glymphatic functioning between MDD and HC using independent sample t-test on the DTI-ALPS index. Second, we examined the association between glymphatic functioning and ruminative tendency or depressive symptoms. Partial correlation analysis was performed between DTI-ALPS index and RRS scores, including total scores and subcomponent scores, or HAMD total scores, controlling the effect of age and sex. Multiple comparisons were corrected using the False Discovery Rate (FDR). Third, to test whether glymphatic system affects the overall depressive severity through ruminative tendency, we conducted mediation analysis using the PROCESS macro implemented in SPSS (pre-set Model No.4).  A bootstrapping procedure with 5,000 iterations was implemented to evaluate the statistical significance of the mediation models (Hayes, 2017). In the mediation analysis, DTI-ALPS served as the independent variable, while HAMD total scores were designated as the dependent variable, with RRS scores acting as the mediator. Covariates included age and sex to account for potential confounding influences. Fourth, we examined the relationships between glymphatic functioning and static FCN, and between rumination and static FCN. To achieve this, Network-Based Statistics (NBS) analysis (Zalesky et al., 2010), with age and sex as covariates, was conducted to test the correlation between DTI-ALPS index and static FCN, or between RRS and static FCN. Significant threshold of individual-connection level was defined as p < 0.01 with an extent-based correction for multiple comparisons, 5000 permutations, and an overall corrected α < 0.05. Significant FC component was extracted for further analysis. Fifth, we would like to investigate the relationship between time-varying features of brain FC and glymphatic functioning or rumination. Partial correlation analysis with age and sex as covariates was first performed between state transition metrics (e.g., NT and FT) and DTI-ALPS or RRS scores. Multiple comparisons were corrected by FDR. Then we conducted mediation analysis (pre-set Model No.4) with PROCESS macro (bootstrap = 5000) to test whether time-varying features of brain FC can mediate the association between glymphatic functioning and rumination. In the mediation model, the significantly correlated state transition metrics in above partial correlation were included as the mediator, while DTI-ALPS and RRS scores were included as the independent and dependent variables respectively. To further explore whether this relationship is different between MDD and HC, we conducted moderated mediation analyses using the PROCESS macro implemented in SPSS (pre-set Model No. 58). Compared to the above mediation model, the current moderated mediation model additionally included group label of MDD or HC as a moderator.
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