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Abstract
Background
Postpartum depression is a common and disabling condition that differs from major depressive disorder and shows
marked variation in symptoms and outcomes. Identifying distinct biological subtypes could improve diagnosis and
treatment. The present study aims to uncover neurophysiological subtypes of postpartum depression and explore
their underlying neural and molecular features.
Methods
We analyzed structural brain images from a cohort of postpartum women recruited at the West China Second
Hospital, Sichuan University, including 76 patients with postpartum depression and 62 healthy postpartum women
(age range: 23-40 years). An unsupervised clustering approach was applied to gray matter volume patterns to
identify neurobiological subtypes. Individualized structural covariance networks were then constructed to compare
subtype-specific connectivity. Transcriptomic profiles and neurotransmitter density maps were further integrated
to examine molecular mechanisms underlying the structural alterations.
Results
Here we show that postpartum depression can be divided into two neurobiological subtypes. Subtype 1 displays
reduced gray matter volume in the dorsal attention network, consistent with cognitive impairments. Subtype 2
shows increased gray matter volume in the default mode network, reflecting emotional dysregulation. Subtype 2
also exhibits weaker structural connectivity between the middle temporal gyrus, parahippocampus, and amygdala.
Molecular analysis indicates that Subtype 1 is related to energy metabolism and the neurotransmitter receptor
mGIuRs, whereas Subtype 2 is associated with synaptic regulation, neuroplasticity, and neurotransmitter receptors
such as 5-HTg, dopamine D, cholinergic M; and p-opioid receptor (MOR).
Conclusions
These findings suggest that postpartum depression comprises two biologically distinct forms with different
cognitive and emotional characteristics. Recognizing these subtypes may enhance our understanding of its
neuropathology and support the development of personalized therapeutic strategies.
Plain Language Summary
After childbirth, some women experience a serious form of depression called postpartum depression. This condition
affects thinking, emotions, and daily life, but not all women experience it in the same way. In this study, we used
brain scans to see if there are different types of postpartum depression based on brain structure. We found two
groups: one showing changes in brain areas linked to attention and thinking, and another showing changes in
regions involved in emotions. These differences were also reflected in brain chemistry and gene activity. Our
findings suggest that postpartum depression is not one single disorder, and understanding its biological types may

help doctors offer more personalized care and treatment in the future.



Introduction

Postpartum depression (PPD) is a common mental disorder among women during the perinatal period,
characterized by obvious mood swings, loss of interest, and sleep disturbances, which can seriously affect the
mother-child relationship, child development, and family stability**. Traditionally, the PPD is considered to be a
subtype of general depression occurring outside the perinatal period, but emerging evidence suggests that PPD is
different from general depression®®. Although PPD is diagnosed using the same criteria, PPD exhibits significant
heterogeneity in clinical manifestations, symptom severity, and treatment response, which suggests that PPD may
have different neurophysiological subtypes™. However, almost all the previous studies regarded PPD as a
homogeneous disorder ignoring the neuropathological complexity™**. Therefore, identifying neurophysiological
subtypes of PPD using objective neuroimaging biomarkers could facilitate our understanding of different
neurobiological mechanisms underlying the clinical heterogeneity of PPD and ultimately improve both diagnosis
and treatment.

With the development of magnetic resonance imaging (MRI) technology and computational neuroscience, an
increasing number of studies have begun to identify biological subtypes of brain diseases based on non-invasive
neuroimaging features”*°. Compared with traditional disease classification using clinical scales or symptoms,
neuroimaging-based brain disorders subtyping can better uncover the underlying neurobiological mechanisms of
the heterogeneity of diseases and contributes to the development of precision treatment®>. Compared with functional
and diffusion MRI, structural MRI has many advantages such as easy access, high signal-to-noise ratio and test-
retest reproducibility*™*®. Structural MRI as well as its derived measure of gray matter volume (GMV) which is an
important indicator reflecting neural development, plasticity, and long-term stress adaptation has been widely used
to explore the structural abnormalities of PPD****. Given that the coordinated changes in brain structures of spatially
different regions are fundamental to functional development, structural covariance network (SCN) is
developed™*?. In early studies, the SCN is constructed at the group-level**. Given that the group-level SCN is
hard to reflect the individual variations and relationships with behaviors, the individual differential structural
covariance network (IDSCN) was proposed to reveal the abnormal covariance connectivity in brain disorders™>.

In this study, we use spectral clustering based on GMV derived from structural MRI to define biological
subtypes of PPD and to identify subtype-specific structural abnormal patterns. Moreover, we further apply IDSCN
approach to reveal the differences in structural covariance connectivity between PPD subtypes. Finally, by
integrating transcriptomic data from the Allen Human Brain Atlas (AHBA) with neurotransmitter density maps, a

methodology widely used in neuroimaging studies™, we establish the molecular basis underlying the structural

abnormalities of PPD subtypes.



Methods

Participants

Data for this study were derived from a longitudinal investigation of postpartum depression (PPD) conducted in
Chengdu, China. All 138 postpartum women were screened and recruited at the Maternity Clinic, West China
Second University Hospital of Sichuan University. Clinical diagnoses were conducted by two experienced
psychiatrists from the same institution, adhering to the criteria outlined in the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) and the Chinese Classification of Mental Disorders, Third Edition
(CCMD-3). The recruitment period for the study ran from 1 June 2018 to 1 January 2020, with all participants
being within one year postpartum (mean + standard deviation = 96.54 + 56.42 days). The sample included 62
healthy postpartum women (HPW) and 76 unmedicated patients with PPD. Exclusion criteria included
cardiovascular disease, diabetes, other psychiatric disorders, suicide risk, a history of alcohol or substance abuse,
contraindications to MRI, or evidence of intracranial pathology. Inclusion criteria were full-term delivery, normal
puerperium, healthy newborn, right-handedness. All PPD patients were first-episode and drug-naive. All
participants underwent the following assessments during the same research visit: (1) psychiatric evaluation; (2)
serum hormone tests, including prolactin, estradiol, and progesterone; and (3) magnetic resonance imaging (MRI)
scanning. This study was conducted in accordance with the Declaration of Helsinki and was approved by the Ethics
Committee of West China Second Hospital, Sichuan University (No. S201731). Written informed consent was

obtained from all participants prior to participation.

Clinical Assessments

Demographic and lifestyle information was collected for each participant, including age, postpartum days and
educational level. Psychological and social variables were assessed using a battery of validated standardized
questionnaires. Depressive symptoms were evaluated using the Edinburgh Postnatal Depression Scale (EPDS)*
and the Beck Depression Inventory (BDI)¥%, while anxiety levels were assessed using the Beck Anxiety Inventory
(BAI®. These instruments have demonstrated good reliability and validity in Chinese women of reproductive age.
Sleep quality was measured using the Pittsburgh Sleep Quality Index (PSQI)*, which captures various domains
such as subjective sleep quality, sleep latency, duration, and daytime functioning. Postpartum social support was
assessed using the Postpartum Support Questionnaire (PSQ)®, which measures perceived emotional and
instrumental support after childbirth. Perceived stress was evaluated using the Perceived Stress Scale (PSS)®, a
widely used instrument that captures subjective appraisal for individuals of stress over recent weeks. All
assessments were conducted by trained evaluators with backgrounds in psychology or medicine, using either

structured interviews or self-report questionnaires to ensure consistency and standardization of data collection.

Structural MRI Data Acquisition



All MRI data were acquired at West China Second University Hospital, Sichuan University, using a 3.0 MRI
scanner (MAGNETOM Skyra, Siemens Healthcare, Erlangen, Germany). To minimize motion artifacts,
participants’ heads were stabilized using foam padding, with the head positioned centrally within the coil to ensure
consistency and image quality. High-resolution anatomical images of the brain were obtained using a three-
dimensional T1-weighted Magnetization Prepared Rapid Gradient Echo (T1-MPRAGE) sequence. The imaging
parameters were as follows: repetition time (TR) = 3500ms, echo time (TE) = 2.29ms, flip angle = 8°, field of view

(FOV) = 240 x 240, acquisition matrix = 256 x 256, voxel resolution = 0.9 x 0.9 x Imm3.

Structural MRI Data Preprocessing
Voxel based morphometry (VBM) analysis was conducted using MATLAB 2021b and Statistical Parametric

Mapping software (SPM8, http://www.fil.ion.ucl.ac.uk). First, all raw T1-weighted structural images were

converted to NIFTI format. Using the unified segmentation module in SPM8 with default tissue probability maps
(TPMs), images were normalized to the Montreal Neurological Institute (MNI152) standard space and segmented
into gray matter, white matter, and cerebrospinal fluid. All segmentation and normalization results were visually
inspected for quality assurance. Next, a study-specific gray matter template was generated using Diffeomorphic
Anatomical Registration Through Exponentiated Lie algebra (DARTEL)>. This template was affine-registered to
the standard MNI gray matter probability map to improve spatial normalization accuracy. Individual gray matter
images were then warped to MNI space using the DARTEL nonlinear deformation fields and modulated to preserve
the original tissue volumes. Finally, the normalized and modulated gray matter images were smoothed using an
isotropic Gaussian kernel with a full width at half maximum (FWHM) of 6 mm to enhance signal-to-noise ratio
and meet the assumptions of random field theory. The preprocessed gray matter images of each participant were

used for subsequent analyses.
Statistics and Reproducibility

Define the PPD Subtypes Using Spectral Clustering. Spectral clustering with the whole brain GMV as features
was applied to define subtypes of PPD. First, a symmetric similarity matrix W of size n X n was constructed by
calculating the Pearson correlation coefficient between every pair of subjects, where W ;) represents the
correlation of gray matter volume between subjects i and j, serving as the adjacency matrix. Next, the degree
matrix D was formed as a diagonal matrix with diagonal elements Dy; ;y equal to the sum of the corresponding
row in W, representing the total connection strength of subject i, while off-diagonal elements were zero.

The unnormalized graph Laplacian matrix L was then computed as L =D — W . Subsequently, the
symmetric normalized Laplacian matrix Ly, was calculated by

Lsym = p-1/2]p-1/2

The eigenvalues and corresponding eigenvectors of L, were computed and sorted in ascending order. The



first k smallest nonzero eigenvectors of eigenvalues were selected to form the feature matrix U. Each row of U
was then normalized to have unit length, projecting the data onto a unit hypersphere. Finally, k-means clustering
was performed on the normalized matrix U. The optimal number of clusters k was determined by evaluating

silhouette coefficients across different number of clusters.

Specific GMV Abnormal Patterns of PPD Subtypes. To identify specific GMV abnormal patterns for PPD subtypes,
two-sample t-tests were used to identify GMV differences for each subtype of PPD compared to HPW. The
significances of these statistical analyses were determined using Gaussian Random Field (GRF) correction with p

<0.05.

Functional Decoding for Subtype-specific GMV Difference Maps. To determine the main functions of brain
regions showing significant GMV difference of each PPD subtype compared to HPW, we performed functional
decoding using a Neurosynth meta-analysis. Meta-analytic decoding was conducted using 24 topic terms defined

|@

by Margulies et al=. The analysis yielded z-statistic values indicating the strength of association between each brain
region and topic term. Terms with z-statistics greater than 3.1 (corresponding to p < 0.05, false discovery rate

(FDR)-corrected) were considered significantly associated.

Individualized Structural Covariance Network Analysis for PPD Subtypes. The structural covariance network for
healthy controls was constructed using the individual structural covariance network (IDSCN) method described by

Liu et al.®

. The voxel-wise GMV maps of each participant were parcellated into 116 regions using the Automated
Anatomical Labeling (AAL) atlas. For each participant, the mean GMV value of all voxels within each region was
calculated, resulting in 116 regional GMV measures per participant. The structural covariance network for healthy
controls was generated by calculating the Pearson correlation coefficient between every pair of brain regions across
all healthy controls, serving as the reference network PCC,,. Each PPD patient from the subtypes was added to the
healthy control group, and a new structural covariance network PCC,,; was computed, forming the perturbed
network. The difference between the perturbed and reference networks, APCC,, = PCC,,;; — PCC,, represented

the IDSCN for each patient, reflecting changes in covariance between brain regions relative to the healthy baseline.

The z-scores of APCC,, were calculated using

APCC,,
1-PCC%
n-1

APCC,, =

For each participant, z-scores were calculated for all network edges relative to the healthy control distribution.
These z-scores were converted into two-tailed p-values. To control for multiple comparisons across edges within
each participant, FDR correction (Benjamini-Hochberg method) was applied across all edges for that participant.

Subsequently, for each edge, we counted the number of participants whose FDR-corrected p-value was below 0.05.



This count represents how consistently a given edge showed significant alteration across participants (e.g.,

significant in >10% of patients).

Transcriptomic Association Analyses for GMV Difference of Each PPD Subtype. The Allen Human Brain Atlas

dataset (https://human.brain-map.org/) was used to explore the relationship between whole-brain t-maps of PPD

subtypes compared with HPW and genes’ expression profiles™. Gene’s expression data were obtained from six
postmortem adult human brains. According to the dataset description, these donors consisted of both male and
female individuals without documented psychiatric diagnoses. Microarray expression data were preprocessed using
the abagen toolbox™, which implements a reproducible workflow based on a well-established processing protocol®.
After preprocessing with the Schaefer atlas (500 parcels)®, a regional gene expression matrix was generated for
each donor, comprising 500 rows (brain regions) and 15,633 columns (genes). Because of sampling bias and only
two samples have the samples in right hemisphere, thus, in this study, we only used the transcriptomic data of the
left hemisphere, we finally obtained a 250 x 15,633 matrix representing. Partial least squares (PLS) correlation
analysis was conducted to assess the relationship between regional t-values (derived from comparisons between
PPD subtype and HPW) and the expression profiles of 15,633 genes. The whole-brain t-map was resampled to
match the 500-region parcellation by averaging voxel values within each parcel. In the PLS analysis, gene
expression profiles were treated as the predictor matrix, and the t-values were used as the response vector. The first
PLS component (PLS1) showed a strong spatial correlation with the t-map across the 250 regions. To estimate the
contribution of each gene to PLS1, a bootstrap procedure (1,000 iterations) was applied to compute standard errors
of gene weights. z-scores were calculated by dividing the gene weights by their bootstrap-derived standard errors,

and genes were then ranked based on their z-scores, reflecting their relative contribution to PLSI1.

Neurotransmitter Receptors and Transporters Association Analysis. To identify neurotransmitters associated with
the GMV differences of each PPD subtype, we examined the spatial relationships between the whole-brain t-maps
(each PPD subtype compared to HPW) and the spatial distributions of neurotransmitter systems. The whole-brain
volumetric PET receptor/transporter maps were obtained from a publicly available dataset
(https://github.com/netneurolab/hansen_receptors/tree/main/data/PET nifti_images)™, which comprises data from
a large sample of over 1,200 healthy individuals. This cohort includes both male and female participants. It is
important to note that these PET data were derived from an independent cohort of healthy volunteers, distinct from
the participants in our present study. The 19 distinct neurotransmitter maps were assigned to 500 regions, and the
averaged value of all voxels within the region was defined as the region’s neurotransmitter value. After normalizing
each neurotransmitter map across 500 regions, we used a multivariate linear regression model to explore the
contributions of neurotransmitter systems to the GMV difference. From this model, we extracted the p-values
corresponding to each neurotransmitter. To correct for multiple comparisons, we applied FDR correction at a

threshold of p < 0.05.
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Results

Participants and Demographic Characteristics

A total of 138 participants, including 62 HPW and 76 women with postpartum depression (PPD), were included in
the study. As shown in Table 1, no significant group differences were observed in postpartum time (p = 0.96),
hormonal measures including estradiol, progesterone, and prolactin (p = 0.59, p = 0.80, and p = 0.77), or education
level (p = 0.68). Although age showed a modest group difference (t = -2.108, p = 0.04, Cohen’s d = -0.37), the
effect size was small. In contrast, participants with PPD showed significantly higher scores in all clinical measures,
including the Edinburgh Postnatal Depression Scale (EPDS; t = 13.95, p <0.001, d = 2.37), Beck Anxiety Inventory
(BAI; t=8.27, p <0.001, d = 1.34), Beck Depression Inventory (BDI; t = 10.27, p < 0.001, d = 1.63), Pittsburgh
Sleep Quality Index (PSQI; t = 4.99, p < 0.001, d = 0.85), and Perceived Stress Scale (PSS; t =5.69, p < 0.001, d
= 0.98), indicating that the depression, anxiety, sleep quality, and perceived stress are abnormal in PPD. Detailed
demographic and clinical characteristics are presented in Table 1.

Table 1. Demographics and Clinical Characteristics of the Subjects Used in Present Study

PPD (n=76) HPW (n=62) t-value Cohen’sd PPD vs HPW

Age (years) 31.08+3.44 32.42+392 -2.11 -0.37 p =0.037

Education (years) 16.62+1.77 1650+ 1.61 0.41 0.07 p =0.682

Postpartum time 96.76 £ 54.75 96.27 = 58.86 0.05 0.01 p =0.960
(days)

Estradiol (pg/ml) 52.84+185.89 81.23+372.80 -0.55 -0.10 p = 0.586

Progesterone (ng/ml) 0.88+2.36 0.79+1.41 0.25 0.04 p = 0.800

Prolactin (ng/ml) 81.04+64.75  77.66+67.39 0.30 0.05 p=0.766

EPDS scores 17.29 + 4.45 7.06 +4.14 13.95 2.37 p <0.001

BAI 43.92+11.38 30.73+7.23 8.27 1.36 p <0.001

BDI 20.20 £9.01 7.24 £5.70 10.27 1.68 p <0.001

PSQI 9.87 £3.67 6.85+3.41 4.99 0.85 p <0.001

PSS 20.05+452 1550 +4.80 5.69 0.98 p <0.001

Two-sample #-test is used (two-sided) to determine the between-group differences. PPD: postpartum depression;
HPW: healthy postpartum women; EPDS: Edinburgh Postnatal Depression Scale; BAI: Beck Anxiety Inventory;
BDI: Beck Depression Inventory; PSQI: Pittsburgh Sleep Quality Index; PSS: Perceived Stress Scale.

Define PPD Subtypes and Their Specific Structural Abnormal Patterns
To define the neurophysiological subtypes of PPD, we performed clustering analysis based on the whole-brain
GMYV using a spectral clustering algorithm. The optimal number of clusters was determined using the silhouette

coefficient across different cluster numbers. The silhouette coefficient peaked at two clusters (coefficient = 0.69,



Figure 1a), indicating the most robust clustering solution. Based on the clustering result, PPD patients were divided
into two neurophysiological subtypes: Subtype 1 (n = 44) and Subtype 2 (n = 32). Table 2 summarizes the
demographic, hormonal, and clinical characteristics across HPW (n = 62), Subtype 1, and Subtype 2, as well as
their pairwise comparisons. Compared to HPW, both Subtype 1 and Subtype 2 showed significantly higher scores
on the EPDS, BAI, BDI, PSQI, and PSS (all p < 0.05). Subtype 2 exhibited slightly higher BAI and PSS scores
than Subtype 1, suggesting a tendency toward greater anxiety and stress perception. In addition, no significant
group differences were observed in education or postpartum time, while age showed a modest decrease in Subtype
2 compared to HPW (p = 0.016). For hormonal measures, we observed a marginal difference in progesterone
between PPD subtypes (p = 0.140) with the subtype 1 showing lower progesterone compared with subtype 2. The
other two hormonal measures of estradiol and prolactin did not show significant group differences. Overall, these
results indicate that both PPD subtypes exhibit elevated depressive, anxiety, sleep, and stress symptoms relative to
healthy postpartum women, with Subtype 2 showing comparatively greater emotional dysregulation.

Table 2. Demographics, Hormonal Levels, and Clinical Characteristics of HPW and Subtypes

Subtype 1 Subtype 2 HPW vs HPW vs  Subtype 1 vs
HPW (n=62)
(n=44) (n=32) Subtype 1  Subtype 2 Subtype 2
Age(years) 32.4243.92 31.59+3.22 30.38 £3.67 p=0.252 p =0.016 p=0.129
Education
16.50+1.61 16.89+ 1.81 16.25 +1.68 p=0.250 p =0.484 p=0.123
(years)
Postpartum
96.27+£58.86  93.14+52.43 101.75+£58.27 p=0.778 p =0.669 p=0.502
time (days)
Estradiol
81.23+£372.80  35.88+28.74  76.17+£285.46 p=0.423 p =0.947 p=0.354
(pg/ml)
Progesterone
0.79+1.41 0.47+0.22 1.434+3.58 p=0.081 p =0.339 p=0.140
(ng/ml)
Prolactin
77.66+£67.39  84.43+69.84 76.38+57.78 p=0.617 p =0.927 p=0.596
(ng/ml)
EPDS scores 7.06 +4.14 17.75+ 3.81 16.66 £5.20 p=0.001 p <0.001 p=0.293
BAI 30.73+£7.23 42.20 £9.62 46.28+13.22 p=0.001 p <0.001 p=0.124
BDI 7.24+5.70 20.86 = 8.84 19.28+9.30 p=0.001 p <0.001 p=0.453



PSQI 6.85+ 3.41 9.93+3.97 9.78+326  p=0.001 p<000l  p=0.861

PSS 15.50 +4.80 19.73+4.05 20.50+5.14 p=0.001 p <0.001 p =0.466

Two-sample ¢-test (two-sided) is used to determine the between-group differences. PPD: postpartum depression;
HPW: healthy postpartum women; EPDS: Edinburgh Postnatal Depression Scale; BAI: Beck Anxiety Inventory;
BDI: Beck Depression Inventory; PSQI: Pittsburgh Sleep Quality Index; PSS: Perceived Stress Scale.

Whole-brain voxel-level GMV analysis revealed significant differences between the two PPD subtypes
compared with HPW. Subtype 1 showed significant reductions of GMV primarily in the superior parietal
lobule/precuneus and inferior parietal lobes which are mainly localized in the dorsal attention network (DOR) and
a part of somatosensory motor network (SOM) (Figure 1b). Functional decoding indicated that these regions are
involved in action, motor control, pain, and spatial processing. In contrast, Subtype 2 showed increased GMV
predominantly in the posterior cingulate cortex (PCC) (Figure 1c). The PCC is a core hub of the default mode
network (DMN), implicated in social cognition, emotion processing, recollection, and autobiographical memory.
When directly comparing the two PPD subtypes, Subtype 1 exhibited significantly lower GMV than Subtype 2
mainly in the bilateral parietal and occipital cortices, including the precuneus, superior parietal lobule, and lateral
occipital areas (Figure 1d). These regions were largely distributed within the ventral attention network (VEN), with
some involvement of the visual (VIS) networks.

In addition, we examined voxel-wise correlations between whole-brain GMV and both depressive symptom
severity and reproductive hormone levels separately in Subtype 1 (n = 44) and Subtype 2 (n = 32) (Figure 1e). We
further assessed, for each subtype, the mean GMV extracted from the regions that showed significant differences
relative to healthy postpartum women (HPW). As shown in Figure 1f, the mean GMV of Subtype 1 displayed a
potentially significant negative association with EPDS (r =-0.39, p_uncorrected < 0.05) and BDI scores (r =-0.31,
p_uncorrected <0.05), indicating that smaller GMV in these attention- and cognition-related regions was associated
with more severe depressive symptoms. Subtype 1 GMV also showed a potentially significant negative correlation
with prolactin levels (r = -0.22, p_uncorrected < 0.05). For Subtype 2, the mean GMV extracted from regions
showing potentially significant differences relative to HPW was also negatively correlated with prolactin levels (»
= -0.17, p_uncorrected < 0.05). Correlations with estradiol and progesterone were weak and did not reach
significance for either subtype. We also examined the regions showing potentially significant GMV differences
between Subtype 1 and Subtype 2 and found that their mean GMV was negatively associated with EPDS scores (»
=-0.19, p_uncorrected < 0.05). Together, these results suggest that both depressive severity and prolactin levels
may be related to the structural alterations defining Subtype 1, whereas prolactin levels may also be related to the

regional GMYV reductions characteristic of Subtype 2.



The IDSCN Differences between PPD Subtypes

To investigate individualized structural covariance connectivity abnormalities in PPD subtypes, we constructed an
individual-level structural covariance network (IDSCN) for each participant using the AAL atlas, resulting in a
total of 6,670 structural covariance connections. By comparing these connections with those of healthy postpartum
women (HPW), 6,040 edges showed significant deviations in at least one PPD patient, and 4,564 edges were shared
by at least two individuals, suggesting a certain degree of consistency in network alteration patterns among PPD
patients (z-values across all patients was 0.06 £ 0.17). The number of significantly deviating connections per patient
ranged from 0 to 2,108 (0%—31.6% of all edges), with an average of 207.76 + 373.84, indicating high heterogeneity
in structural covariance changes between individuals (p < 0.05, FDR-corrected). To identify the most consistently
affected connections, we further extracted 26 edges that showed significant deviations in at least 8 individuals
(>10%). These edges primarily involved regions such as the middle temporal gyrus (MTG), amygdala (AMYG),
and para hippocampal gyrus (PHG) (Figures 2a and 2b).

Further comparison of the z-values for these 26 edges between PPD subtypes revealed some significant
differences between the two subtypes. Subtype 2 exhibited significantly lower structural covariance connections
between left MTG (MTG.L)-left PHG (PHG.L) and between right MTG (MTG.R)-right AMYG (AMYG.R)
compared with Subtype 1 (Figure 2c, p <0.001, FDR corrected).

Transcriptomic Correlates of Structural Alterations of PPD Subtypes

We employed partial least squares (PLS) regression to assess the spatial association between regional gene
expression profiles and subtype-specific structural alterations (group-level t-maps) in PPD. Our analyses focused
on the first two components (PLS1 and PLS2), where PLS1 captured the largest portion of spatial variance in
cortical gene expression (explaining 16% of variance in Subtype 1 and 14% in Subtype 2). Both PLS1 and PLS2
scores were significantly positively correlated with the subtype-specific t-maps (r. = 0.40, p < 0.05; r.=0.33, p <
0.05; Figures 3a and 3Db).

To screen for the most significant genes, we ranked the PLS1 weights using a one-sample z-test. In Subtype
1, we identified 5762 genes with significant positive or negative weights (Jz| > 2.35, FDR-corrected p < 0.05)
associated with the group-level structural alterations. In Subtype 2, 3875 such genes were identified (|z| > 2.40,
FDR-corrected p < 0.05). These gene sets were subjected to Gene Ontology (GO) enrichment analysis to uncover
biological processes and molecular functions relevant to regional brain abnormalities in each subtype.

For Subtype 1, the top five enriched biological processes (BP) and molecular functions (MF) were
predominantly related to mitochondrial energy metabolism, redox processes, and ubiquitin-mediated proteolysis.
These included aerobic respiration, cellular respiration, and proteasome-mediated ubiquitin-dependent protein
catabolic processes (BP), as well as ubiquitin protein ligase binding and ribonucleoprotein complex binding (MF)

(Figure 3a). In contrast, the gene set associated with Subtype 2 was enriched in pathways related to



neurodevelopment and synaptic function. The top BPs included axonogenesis, synapse organization, and regulation
of cell component size, while the top MFs were metal ion transmembrane transporter activity, GTPase regulator

activity, and voltage-gated sodium channel activity (Figure 3b).

Neurotransmitter Correlates of Structural Alterations in PPD Subtypes

We further explored the spatial correlation between group-level t-maps and neurotransmitter receptor density maps.
In Subtype 1, regional structural alterations were significantly negatively correlated with the distribution of mGIuRs
receptors (r = -0.50; Figure 4). In Subtype 2, structural changes were negatively associated with the distribution
patterns of 5-HT1g (r = -0.31) and D> (r = -0.29) receptors but positively associated with Mz (r = 0.31) and MOR

(u-opioid receptor; r = 0.32) density maps (Figure 4).



Discussion

This study identifies two distinct neurobiological subtypes of PPD using an unsupervised clustering algorithm based
on GMV. Specifically, Subtype 1 is characterized by reduced GMV in the DOR, while Subtype 2 is characterized
by increased GMV in the default mode network (DMN). The different structural abnormal patterns of PPD subtypes
indicate that PPD has two different subtypes: cognitive impairment and emotion dysregulation. This interpretation
aligns with recent stratification work in perinatal depression, such as the study by Bauer et al.*>, which demonstrated
the value of data-driven subtyping for capturing clinically meaningful heterogeneity. Further analyses, including
individualized structural covariance networks (IDSCN), transcriptomic mapping, and neurotransmitter density
profiles, revealed distinct connectivity and molecular signatures for each subtype. Together, these results indicate
that the clinical heterogeneity of PPD is supported by divergent neurophysiological mechanisms, reinforcing the
need for stratified approaches in perinatal mental health research.

Subtype 1 primarily exhibited a reduction in GMV in regions including the superior parietal lobe/precuneus
and inferior parietal lobule, which are primarily involved in DOR. The DOR is associated with goal-directed
attention control, sensorimotor integration, and monitoring of the external environment in mothers, and plays an

46,47

important role in PPD™~, The reduction in grey matter volume in this region may lead to cognitive impairments in

patients, such as decreased attention span and difficulty in task regulation®. This is consistent with the clinical
symptoms of significant cognitive decline in some PPD patients"*". IDSCN analysis further revealed enhanced
connectivity between MTG and AMYG, PHG in Subtype 1, suggesting that non-adaptive compensation may occur
in emotion processing-related pathways, i.e., maintaining relative stability of overall function by enhancing regional
connectivity. However, this excessive connectivity may not be an effective compensation but may instead lead to a
weakening of the patient's ability to control attention. The existing researches have shown that excessive
strengthening of the connection between the middle temporal gyrus and the limbic system may be related to a
decline in an individual's ability to selectively process emotional or cognitive information®*. This differs from
MDD, where extensive research has found that functional connectivity between the amygdala and the temporal
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lobe and par hippocampal gyrus is disrupted in MDD>=, In terms of clinical phenotype, although the EPDS score

for this subtype is relatively high, the BAI score and PSS stress score are relatively low, and it is more likely to
manifest as postpartum depression-like symptoms centered on cognitive fatigue and lack of attention**. At the same
time, this subtype scored lower on the PSQI sleep quality scale, suggesting that its cognitive regulation disorders
may interact with sleep rhythm disturbances and cognitive impairment to jointly constitute the PPD neurophenotype,
which is characterized by cognitive fatigue and attention deficit™. Transcriptome analysis further revealed that
Subtype 1 exhibits distinct features such as mitochondrial energy metabolism disorders, elevated oxidative stress
levels, and protein homeostasis imbalances. These changes may constitute the underlying pathological mechanisms
58,50

of PPD structural damage™>. The density of the glutamate receptor mGluRS shows a significant negative

correlation with structural disturbances in Subtype 1, suggesting that the glutamate system may be impaired, leading



to restricted excitatory transmission function in neurons. It is suggested that impaired glutamatergic transmission
in PPD patients may limit synaptic plasticity and neural integration capacity, further exacerbating cognitive
decline™*. In summary, Subtype 1 can be classified as a PPD neurobiological Subtype characterized by cognitive
impairment accompanied by attention deficits and sleep disorders, driven by neuroenergetic metabolic disorders
and glutamatergic system dysfunction. Future treatments should consider targeting neural energy metabolism,

enhancing cognitive regulation capacity, and improving sleep structure to achieve targeted interventions®*™,

In contrast to Subtype 1, Subtype 2 showed increased GMV in the PCC, which serve as core nodes of DMN®*,
and plays important roles in emotional regulation, self-referential processing, and introspective thinking*-*"*. The
DMN has been shown to be involved in regulating postpartum depression levels, and abnormal activation of the
DMN is closely related to increased negative emotions and emotional regulation difficulties in PPD patients™*. The
increased GMV of PCC in PPD patients may be due to prolonged hyperactivity in these regions, leading to structural
plasticity changes that exacerbate emotional regulation difficulties and negative emotional experiences, which is
consistent with a previous research’s findings”™. The IDSCN results for this Subtype showed significantly weakened
connections between MTG and AMYG, PHG, which are brain regions that collectively participate in emotion
recognition, memory integration, and response regulation~"", These damaged connections indicate that PPD
patients have reduced information integration capabilities in their emotional processing pathways, leading to more
pronounced emotional regulation disorders, including emotional fluctuations, cognitive biases, and persistent
rumination>”. Accordingly, this subtype scored numerically higher on the BAI and the PSS Stress Scale than
Subtype 1, suggesting that it exhibits stronger stress perception and emotional arousal responses. Combined with
its significant DMN structural alterations and network characteristics, this subtype may correspond to individuals
with higher stress loads, suggesting a higher risk of chronicity and weakened emotional regulation abilities. At the
molecular level, Subtype 2 showed significant abnormalities in neural development and synaptic plasticity
pathways, further supporting the association between emotional regulation disorders and structural plasticity
changes in this group of patients”. Neurotransmitter analysis results showed that the structural abnormalities of this
subtype were negatively correlated with 5-HTs and D, receptor density, while positively correlated with M;-type
cholinergic receptor and p-opioid receptor density, suggesting an imbalance in the regulation between multiple
neurotransmitter systems”. In PPD patients, the reduced density of 5-HTp and D, receptors suggests that this
subtype may be associated with down-regulation of serotonin and dopamine system function, which is closely
related to decreased emotional inhibition and blunted reward response*”. Consistent with findings in MDD,
excessive engagement of the DMN during rest enhances rumination, thereby exacerbating depressive mood".
Concurrently, increased densities of M; cholinergic receptors and p-opioid receptors in this subtype may heighten
patients' sensitivity to endogenous pain and emotional stimuli, inducing more intense emotional fluctuations and

78,79

negative experiences™". This differs from the monoamine deficiency observed in MDD®. The imbalance between

the aforementioned multi-pathway neurotransmitter systems may jointly drive abnormal structural and functional



changes in DMN-related brain regions, further disrupting emotional regulation and self-processing mechanisms,
thereby making PPD patients more prone to recurrent negative introspection and emotional distress™*. In summary,
the neural structure and molecular characteristics of this subtype collectively contribute to a postpartum depression
neural phenotype characterized by dysregulation of emotional control. Future treatment strategies should focus on
cognitive behavioural therapy centered on emotional restructuring, or -TMS neuromodulation targeting the PCC,
which may help alleviate emotional regulation disorders in patients with this subtype.

When directly comparing the two PPD subtypes, Subtype 1 exhibited significantly lower gray matter volume
in the bilateral parietal and occipital cortices compared to Subtype 2. These regions are primarily distributed within
the VEN and VIS, and are mainly involved in motor control, visual-spatial processing, and visual attention. This
indicates that compared to Subtype 2, Subtype 1 exhibits more pronounced structural deficits in attention and
perception-related systems, while Subtype 2 demonstrates relatively intact or compensatory enlargement in these
regions. This aligns with the previously described clinical differences between cognitive and affective subtypes.
Notably, these anatomical differences carry clinical and endocrinological significance. The mean gray matter
volume in Subtype 1 specific regions negatively correlated with depression severity (EPDS score) and prolactin
levels. These findings suggest that reduced gray matter volume in the parietal and occipital lobes of Subtype 1
patients correlates with increased symptom burden, and that prolactin dysregulation may be associated with
decreased gray matter volume within the attention perception network. The mechanism may involve stress
modulating neuroplasticity in these regions via lactation related prolactin signaling pathways, thereby exacerbating
cognitive fatigue and attentional control phenotypes in Subtype 1 patients®®. Conversely, the relative anatomical
integrity of visual-frontal and visual-temporal networks in Subtype 2 patients aligns with their emotional and stress
related characteristics.

Although this study revealed the neuroanatomical heterogeneity of PPD through individualized structural
covariance networks and spectral clustering methods and linked subtype differences to molecular and
neurotransmitter profiles, several limitations should be acknowledged. First, the sample size was modest, which
may limit statistical power and generalizability. Future multi-center studies with larger cohorts are needed to verify
the robustness and reproducibility of these subtypes. Second, the cross-sectional design precludes inference about
longitudinal trajectories of these subtypes, such as persistence over time, treatment response, or prognostic
implications, which limits direct translational applications. Third, the current analysis focused solely on structural
MRI data. Integrating multimodal imaging such as functional or diffusion MRI and biological measures would
provide a more comprehensive understanding of the neurophysiological mechanisms underlying PPD heterogeneity,
and in the current study, we did not include direct cognitive performance measures such as attention or executive
function test, the absence of direct cognitive assessment limits our ability to confirm whether cognitive deficits are
indeed present in Subtype 1. Fourth, for the transcriptomic and neurotransmitter association analyses, both the Allen

Human Brain Atlas and normative neurotransmitter atlases were based on mixed-sex healthy adult samples



independent of our cohort. While these normative datasets provide robust population-level molecular baselines for
spatial comparison with our MRI maps and are consistent with prior neuroimaging transcriptomic studies, sex-
related and clinical factors may influence gene expression and receptor distributions. Future work using sex-
balanced and clinically stratified transcriptomic and neurochemical datasets will be necessary to refine these
molecular associations and validate their specificity to PPD.

In conclusion, this study utilized structural MRI data to identify two neurobiological PPD subtypes through
spectral clustering methods. Subtype 1 was characterized by specific structural damage in DOR while Subtype 2
has significant increased GMV in DMN. In addition, the two PPD subtypes showed significant differences in
structural covariance connectivities of MTG with AMYG and PHG. The specific GMV and structural covariance
connectivity differences indicated that PPD has two different subtypes: one is cognitive impairment and the other
is emotion dysregulation. Moreover, the structural abnormal patterns of different PPD subtypes were regulated by
different genes and neurotransmitters suggesting the different neuropathology underlying clinical heterogeneity of
PPD. These findings provide initial evidence for different subtypes of PPD and identify the therapy targets for

different subtypes, which will facilitate future precision diagnosis and treatment.
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Figure Legend
Figure 1. Definition of PPD Subtypes and Associated Structural Abnormalities. (a) Silhouette coefficients
across different numbers of clusters. (b) Brain regions showing significant GMV differences between Subtype 1 (n
= 44) and healthy postpartum women (HPW) (n = 62), identified using two-sample t-tests with Gaussian Random
Field (GRF) correction (p < 0.05). The distribution of these regions across the seven canonical brain networks is
shown on the right, along with their functional annotations derived from Neurosynth. (c) Brain regions showing
significantly increased GMV in Subtype 2 (n = 32) compared with HPW (n = 62), identified and annotated
following the same procedure. (d) Brain regions showing significantly lower GMV in Subtype 1 (n = 44) compared
with Subtype 2 (n = 32), identified and annotated similarly. () Whole-brain voxel-wise maps of correlations
between GMV and clinical measures (BDI, EPDS) as well as hormonal levels (estradiol, progesterone, and prolactin)
in separately Subtype 1 (n = 44) and Subtype 2 (n = 32). (f) Correlation heatmaps showing the associations between
the mean GMV of the significant regions identified in panels b—d and clinical as well as hormonal measures. Red
boxes indicate correlations with p <0.05 (uncorrected). DOR, dorsal attention network; SOM, somatosensory motor
network; DMN, default mode network; VEN, ventral attention network; VIS, visual networks; LIM, limbic network;
FPC, frontoparietal network.
Figure 2. Heterogeneity Analysis of Individual Differential Structural Covariance Connectivity for PPD
Subtypes. (a) 26 edges showing significant deviations in at least 10% of PPD patients (> 8 cases) are presented. (b)
z-score distributions of these 26 connections across the two subtypes. Blue and red curves represent the mean z-
scores for Subtype 1 (n = 44) and Subtype 2 (n = 32), respectively. Shaded areas indicate the standard error of the
mean (SEM). (c) Two edges demonstrating significant intergroup differences (two-sided Welch's t-test, FDR-
corrected, padj < 0.05), with right panel showing their anatomical representations.
Figure 3. Association between Brain Structural Changes of PPD Subtypes and Transcriptomic Profiles. (a)
Spatial distribution of partial least squares (PLS1) scores in the left hemisphere for Subtype 1 (left top), along with
spatial correlations between PLS1 scores and regional t-values (Subtype 1 vs. HPW, two-sided test) (left bottom).
The shaded error bands represent the 95% confidence interval of the smoothed fit. The right panel displays the top
5 significantly enriched biological processes (BP) and molecular functions (MF) pathways for PLS1-associated
genes (FDR-corrected, pagj < 0.05). (b) Spatial distribution of PLS1 scores in the left hemisphere for Subtype 2 (left
top), along with spatial correlations between PLS1 scores and regional t-values (Subtype 2 vs. HPW, two-sided
test) (left bottom). The shaded error bands represent the 95% confidence interval of the smoothed fit. The right
panel shows the top 5 significantly enriched BP and MF pathways for PLS1-associated genes (FDR-corrected, Padi
< 0.05).
Figure 4. Differential Neurotransmitter Contributions to Brain Structural Changes of PPD Subtypes.

Multivariate linear regression models (two-sided) were employed to assess associations between neurotransmitter



systems and regional t-value maps (PPD subtypes vs. HPW, two-sided Welch's t-test). Neurotransmitter systems

marked with green boxes remained statistically significant after FDR-correction (Padj(¢) < 0.05).

ED Summary:

Chen et al. apply unsupervised clustering to structural brain images of women with postpartum
depression and integrate molecular data to characterize neurobiological variation. The study
identifies two distinct subtypes with different structural, connectivity, and molecular profiles that

may guide personalized care.
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