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Regional, functional and transcriptomic
decoding of multidimensional brain
structure alterations in obsessive-
compulsive disorder

A list of authors and their affiliations appears at the end of the paper

Studies of brain morphology in mental illness often focus on a few neuroi-
maging phenotypes. Here we present a comprehensive morphological char-
acterization in obsessive-compulsive disorder (OCD) in a large sample (2255
OCD, 2264 controls) using nine cortical and four subcortical phenotypes,
including several not previously examined in OCD, among them a subcortical
structural similarity network phenotype developed here. Spatially distinct
regional alterations emerged across structural phenotypes: cortical curvature
alterations in default mode and frontoparietal networks, increased structural
similarity network node degree in sensorimotor regions, widespread volume
reductions associated with medication use, and localized subcortical shape
alterations. In brain-behavior predictive models, curvature phenotypes
showed the strongest associations with clinical features. Cortical alterations,
especially in structural similarity networks, were associated with specific gene
expression patterns, implicating dysregulation of excitatory neurons. RNA-
sequencing data from tissue collected during functional neurosurgery
revealed that genes downregulated in the dorsolateral prefrontal cortex in
OCDcontributed to the gene expression patterns linked to cortical alterations.
Previously reported differentially expressed genes from postmortem brain
studies of OCD also contributed. These findings support the importance of a
comprehensive approach to characterizing brain morphology and suggest
that cortical curvature and structural similarity alterations reflect key patho-
physiological processes in OCD.

OCD was among the first mental disorders linked to specific regional
brain alterations1–3. Four decades of neuroimaging research in OCD
have fostered neurocircuitmodels of pathophysiology4 and supported
neurosurgical interventions in treatment-refractory cases5,6. Even so,
OCD remains defined by subjective criteria, with no established neu-
robiological mechanisms or actionable biomarkers7,8. This persistent
gap, even in a well-studied disorder, underscores the need for new
strategies to probe neuroimaging data.

Human brain architecture is complex, and any of a large number
of brain characteristics might be disrupted by pathology9. However,
large-scale neuroimaging studies of OCD, and most studies in other
mental disorders, have targeted only a few structural phenotypes—
cortical thickness, cortical surface area, and regional volume—
thereby capturing only a fraction of the complexity10,11. Modern
genomics has advanced from single- to multi-omic approaches that
integrate multiple biological layers to uncover underlying
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mechanisms12–14. A similar shift toward multi-phenotype neuroima-
ging analysis could enhance our understanding of brain disruption
by integrating complementary insights from phenotypes with dis-
tinct neurobiological underpinnings. For instance, curvature and
sulcal morphology measures capture different aspects of cortical
folding, which is critical to brain geometry and function15. Structural
similarity networks leverage multiple phenotypes to estimate
individual-level connectomes reflecting genetic, cytoarchitectonic,
and anatomical coupling between brain regions16.

Identifying robust neural correlates of mental disorders is chal-
lenging due to their substantial heterogeneity in genetic under-
pinnings, environmental influences, symptom constellations, and
treatment exposures17. A normative modeling study found that
although regional gray matter volume deviations are common in OCD
patients, fewer than 5% of patients exhibit deviations in the same brain
region18. To address this heterogeneity, emerging approaches derive
patient subgroups (biotypes) directly from neuroimaging data. How-
ever, these data-driven clusters often struggle with reproducibility,
and it is often unclear what drives subgroup boundaries, which could
range frompre-existing vulnerabilities contributing to diseaseonset to
post-onset exogenous factors that interact with and modify disease
course19,20. A more interpretable alternative is to define subgroups
based on participant characteristics, allowing differences in brain
phenotypes to be attributed to observable rather than opaque latent
factors. For example, medication use in OCD, which may be a marker
of a more chronic or severe subtype, has been associated with more
pronounced cortical thinning10. It remains unclear whether hetero-
geneity among patient subgroups manifests differently across multi-
ple structural phenotypes.

In this study, we developed a multi-phenotype approach to
comprehensively characterize brain morphology in OCD. Using the
large, well-validated ENIGMA-OCD dataset (n = 4519), we assessed
nine cortical and four subcortical structural phenotypes, including
several not previously studied in OCD—and rarely in any mental
disorders. As one of these, we developed a measure of structural
similarity among subcortical regions to complement a recently
established measure for cortical regions. These phenotypes revealed
distinct patterns of regional alterations: cortical curvature, sulcal
depth, and structural similarity networks showed more specific
associations with OCD and aligned with distinct functional networks,
while regional volume was broadly reduced only in medicated
patients. Machine learning models identified curvature measures as
top predictors of clinical characteristics. In addition, alterations in
select cortical phenotypes—particularly structural similarity net-
works—exhibited a generalizable multivariate association with nor-
mative gene expression patterns, marked by pre- and postnatal
excitatory neuron signatures. Finally, we performed a differential
expression analysis of dorsolateral prefrontal cortex tissue collected
during deep brain stimulation neurosurgery, revealing that down-
regulated genes significantly contributed to the transcriptional cor-
relates of cortical alterations.

Together, these findings demonstrate that a comprehensive,
multi-phenotype approach can advance the discovery of neural
underpinnings of mental illness, supporting their adoption to better
characterize mental disorders and behavioral traits more broadly.

Results
Sample and structural neuroimaging phenotypes
We analyzed data from 2255 OCD cases (age: 8–67 years; 1101 F and
1154M) and 2264 neurotypical controls (age: 7–65 years; 1099 F and
1165M) across 47 global datasets (Supplementary Fig. 1). Demo-
graphic, clinical, and scanner details are provided in Supplementary
Tables 1, 2–7, and 8, respectively. For each participant, nine structural
neuroimaging phenotypes were estimated for the 360 cortical regions
defined by the HCP-MMP parcellation21, including surface area,

thickness, gray matter volume, Gaussian curvature, mean curvature,
curvature index, folding index, and sulcal depth (Fig. 1). In addition,
four neuroimaging phenotypes were estimated for seven bilateral
subcortical regions—the thalamus, amygdala, caudate, putamen,
nucleus accumbens, hippocampus, and globus pallidus—including
volume, logarithm of the Jacobian determinant (reflecting surface
deformation relative to a template), and radial distance (a proxy for
cross-sectional dimension)22–24.

In addition, we computed two structural similarity networks for
each participant (Supplementary Fig. 2). The Morphometric INverse
Divergence (MIND) network estimates pairwise similarity between
cortical regions based on multivariate distributions of vertex-wise
measures of surface area, thickness, volume, mean curvature, and
sulcal depth (Methods)25. Given the relevance of subcortical structures
in OCD, we developed a corresponding subcortical network, the sub-
cortical MIND (scMIND), which applies the same approach using the
logarithm of the Jacobian determinant (surface area) and radial dis-
tance to estimate structural similarity among subcortical regions. Both
networks showed high inter-subject consistency (Supplementary
Fig. 3) and robustness to threshold variation (Supplementary Fig. 4).
For each network, node degree was calculated by averaging the non-
thresholded edge weights between each region and all other regions,
and this measure was used in all subsequent analyses, with any men-
tion of MIND and scMIND hereafter referring to node degree.

Given evidence that medication use can affect structural neuroi-
maging phenotypes10,11, we performed analyses on all OCD cases
(OCDall, N = 2255) and separately on subgroups with available medi-
cation information: unmedicated (OCDunmed, N = 1011) and medicated
(OCDmed,N = 970) cases, basedon theirmedication status at scan time.
Comparisons of clinical characteristics between OCDunmed and
OCDmed showed no significant differences in symptom severity, age of
onset, or comorbid depression and anxiety (Supplementary Fig. 5).
However, illness duration was longer in the OCDmed group (Welch’s
t(816.17) = − 7.60, p = 7.93 × 10−14, Cohen’s d =0.52, 95% CI = 0.38
to 0.66).

Neuroimaging phenotypes capture distinct alteration patterns
We began by comparing regional neuroimaging phenotypes between
OCD cases and controls. Harmonization of neuroimaging data across
datasets was performed with NeuroCombat26, and regional
case–control differences were estimated using linear regression
models adjusted for age, sex, Euler number (a scan quality index)27, and
total intracranial volume (Methods). Cohen’s d values were estimated
to quantify the effect sizes of group differences. Across all neuroima-
ging phenotypes, we found considerable variability in the patterns of
alterations, both in regional distribution and in the magnitude and
direction of effects (Fig. 2 and Supplementary Fig. 6).

Cortical surface area, thickness, and volume showed statistically
significant alterations (p-valueFDR < 0.05), mostly reductions, dis-
persed across the cortex in OCDall. The spatial patterns of these
alterations differed considerably between OCDmed and OCDunmed.
OCDmed showed larger reductions spanning extensive frontal, parietal,
and temporal regions in surface area, and affecting roughly one-third
and one-half of regions in thickness and volume, respectively. In con-
trast, OCDunmed exhibited smaller and less extensive alterations, with
frontal involvement across phenotypes and scattered alterations
elsewhere in the cortex. Overall, our findings largely align with prior
large-scale studies showing more widespread reductions in these
neuroimaging phenotypes only in medicated cases10. Cortical thick-
ness reductions in OCDmed were similar in extent to prior findings,
while alterations in surface area were previously described primarily in
the parietal lobe but here extended into adjacent regions10. Previous
work found no alterations in these measures in unmedicated patients,
but we observed scattered alterations in OCDunmed

10. These subtle
regional discrepanciesmay reflect thefiner resolutionof theHCP-MMP

Article https://doi.org/10.1038/s41467-026-74153-2

Nature Communications | (2026) 17:8480 2

www.nature.com/naturecommunications


parcellation compared to the Desikan–Killiany parcellation previously
used10.

Cortical curvature, sulcal depth, and structural similarity each
showeddistinctpatterns of significant alterations inOCDall. Changes in
curvature phenotypes primarily concentrated in frontal regions. Sulcal
depth alterations spanned frontal, cingulate, and medial temporal
cortices. MIND degree connectivity changes were seen in somatosen-
sory and occipital regions. For these neuroimaging phenotypes, the
affected regions were generally more similar across OCDunmed and
OCDmed. In OCDunmed particularly, these phenotypes exhibited
alterations comparable to or exceeding those observed in cortical
surface area, thickness, and volume.

Subcortical alterations in surface area, radial distance, and
volume showed similar sensitivity to medication status as their cor-
tical counterparts (Fig. 2 and Supplementary Figs. 6–10). OCDmed

exhibited widespread reductions in vertex-wise subcortical surface
area and radial distance across regions, most prominently in
the bilateral thalamus and hippocampus, while region-wise volume
reductions were also observed in the bilateral caudate and amygdala
and the right nucleus accumbens. The volumes of the hippocampus
and nucleus accumbens have been shown to be affected in medi-
cated adult and pediatric OCD cases, respectively, in a previous large-
scale study11. In contrast to prior findings, volume alterations in the
pallidum did not reach significance here. OCDunmed showed more

Fig. 1 | Cortical and subcortical neuroimaging phenotypes. a estimation of the
pial and white surfaces using the automated recon-all pipeline from FreeSurfer;
some elements of this panel were created in BioRender (Saraiva, L. (2026) https://
BioRender.com/6fokbje). b–d cortical neuroimaging phenotypes estimated
directly by recon-all: surface area, thickness, and volume (b), sulcal depth (c), and
curvature measures (d). e cortical structural similarity estimated using the Mor-
phometric INverse Divergence (MIND) network, derived from multivariate vertex-
wise measures (thickness, surface area, volume, mean curvature, sulcal depth).
f subcortical structures analyzed in this study; some elements of this panel were

created in BioRender (Saraiva, L. (2026) https://BioRender.com/bnwqaux.).
g subcortical volume estimated by voxel-wise segmentation, part of the default
recon-all output. h–j surface meshes for subcortical structures estimated by the
ENIGMA Shape analysis pipeline (h), enabling computation of vertex-wise radial
distance (i) and logarithm of the Jacobian determinant (j). k structural similarity
between subcortical structures, computed from vertex-wisemeasures obtained via
the ENIGMA Shapepipeline using the samemethodological approach asMIND; this
subcortical measure is referred to as subcortical MIND (scMIND).
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limited changes—primarily an increase in vertex-wise measures in the
right caudate—and no significant volume alterations. These vertex-
wise changes in OCDunmed were undetected in a previous studywith a
smaller sample28, likely reflecting limited statistical power, whereas
the absence of volume alterations aligns with previous
adult findings11.

scMIND node degree showed a different relationship to medi-
cation status. Significant increases in scMIND were observed in the
bilateral caudate, right putamen, and left hippocampus
in OCDunmed, while no alterations survived FDR correction in
OCDmed.

Similarity of regional alterations across neuroimaging
phenotypes
We next asked to what extent the different neuroimaging pheno-
types capture similar aspects of brain structure disruption in OCD.
To examine this, we computed Pearson’s correlation
coefficients between the regional case-control differences (Cohen’s
d) across neuroimaging phenotypes and applied hierarchical clus-
tering to group phenotypes with similar spatial patterns (Fig. 3a).
The magnitude of these correlations could be influenced either by
the intrinsic similarity of the neuroimaging phenotypes themselves
(Supplementary Fig. 11)—such that high correlations may arise

Fig. 2 | Regional alterations across cortical and subcortical neuroimaging
phenotypes. a–i cortical surface maps showing effect sizes (Cohen’s d) for case-
control differences across regions defined by the HCP-MMP parcellation for nine
neuroimaging phenotypes. In each panel, each row shows brain surfaces in the
following views from left to right: left lateral, left medial, right medial, and right
lateral. j–m subcortical surface maps showing effect sizes for case-control differ-
ences in seven subcortical structures—thalamus, amygdala, caudate, putamen,
nucleus accumbens, hippocampus, and globus pallidus (Fig. 1f)—for four neuroi-
maging phenotypes. Each structure is shown from opposite viewpoints for each
hemisphere (two left-hemisphere views on the left and two right-hemisphere views
on the right). Vertex-wise analyses were conducted for (j, k) while region-wise

analyses were conducted for (l, m). Cohen’s d values were derived from linear
regression models adjusted for age, sex, Euler number, and total intracranial
volume. Separate models were fitted for OCDall (N = 2255; top, purple), OCDunmed

(N = 1011; middle, green), and OCDmed (N = 970; bottom, pink), each compared
against the same control group (N = 2264). P-values for regional case-control dif-
ferences were adjusted using FDR for multiple comparisons across regions, neu-
roimaging phenotypes, and OCD groups. Positive Cohen’s d-values (blue) indicate
greater regional values inOCDcases relative to controls, while negative values (red)
indicate a reduction. Statistically significant regions (or vertices) are emphasized
with bold colors, while non-significant regions aremuted. Source data are provided
as a Source Data file.
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between maps of group differences even when case-control
labels are randomly assigned, simply due to the neuroimaging
phenotypes being intrinsically related—or by similar patterns
of brain structure disruption specifically reflected in the case-
control differences across a pair of neuroimaging pheno-
types, beyond what would be expected from the intrinsic similar-
ity. To disentangle this, the statistical significance of the correlations
was assessed via synchronous Freedman–Lane permutation of the
linear models estimating regional differences, generating
surrogate distributions of Cohen’s d-values that were used to eval-
uate correlations under the null hypothesis of no case-control
differences (Methods).

Following this procedure, few correlations among neuroimaging
phenotypes achieved statistical significance, indicating that most
correlations reflect intrinsic similarity among phenotypes. For the
cortex, in both OCDall and OCDunmed, significant correlations were
found mainly among curvature phenotypes, indicating that they cap-
ture spatially similar patterns of regional disruption in OCD beyond
intrinsic phenotype similarity. For the subcortex, in OCDall, the cor-
relation of radial distance to volume was significant, whereas that of
surface area to volume did not survive correction; in OCDmed, both
were nominally significant, and in OCDunmed, neither reached sig-
nificance. In OCDmed, no correlations achieved statistical sig-
nificance after FDR correction.

Fig. 3 | Similarity of regional alterations across neuroimaging phenotypes and
medication status, and convergence of regional alterations across neuroima-
ging phenotypes. a heatmaps represent Pearson’s correlation coefficients
between regional Cohen’s d-values for case-control differences (Fig. 2) across pairs
of cortical and subcortical neuroimaging phenotypes. Correlations between sub-
cortical surface area and radial distance were estimated vertex-wise, while corre-
lations between subcortical volume and scMIND were computed region-wise. To
estimate correlations between subcortical surface area (and radial distance) and
subcortical volume (and scMIND), subcortical surface area (and radial distance)
values were averaged across participants for each subcortical region. Statistical
significance was assessed by comparing the observed absolute Pearson correlation
coefficients with null distributions of absolute Pearson correlation coefficients
generated by synchronous Freedman–Lane permutation of the regional linear
models estimating case–control differences. P-values were FDR-adjusted across
neuroimaging phenotypes and OCD groups. A double asterisk (**) corresponds to
p-valueFDR < 0.05; a single asterisk (*) corresponds to p-valueuncorrected < 0.05.
Dendrograms illustrate hierarchical clustering. Data are displayed for OCDall (left,
purple), OCDunmed (middle, green), and OCDmed (right, pink). b Pearson’s

correlation coefficients were estimated between OCDunmed and OCDmed case-con-
trol differences across regions for each neuroimaging phenotype. The stem plots
display these correlations for cortical (left) and subcortical (right) neuroimaging
phenotypes. c For each cortical region (left column), subcortical vertex (middle
column), and subcortical region (right column), case–control differences were
aggregated across all neuroimaging phenotypes using a non-parametric combi-
nation with Fisher’s method. The statistical significance of the combined Fisher
statistic was assessed using synchronized permutations of the underlying linear
models. P-values were FDR-adjusted across regions, vertices, and OCD groups.
Color encodes −log(FDR); only significant regions are shown. For the subcortical
vertex-wise results, each structure is shown from opposite viewpoints for each
hemisphere (two left-hemisphere views on the left and two right-hemisphere views
on the right). Rows correspond to OCDall (purple; top), OCDunmed (green; middle),
andOCDmed (pink; bottom). SA, Surface Area; T, Thickness; Vol, Volume; FI, Folding
Index; GC, Gaussian Curvature; CI, Curvature Index; MC, Mean Curvature; SD,
Sulcal Depth; scSA, subcortical Surface Area; scRD, subcortical Radial Distance;
scVol, subcortical Volume. Source data are provided as a Source Data file.
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Similarity of regional alterations across medication status
We calculated Pearson’s correlation coefficients between OCDunmed

and OCDmed regional case-control differences for each neuroimaging
phenotype (Fig. 3b). Most correlations were moderate, with cortical
thickness (r =0.27) and subcortical volume (r =0.19) showing the
lowest similarity between OCDunmed and OCDmed. These findings fur-
ther demonstrate themarked effect of medication status on structural
phenotypes, particularly commonly studied ones (cortical thickness
and regional volume).

Convergence of regional alterations across neuroimaging
phenotypes
Weused a non-parametric combination to aggregate p-values for case-
control differences across neuroimaging phenotypes within each
region or vertex (Methods), assessing the extent to which alterations
converged onto similar locations (Fig. 3c).

Cortically, in OCDunmed, regional alterations converged pre-
dominantly onto the left frontal and somatosensory cortices, and onto
scattered regions in the right frontal, parietal, and temporal cortices. In
OCDall, a similar but more extensive pattern was observed. In OCDmed,
alterations converged across widespread regions.

Subcortically, vertex-wise alterations convergedmost extensively
onto the right caudate in OCDunmed, with additional clusters of
alterations scattered throughout. More extensive convergence of
alterations was observed in OCDall and OCDmed, particularly in the
bilateral hippocampus and thalamus. Region-wise subcortical altera-
tions convergedmost pronouncedly in the right caudate in OCDunmed,
and in the bilateral thalamus and hippocampus in OCDall and OCDmed.

Cortical and subcortical alterations across neurodevelopment
Toevaluate howstructural alterations inOCDmanifest acrossdifferent
neurodevelopmental periods, we repeated the case-control analysis
separately in pediatric (age < 18 years; 284OCDcases and 251 controls)
and adult (age ≥ 18 years; 1971 OCD cases and 2013 controls) sub-
groups. The results show different patterns of regional alterations for
pediatric and adult patients (Supplementary Fig. 12), consistent with
prior findings10,11. These differences may reflect the neurodevelop-
mental trajectory of OCD. However, this analysis is limited by its cross-
sectional nature and by the relatively small pediatric sample. Future
studies should aim to increase the pediatric sample size to better
assess neurodevelopmental trajectories.

Robustness of regional alteration findings
To confirm the robustness of the structural alterations detected, we
conducted several sensitivity analyses. First, as a validation of
using medication status instead of other clinical variables in the stra-
tified analyses, we re-estimated regional alterations using linear mod-
els that included two interaction terms: between diagnosis and
medication status, and between diagnosis and each other available
clinical variable (each included in turn alongside medication status),
and compared the variance explained by each term. Across regions
and neuroimaging phenotypes, the interaction between diagnosis and
medication status generally explained more variance than the inter-
action between diagnosis and the other clinical variable; although, as
expected, other clinical variables were more influential for some
phenotypes and regions (Supplementary Figs. 13–17). Second, com-
paring regional alterations obtained using our NeuroCombat harmo-
nization approach with those obtained using an alternative
harmonization approach based on linear mixed-effects models
revealed high agreement (Pearson’s r >0.92) across all neuroimaging
phenotypes and OCD groups (Supplementary Figs. 18–20). Third, a
leave-k-datasets-out analysis showed that once 20–30 datasets
(approximately half of the total) were included, regional case–control
effects remained highly correlated with full-sample effects (Pearson’s
r >0.8) across all neuroimaging phenotypes and OCD groups,

supporting the stability of our findings across different subsets of
datasets (Supplementary Figs. 21–23).

Brain-behavior associations vary across neuroimaging
phenotypes
We next used machine learning to examine the relationship of struc-
tural phenotypes to clinical features of OCD—severity, onset, illness
duration, and comorbid anxiety and depression. Two modeling stra-
tegieswere used: cross-regionmodels predicting clinical features from
each neuroimaging phenotype across regions; and cross-phenotype
models predicting clinical features from each region across pheno-
types. The statistical significance of model performance was assessed
using permutation testing, with Freedman–Lane and Manly permuta-
tions for continuous and categorical clinical features, respectively
(“Methods”).

Predictive performance ranged from low to moderate, consistent
with findings from other machine learning studies involving multi-site
cohorts (Fig. 4). However, several models achieved statistically sig-
nificant performance, suggesting generalizable associations between
structural phenotypes and clinical characteristics. Several consistent
patterns emerged.

In cross-region models, cortical curvature phenotypes con-
sistently ranked among the best predictors, particularly for severity
and onset in OCDunmed and for depression and anxiety in OCDmed.
Given that cortical curvature phenotypes remain underexplored in
brain-behavior models, these findings highlight the informative value
of less-studied neuroimaging measures. Additionally, stratifying par-
ticipants bymedication status generally improvedmodel performance
compared to analyses of the combined sample. This supports prior
evidence that participant heterogeneity can impair brain-behavior
models29 and demonstrates that defining more homogeneous sub-
groups—rather than relying solely on broad diagnostic labels—enhan-
ces predictive accuracy. For example, severity and age of onset were
generally predicted more accurately in OCDunmed, whereas illness
duration and comorbid depression and anxiety were generally better
predicted in OCDmed.

Cross-region models using subcortical phenotypes showed rela-
tively weak predictive performance overall. While some models
achieved statistical significance, significant findingswere sparse across
OCD groups. This may reflect constraints of jointly modeling the
examined subcortical phenotypes across all regions.

For cross-phenotype models, clinical characteristics were sig-
nificantly predicted by only a few regions. This suggests that while
measures from multiple brain regions are often needed for robust
brain–behavior associations, combining multiple phenotypes within
single regions can also reveal significant, localized relationships. For
example, structural measures in somatomotor cortex regions were
associated with symptom severity; parietal and frontal regions with
illness duration; parietal regions with symptom onset; and frontal
regions and the caudate with comorbid anxiety.

Taken together, these findings support expanding neuroimaging
phenotypes and better delineating more homogeneous groups using
broader participant characteristics to improve predictive performance
of brain-behavioral models.

Structural alterations map to diverse functional networks
To explore the functional correlates of the different patterns of
structural alterations identified (Fig. 2), wemapped themonto cortico-
subcortical functional networks using the Cole-Anticevic atlas30. For
each structural neuroimaging phenotype, we assessed the con-
vergence of alterations within each network using a non-parametric
combination approach31. This approach combines p-values for
case–control differences from linearmodels across regions or vertices
within a network, with statistical significance determined via syn-
chronous Freedman–Lane permutations (“Methods”).
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As expected, regional case-control alterations of different neu-
roimaging phenotypes showed distinct functional network mappings
(Fig. 5). For cortical surface area, thickness, and volume, medication
status substantially influenced these mappings, with OCDmed showing
significant (p-valueFDR < 0.05) alterations across most networks. This
largely drove the functional mapping observed in OCDall. By contrast,
significant mapping of case-control differences was observed in only a
few networks in OCDunmed.

The other neuroimaging phenotypes showed greater con-
sistency in functional mapping across medication status. Alterations
in cortical curvature phenotypes and sulcal depth converged onto

the default network across all OCD groups. Similar consistency was
also observed for the orbito-affective, cingulo-opercular, and dorsal
attention networks in Gaussian and mean curvatures, and for the
frontoparietal and language networks in Gaussian curvature. These
findings indicate that alterations in curvature and sulcal depth phe-
notypes align with functional networks classically implicated in OCD
by resting-state and task-based functional MRI studies32–38. In addi-
tion, alterations in sulcal depth and MIND node degree aligned with
the V1 visual and somatomotor networks across all OCD groups. This
patternmatches emerging evidence that OCD involves disruptions in
sensory networks39.

Fig. 4 | Brain-behavior associations between neuroimaging phenotypes and
clinical characteristics of OCD. a symptom severity, measured with the adult or
child Yale–Brown Obsessive–Compulsive Scale (NOCDall= 2054, NOCDunmed = 982,
NOCDmed = 929); (b) illness duration in years since diagnosis (NOCDall = 834,
NOCDunmed = 368,NOCDmed = 457); (c) onset, early if before 18 years or late otherwise
(NOCDall = 1781, NOCDunmed = 908, NOCDmed = 861); (d) current major depressive dis-
order (NOCDall = 1901, NOCDunmed = 959, NOCDmed = 852); and (e) current anxiety dis-
order (NOCDall = 1897, NOCDunmed = 956, NOCDmed = 851). Models were fitted in OCD
cases and separately forOCDall (purple),OCDunmed (green), andOCDmed (pink). For
continuous outcomes (a,b), ridge regressionwas used andperformancemeasured
with Pearson’s r; for categorical outcomes (c–e), logistic ridge regression was used
and performance measured with Matthews correlation coefficient (MCC). Model
performance was assessed using a 5-fold, 10-times repeated nested cross-
validation (50 outer folds). Statistical significance of model performance was
assessed by permutation testing (Freedman–Lane method for continuous, Manly
method for categorical outcomes), evaluating whether observed performance

exceeded null distributions from permuted outcome variables. P-values were FDR-
corrected across allmodels andOCDgroups. Cross-regionmodels (left andmiddle
columns) are shown as box plots of model performance across 50 outer folds
(center line, median; box bounds, 25th and 75th percentiles; whiskers, most
extreme values within 1.5 × the interquartile range; outliers not shown). The arrows
(▼) indicate the best-performing neuroimaging phenotype per panel. A double
asterisk (**) corresponds to p-valueFDR <0.05; a single asterisk (*) corresponds to p-
valueuncorrected < 0.05. Cross-phenotype models (third column) are shown as brain
maps of mean test performance across the same 50 outer folds; color scales
represent Pearson’s r (a, b) or MCC (c–e). Regions reaching FDR significance are
bold; those reaching only nominal significance are muted. SA, Surface Area; T,
Thickness; Vol, Volume; FI, Folding Index; GC, Gaussian Curvature; CI, Curvature
Index; MC, Mean Curvature; SD, Sulcal Depth; scSA, subcortical Surface Area (log-
Jacobian); scRD, subcortical Radial Distance; scVol, subcortical Volume. Source
data are provided as a Source Data file.
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For subcortical neuroimaging phenotypes, volume abnormalities
again aligned indiscriminately across functional networks in OCDmed,
but showed no significant network convergence in OCDunmed. While
subcortical surface area showed significant convergence in fewer
networks among OCDunmed, subcortical radial distance and scMIND
demonstrated more extensive network mapping across all OCD
groups. This mapping particularly included the orbito-affective, fron-
toparietal, cingulo-opercular, and V1 networks, demonstrating con-
sistent network-level alterations captured by both cortical and
subcortical neuroimaging phenotypes.

Collectively, these findings highlight that different structural
phenotypes provide complementary insights into the functional net-
works implicated in OCD.

Brain structure disruption correlates with gene expression
patterns
To probe the neurobiological underpinnings of OCD, we linked
structural alterations to normative gene expression patterns derived
from the Allen Human Brain Atlas (AHBA)40. We used the rigorous
quality control and preprocessing pipeline by Dear et al.41, primarily
validated for theHCP-MMPparcellation, tomap the expressionof 7973
genes to 137 left-hemisphere regions and derive three transcriptional
components using diffusion map embedding (Fig. 6a). These compo-
nents have been shown to be reproducible across donors and gen-
eralizable to other gene expression datasets41. We spatially associated
these transcriptional components with brain maps of regional case-
control differences in neuroimaging phenotypes, expressed as

Fig. 5 | Functional correlates of case-control alterations across neuroimaging
phenotypes. a schematic representation of the Cole-Anticevic atlas depicting its
twelve functional networks. b schematic of the non-parametric combination
approach for functional contextualization: p-values from regional linear models
are aggregated across regions within each functional network using Fisher’s
method to yield a statistic reflecting evidence for case-control differences at the
network level. The statistical significance of the Fisher statistic is assessed via
synchronized Freedman–Lane permutations of the underlying linear models. The
Dorsal Attention network is shown as an example, with regional significance,
expressed as −log(p-values), shown on the cortical surface (color bar) on the left
and the network-level Fisher-combined significance, expressed as −log(FDR),
shown in the circular bar plot on the right. c–o for each cortical (c–k) and sub-
cortical (l–o) neuroimaging phenotype, this approach was used to assess case-

control differences (Fig. 2) at the network level. This analysis was performed
separately for three OCD groups, each represented by a circular bar plot: OCDall

(left; purple), OCDunmed (middle; green), and OCDmed (right; pink). Statistical sig-
nificance was assessed as described in (b) with p-values adjusted for multiple
comparisons using FDR across functional networks, neuroimaging phenotypes,
and OCD groups. In each circular bar plot, functional networks are represented at
each radial position, and the bars indicate network-level −log(FDR) values. A
double asterisk (**) corresponds to p-valueFDR < 0.05; a single asterisk (*) corre-
sponds to p-valueuncorrected < 0.05. The solid black line indicates −log(FDR) = 1.3
(p-valueFDR = 0.05). SM, Somatomotor; PM, Posterior-Multimodal; FP, Fronto-Par-
ietal; CO, Cingulo-Opercular; L, Language; VM, Ventral-Multimodal; DA, Dorsal-
Attention; OA, Orbito-Affective; V1, Visual 1; V2, Visual 2; D, Default; A, Auditory.
Source data are provided as a Source Data file.
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Cohen’s d from linear models (Fig. 2), using canonical correlation
analysis (CCA) (Fig. 6b and Supplementary Fig. 24)42. This analysis
proceeded in two sequential steps: first, feature selection to maximize
model generalizability and stability; second, model fitting in the full
sample with statistical significance testing (Methods).

In the first step (feature selection), we selected the neuroima-
ging phenotypes to include in the CCA models. With nine structural
phenotypes, there are 511 (2⁹–1) possible subsets for association
with the AHBA. We exhaustively evaluated each subset for its ability
to produce generalizable and stable CCA models linking brain
structure disruption in OCD with gene expression, and selected the
subset with the highest overall performance. To do this, we
employed a split-half cross-validation approach: (i) split case-
control data, (ii) derived maps of case-control alterations in each
half, (iii) trained CCA on one half, and (iv) evaluated the first

(maximal) out-of-sample canonical correlation on the other. Gen-
eralizability was defined as the mean out-of-sample correlation,
stability as the mean correlation of CCA weights across folds, and
overall performance as their average. Across all OCD groups, gen-
eralizability plateaued after including a certain number of case-
control brain maps, whereas stability declined as additional maps
were added (Supplementary Fig. 25). The optimal set for OCDall and
OCDmed included MIND degree, thickness, mean curvature, sulcal
depth, and folding index (Fig. 6c). In contrast, OCDunmed achieved
best performance with only MIND degree and mean curva-
ture (Fig. 6c), indicating these phenotypes are robustly linked to
gene expression regardless of medication status.

In the second step (model fitting and significance testing), we
computed CCA models using the optimal set of neuroimaging phe-
notypes on the full sample. To assess statistical significance, we used

Fig. 6 | Spatial associations between brain structure alterations and gene
expression. a procedure for obtaining generalizable gene expression compo-
nents, as in Dear et al.41.bCCAmethodology. cmodel performance in the split-half
cross-validation procedure used to select neuroimaging phenotypes for associa-
tion with the AHBA; performance was calculated as the average of twometrics: the
average out-of-sample canonical correlation with the AHBA (model general-
izability) and the average correlation of CCA weights across training folds (model
stability). For each set size (N = 1 to N = 9 phenotypes), the plot shows the top-
performing combination among all combinations of that size. The arrows (▼)
indicate the overall top-performing combination. d the first canonical correlation
using the whole sample between the case-control differences in the selected
neuroimaging phenotypes (Fig. 2) and the AHBA. Statistical significance was
assessed by permuting the regional linear models estimating case–control differ-
ences to generate surrogate case-control brainmaps, fromwhich null distributions
for CCA were derived. P-values were corrected using the maximum statistic dis-
tribution within each OCD group, then Bonferroni-corrected across groups.

Observed canonical correlations are shown as vertical bars against their null dis-
tributions. e radar plots of cross-loadings for neuroimaging phenotypes. Each
radial axis shows absolute cross-loading magnitude, with signed values labeled.
Double asterisk (**) indicates significance after FDR correction; single asterisk (*)
indicates uncorrected significance. f plots showing cross-loadings for genes, with
values shown on the y-axis; each point represents a gene: bold colors denote
significance after FDR correction, muted colors uncorrected significance, and gray
non-significance. The 5 genes with the most positive and 5 with the most negative
cross-loadings are shown for each OCD group. For (e, f) statistical significance was
assessed using the same permutation framework as in (d): surrogate case-con-
trol brain maps were used to generate null distributions for CCA and its cross-
loadings, against which observed cross-loadings were evaluated by absolute
magnitude. P-values were FDR-adjusted across all cross-loadings and OCD groups.
SA, Surface Area; T, Thickness; Vol, Volume; FI, Folding Index; GC, Gaussian Cur-
vature; CI, Curvature Index;MC,MeanCurvature; SD, SulcalDepth. Sourcedata are
provided as a Source Data file.
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synchronous Freedman–Lane permutations of the linear models esti-
mating regional case-control differences to generate surrogate case-
control brain maps that preserve spatial properties while removing
group effects (Methods and Supplementary Fig. 24). These maps
directly capture the null hypothesis, showing associations that would
emerge without true case-control differences, while avoiding con-
ventional spatial association significance tests, such as spin tests, that
can inflate false positive rates43,44. Only the first canonical correlation
was statistically significant across the CCAmodels for OCDall (r =0.66,
p-valueFWE = 0.009), OCDunmed (r = 0.54, p-valueFWE = 0.0009), and
OCDmed (r = 0.66, p-valueFWE = 0.003) (Fig. 6d). This indicates that a
single axis of association links brain structure disruption in OCD and
gene expression across the neuroimaging phenotypes considered.

We next examined these associations at the level of individual
case-control brain maps and genes. While all variables contribute to
the associations identified by CCA, some may show stronger associa-
tions with the latent components of the opposite variable set than
others. To quantify this, we calculated Pearson correlations between
case-control brain maps and transcriptomic latent variables, as well as
between individual gene expression maps and case-control latent
variables; these correlations are referred to as cross-loadings45. To
assess statistical significance, we evaluated cross-loadings against
those computed from CCA models using the surrogate brain maps.

MIND showed the highest absolute cross-loading in OCDall ( | r | =
0.46, p-valueFDR = 0.02), OCDunmed ( | r | = 0.36, p-valueFDR = 0.16), and
OCDmed ( | r | =0.44,p-valueFDR = 0.02) (Fig. 6e). Itwas theonly imaging
phenotype to achieve statistical significance in OCDall and OCDmed;
whereas the significance did not survive FDR correction in OCDunmed.

In total, 365 genes showed statistically significant cross-loadings
in OCDall, 1221 in OCDunmed, and 277 in OCDmed (Fig. 6f). Among these,
255 genes overlapped between OCDall and OCDunmed, 246 between
OCDall and OCDmed, 169 between OCDmed and OCDunmed; of these, 165
genes were common across all three groups. To probe potential con-
tributors to the differences in gene cross-loading significance patterns
across OCD groups, we performed a leave-one-out analysis, re-running
the CCA after excluding each case to assess their individual influence
on each gene’s cross-loading, defined as the relative change in its
absolute value from the full-sample value. Individual influence was
more variable in OCDmed (and consequently OCDall) than in OCDunmed

(Supplementary Fig. 26), possibly reflecting greater heterogeneity
from unmeasured clinical factors (e.g., treatment regimen, comor-
bidities) among medicated cases, which could introduce spatial
structure into surrogate maps, broadening null distributions and
reducing statistical power (Supplementary Fig. 27).

Probing the biological signatures of brain structure disruption
We next used enrichment analysis to assess whether specific cell types
andpreviously reported genetic findings inOCDare represented in the
brain-wide transcriptomic patterns underlying OCD-related structural
alterations that were identified by our CCAmodels. Enrichment scores
were computed as the average cross-loadings for genes within func-
tionally defined gene sets. Statistical significance was assessed by
recalculating enrichment scores using the surrogate brain maps,
ensuring consistency with the null hypothesis used in the CCA
(Methods).

We investigated enrichment for prenatal and postnatal cell types
using data from psychENCODE I & II (Methods)46,47. For prenatal cell
types, we observed significant enrichment for excitatory neurons in
OCDall and OCDunmed; a similar enrichment in OCDmed did not remain
significant after FDR correction (Fig. 7a). For postnatal cell types, there
was significant enrichment for excitatory neurons across all OCD
groups (Fig. 7b). These results implicate dysregulation of excitatory
neurons in the structural brain disruptions observed in OCD.

Finally, we assessed the enrichment of genes previously impli-
cated inOCD to gauge the concordance between our CCA analysis and

established transcriptomic and genetic associations. First, we con-
ducted a differential expression analysis of in vivo dorsolateral pre-
frontal cortex tissue collected during deep brain stimulation
implantation surgery, using four samples from three OCD cases
and six from four neurological controls (“Methods”). This analysis
identified 478 upregulated and 153 downregulated genes inOCD cases
(p-valueFDR < 0.05) (Fig. 7c). Down-regulated genes showed significant
enrichment in the CCA models for OCDall, OCDunmed, and
OCDmed (Fig. 7d).

Next, we assessed enrichment for previously reported up- and
downregulated genes from postmortem differential expression stu-
dies in OCD (Piantadosi et al.48 and Lisboa et al.49), and from the largest
OCD genome-wide association study (GWAS) to date50. In the caudate,
downregulated genes from both studies showed significant enrich-
ment across OCD groups. In the nucleus accumbens, upregulated
genes from Piantadosi et al. and downregulated genes from Lisboa
et al. showed significant enrichment in OCDunmed; upregulated genes
from Lisboa et al. showed significant enrichment in OCDmed; and
enrichment was not significant for OCDall after FDR correction. In the
putamen (Lisboa et al.), no significant enrichment was found in any
group. Finally, GWAS-derived likely causal candidate genes showed
nominally significant enrichment in OCDunmed, though this did not
survive FDR correction; no relationship was found in OCDmed or
OCDall.

Taken together, these results indicate substantial concordance
between genetic findings in OCD and the transcriptomic associations
identified by the CCA models.

Discussion
We show that cortical and subcortical morphological variation in OCD
manifests differently across a range of neuroimaging phenotypes.
Case-control differences in these phenotypes show distinct spatial
distributions, functional signatures, and sensitivity to medication sta-
tus, suggesting that they reflect different aspects of pathophysiology.
A subset of phenotypes is robustly linked to spatial gene expression
patterns reflecting differential-expression signatures of OCD. These
findings support a shift toward comprehensive neuroimaging analyses
that probe the complexity of brain morphology and its alterations in
psychopathology.

Cortical surface area, thickness, and volume showed broad
reductions in medicated cases, but only limited alterations in
unmedicated cases (Fig. 2). This recapitulates previous findings in
both OCD and other disorders10,11. Medication status appears to be a
marker of a distinct patient subgroup whose more profound brain
alterations could reflect clinical factors correlated with medication
use, such as symptom severity, comorbidity, or duration of illness,
in addition to medication use itself. Indeed, medicated patients had
on average longer illness duration than unmedicated patients
(Supplementary Fig. 5). Sensitivity analysis further indicated that,
while medication status explained more variance than other
clinical variables in cortical surface area, thickness, and
volume, this pattern was not consistent across all regions (Supple-
mentary Figs. 13–17). In addition, medication status masked puta-
tively important diagnostic effects: functional contextualization
of cortical thickness revealed convergence within the orbito-
affective network, which is central to many models of OCD
pathophysiology32, only in unmedicated cases.

Subcortical surface area, radial distance, and volume also showed
widespread reductions in medicated OCD cases (Fig. 2, Fig. 3c and
Supplementary Figs. 7–10). No volume differences in whole structures
were detected in unmedicated cases, consistent with prior studies11.
However, in unmedicated cases, vertex-wise phenotypes revealed
localized subcortical alterations. These were more extensive in the
right caudate, with additional localized, often asymmetric, changes in
other structures. Considering the well-established subcortical
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involvement inOCD4,7, thesefindings suggest that itmay localize to the
subregional rather than whole-structure level.

Four curvature measures and sulcal depth, structural pheno-
types not previously examined in OCD, were used to assess cortical
folding. Folding is an evolutionarily conserved strategy for accom-
modating an expanded cortex within the skull while minimizing
wiring and optimizing the clustering of interconnected regions51,52. It
emerges from tightly regulated genetic programs interacting with
biomechanical forces and environmental cues, producing stereo-
typed gyral–sulcal patterns that can predict cytoarchitectonic
boundaries, such as Brodmann areas, with millimeter accuracy53.
Cortical folding has been investigated in psychiatric disorders, but
most studies have had moderate sample sizes, with early findings in
schizophrenia, autism, and major depression suggesting that subtle
alterations may contribute to pathophysiology54. Our large-scale
study identified localized curvature and sulcal depth abnormalities in
OCD (Fig. 2); of note, these effects were less affected by medication
status, suggesting that they relate to core OCD processes. Functional

mapping showed that these alterations converged on canonical OCD
networks: the default mode, whose overactive self-referential pro-
cessing fuels intrusive thoughts; frontoparietal, where reduced top-
down control impairs cognitive flexibility; orbito-affective, where
altered valuation biases threat and error appraisal; cingulo-oper-
cular, whose heightened performance monitoring sustains not-just-
right experiences; and dorsal attention, where impaired external
reorienting traps cognition in internal loops (Fig. 5)32–38. Since cor-
tical folding develops prenatally and in early infancy and remains
relatively stable thereafter51,52,55, the mapping of folding alterations
onto these networks suggests their dysfunction in OCD may have
neurodevelopmental origins. This aligns with genetic and epide-
miological evidence implicating abnormal neurodevelopment in
OCD56,57. However, the cross-sectional nature of this study precludes
definitive conclusions as to when these alterations emerged, which
warrants investigation in future studies.

Structural similarity networks quantify morphological similarity
between brain regions by integratingmultipleMRI features into single-

Fig. 7 | Enrichment analyses for cell-type signatures across neurodevelopment
and OCD-related differential expression. a, b stem plots showing enrichment
analysis for gene sets derived from prenatal (a) and postnatal (b) cell-type
expression profiles. c volcano plot illustrating genes differentially expressed in
OCD identified in dorsolateral prefrontal cortex tissue obtained during deep brain
stimulation neurosurgery, with 4 samples from 3 OCD cases and 6 samples from 4
neurological controls. Differential gene expression (DGE) was assessed using linear
mixed-effects models with empirical Bayes moderation, adjusted for age, sex, RIN,
and one surrogate variable, with subject as a random effect. The x-axis shows log₂
fold change (logFC). P-values for differential expression were FDR-corrected for
multiple comparisons across genes. Genes significantly upregulated or down-
regulated after FDR correction are displayed inbrighter colors, while the remaining
genes appear muted. d stem plot depicting enrichment analysis for gene sets
comprising differentially expressed genes from intraoperative dorsolateral pre-
frontal cortex tissue in OCD, differentially expressed genes reported in prior
postmortem studies48,49, and causal candidate genes from a recent GWAS50. Across

all enrichment analyses (a,b,d), statistical significancewas assessedwithin theCCA
inference framework: regional linear models estimating case–control effects were
synchronously permuted to generate surrogate case-control brain maps, from
which null distributions of CCA-derived enrichment scores were computed.
Observed enrichment scores were then compared against these null distributions
by absolutemagnitude.P-valueswere adjusted formultiple comparisons using FDR
across gene sets and OCD groups. In stem plots, bars represent −log(FDR) values
for each gene set. A double asterisk (**) corresponds to p-valueFDR < 0.05; a single
asterisk (*) corresponds to p-valueuncorrected < 0.05. Results are shown for OCDall

(purple), OCDunmed (green), and OCDmed (pink). Astro, astrocyte; Endo, endothelial
cell; ExN, excitatory neuron; InN, inhibitory neuron; IPC, intermediate progenitor
cell; NEPRGC, non-epithelial progenitor radial glial cell; NasN, nascent neuron;
Oligo, oligodendrocyte; Pericyte, pericyte; Microglia, microglial cell; OPC, oligo-
dendrocyte progenitor cell; Immune, immune cell; VSMC, vascular smooth muscle
cell. Source data are provided as a Source Data file.
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subject connectomes16. Among these, the MIND network is well vali-
dated, aligning with cortical cytoarchitecture, gene co-expression, and
tract-tracing measures of axonal connectivity16. Moreover, node
degree in structural similarity networks has been shown to predict
age16 and intelligence58 and is disrupted in conditions such as
schizophrenia59, major depression60, and chromosomal disorders61.
Here, we applied MIND to OCD. The original MIND network excludes
the subcortex; we overcame this by developing the scMIND network,
which incorporates vertex-wise measures from the ENIGMA shape
analysis pipeline. In bothunmedicated andmedicated cases,MINDand
scMIND node degree showed localized increases (Fig. 2) that func-
tionally mapped to sensorimotor networks (Fig. 5). Although histori-
cally under-explored inOCD, sensorimotor dysfunction relates to core
clinical phenomena: aversive sensory experiences and dominance of
habits over goal-directed control. Indeed, the largestOCD resting-state
mega-analysis reported pervasive global hypoconnectivity that was
most pronounced within the sensorimotor network39. Because MIND
and scMIND index inter-regional similarity, elevated node degree
indicates that a region is less differentiated from the rest of the cortex.
Recent work shows modest and developmentally decreasing coupling
between structural similarity and functional connectivity. This has
been interpreted as indicating thatmaturation yields greater structural
differentiation (i.e., lower structural similarity) alongside stronger
functional interactions over the course of development62. The
increased structural similarity (reduced differentiation) of the sen-
sorimotor cortex in OCD may reflect atypical maturation that con-
tributes to functional dysconnectivity, which may impair functions
normally supported by mature sensorimotor cortices, such as the
modulation of aversive sensory experiences and of habit formation.

We examined brain-behavior associations between neuroimaging
phenotypes and clinical characteristics of OCD using predictive mod-
els (Fig. 4). We constructed two categories of models: cross-region
models, inwhich the predictorswere each structural phenotype across
regions; and cross-phenotype models, in which the predictors were
each brain region across structural phenotypes. In cortical cross-
region models, the best-performing neuroimaging phenotypes varied
across clinical characteristics; however, cortical curvature phenotypes
consistently ranked among them, suggesting that folding captures
clinically relevant variance in OCD. Prior studies have shown that
gyrification alterations are related to age of onset in OCD63, and our
findings extend this by suggesting that folding may relate to clinical
features in addition to symptom onset. Cortical cross-phenotype
models revealed a range of regional mappings to clinical character-
istics. Symptom severity mapped primarily to sensorimotor cortices
and additionally to distributed cortical regions, particularly in unme-
dicated patients. This distributed pattern may reflect our use of
aggregate severity scores; prior studies using dimension-specific
scores found more localized mappings that varied by dimension but
generally overlapped with those observed here64. Illness duration
mappedmainly to frontal, parietal, and cingulate cortices, especially in
medicated patients, partially aligning with regions whose node cen-
trality correlated with illness duration in a large-scale structural cov-
ariance study of OCD65. Depression comorbidity mapped to relatively
few regions, while anxiety comorbidity mapped more consistently to
frontal areas, a pattern not observed in prior large-scale structural
studies of anxiety66. This may reflect a distinct signature of anxiety
comorbidity in the context of OCD, though this divergence may also
reflect differences in analytic approach or differing definitions of
anxiety between this and prior studies.

Cross-region models were largely non-significant for subcortical
structures, whereas several individual regions reached significance in
cross-phenotype models; in the cortex, both cross-region and cross-
phenotype approaches yielded significant predictions. This discrepancy
may reflect distributed, directionally consistent cortical effects that
ridge regression leverages effectively across regions, contrasted with

more focal, directionally inconsistent subcortical effects that are diluted
when modeled jointly across structures but preserved in structure-
specific models. In subcortical cross-phenotype models, thalamus, cau-
date, putamen, and hippocampus most prominently predicted clinical
characteristics, with many associations found only in one hemisphere.
This is consistent with their roles in distinct aspects of OCD: the thala-
mus in cortico-striato-thalamo-cortical loops implicated in compulsivity,
the caudate and putamen in frontostriatal gating and habit formation,
and the hippocampus in contextualmemory and fear4,67,68. The observed
lateralization aligns with prior asymmetry findings in OCD69.

We used CCA to link structural brain alterations in OCD to nor-
mative gene expression patterns (Fig. 6). Since brain structure and
OCD are heritable and genetically associated through pleiotropic
variants56,67,70, this analysis assessed whether their association also has
transcriptional underpinnings. To ensure robust associations, we used
split-half cross-validation to identify neuroimaging phenotypes with
generalizable and stable associations to AHBA-derived transcriptional
components. MIND node degree and mean curvature were con-
sistently selected regardless of medication status, suggesting they
capture fundamental links between structural brain alterations in OCD
and gene expression. This is consistent with evidence that structural
similarity tracks inter-areal gene co-expression and that cortical fold-
ing is genetically regulated16,51. Using these phenotypes, we fit CCA in
the full sample and applied the well-validated Freedman–Lane per-
mutation procedure71,72 adapted for spatial association testing. This
revealed a single significant multivariate axis linking structural altera-
tions in OCD to gene expression, indicating a transcriptional substrate
for these alterations.

We next assessed variable-level associations using cross-loadings,
the correlations between each variable and the opposite-side canoni-
cal variable. Cross-loadings indicate which variables exhibit salient
associations beyond their contribution to the multivariate CCA com-
bination. In unmedicated cases, MIND node degree showed a slightly
larger cross-loading than mean curvature and reached nominal sig-
nificance. In addition, many genes showed significant cross-loadings,
indicating a broad anddistributed transcriptional signature underlying
structural alterations. Conversely, the CCA models for medicated
patients and for all patients exhibited different cross-loading statistical
significance patterns. Medication status altered the correlation struc-
ture of regional case–control differences among neuroimaging phe-
notypes (Fig. 3a), which may have similarly shifted their correlations
with the gene-expression canonical variable, amplifying cross-loadings
with MIND. At the individual level, medicated cases may be more
clinically heterogeneous in ways not captured by available data (e.g.,
treatment regimens). In spatial association testing, even attenuated
effects from unmodeled variability may carry spatial structure across
regions that broadens null distributions (Supplementary Fig. 27),
reducing statistical power. This could explain the fewer significant
gene cross-loadings in medicated (and consequently all) cases. Con-
sistently, we observed greater variability in individual-level contribu-
tions to gene cross-loadings among medicated compared to
unmedicated cases (Supplementary Fig. 26). These findings under-
score that clinical factors, frequently overlooked in spatial association
studies, can substantially influence observed relationships; future
work with more granular clinical data are needed to disentangle this
influence.

Enrichment analyses of CCA-derived transcriptomic signatures
revealed distinct signals from excitatory neurons across both prenatal
and postnatal periods (Fig. 7). Several lines of evidence implicate
excitatory neurons in the pathophysiology of OCD: genome-wide
studies have identified risk variants in genes related to excitatory
synapses50; in animal models, altering excitatory cortico-striatal input
(via Sapap3 or Slitrk5 knockouts) drives compulsive grooming that
resolveswhen excitatory input is normalized73,74; andMRspectroscopy
at 7 T demonstrates elevated glutamate in frontal cortex in OCD75. The
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implication of prenatal gene expression from excitatory neurons,
especially in unmedicated patients, suggests disruptions in these cells
early in neurodevelopment. The more significant enrichment for
postnatal excitatory neuron signatures in medicated patients suggests
that structural alterations associated with medication status may also
involve these cells.

To contextualize the spatial associations identified by CCA within
OCD genetics, we assessed contributions from genes differentially
expressed in OCD using in vivo dorsolateral prefrontal cortex tissue
collected intraoperatively from patients and neurological controls
undergoing deep brain stimulation. Genes down-regulated showed
significant contributions to the spatial associations (Fig. 7). Differen-
tially expressed genes in postmortem caudate and nucleus accumbens
tissue, reported in previous studies48,49, also contributed. These results
corroborate the transcriptomic signatures identified by CCA. Enrich-
ment of OCD risk genes identified in the largest GWAS to date50 was
only nominally significant in unmedicated patients. This attenuated
enrichment may reflect the fact that GWAS-identified genes to date
represent only a fraction of OCD-associated variants, estimated to
exceed 11,00050. Clarifying the mechanistic links between common
genetic variants, gene expression, and structural alterations will
require future studies that combine individual-level genomic, tran-
scriptomic, and neuroimaging data.

This study had limitations. First, neuroimaging samples were
collected without harmonized acquisition protocols, contributing to
data heterogeneity. To address this, we used NeuroCombat26 for har-
monization and adjusted for varying scan quality using the Euler
number27; we found similar results when using linear mixed-effects
models for harmonization (Supplementary Figs. 18–20). Second,
medication status was a binary variable on the day of the scan, but
details of dosage, duration, specific medications, and usage history
thatwould provide greater granularity for assessingmedication effects
were not available. Third, our machine learning analyses used clinical
measures that similarly lacked granularity, which could have limited
the performance of machine learning models. Among these variables,
onset was categorized as early or late rather than using specific ages,
and anxiety and depression were binary variables rather than con-
tinuous measures of symptom severity. Fourth, in the functional
contextualization analyses, subcortical regions were assigned to
functional networks if any voxel within the region was associated with
a network. Thiswas necessary to align voxel-level network assignments
from the Cole-Anticevic atlas30 with the vertex- or region-level reso-
lution of the subcortical phenotypes in this study. Fifth, the AHBA
dataset used in the CCA includes data from only six healthy donors,
with reduced variability in sex (five males and one female), ethnicity,
cause of death, and postmortem interval; this limits the representa-
tiveness of its gene expression measures. We mitigated this limitation
by focusing on the three transcriptional components with the highest
reproducibility across donors and across independent gene expres-
sion datasets. Nonetheless, validationwill ultimately require additional
transcriptomic datasets based on larger and more demographically
diverse samples. In addition, given the descriptive nature of the CCA,
these findings should be interpreted primarily as reflecting spatial
correspondence between structural alterations and normative gene
expression gradients, rather than as direct evidence of transcriptomic
or cellular mechanisms underlying the structural alterations observed
inOCD, whichwill require further investigation in future studies. Sixth,
the sample size for our in vivo gene expression analysis in OCD was
limited, thereby reducing statistical power.We are actively working on
increasing the sample size of this important dataset for future studies.
Finally, this structural neuroimaging study primarily provides a
descriptive characterization of the structural correlates of OCD.
Although we used several complementary approaches to probe
potential functional and biological underpinnings, these analyses are
primarily hypothesis-generating. Future studies integrating additional

and complementary neuroimaging and genetic modalities will be
required to confirm and further elucidate the potential relationships
suggested here between structural alterations and their functional and
biological correlates.

Ultimately, we expect that probing expanded neuroimaging
phenotypes, as well as developing novel ones, in structural and other
neuroimaging modalities, will advance the deciphering of the enigma
of mental illness and cognitive-behavioral traits.

Methods
Participants and clinical characterization
This study included 47 datasets from 26 international sites partici-
pating in the ENIGMA-OCD. Each dataset contained demographic,
clinical, and structural neuroimaging data from OCD cases and neu-
rotypical controls. Biological sex was available from the demographic
records provided by each site; gender was not systematically collected
and was not analyzed. Detailed demographic and clinical information
for each dataset are provided in Supplementary Tables 1 and 2–7,
respectively. We initially considered data from 4554 participants. After
excluding 35 participants due to poor preprocessing results (Quality
Control), our final sample consisted of 2255 OCD cases and 2264
healthy controls. All local institutional review boards approved the use
of anonymized data for this analysis. Participant compensation, when
provided, was determined locally at each contributing site. Impor-
tantly, participating sites shared only preprocessed neuroimaging
results, not raw neuroimaging data.

Diagnoses of psychiatric disorders, including OCD and comorbid
conditions, were made according to DSM-IV(-TR) or DSM-5 criteria in
structured interviews. Medication status (unmedicated vs medicated)
was determined based onmedication use at the time of the scan. OCD
severity was measured using the Yale-Brown Obsessive Compulsive
Scale (Y-BOCS) for adults and the Children’s Y-BOCS for younger
participants76–78. OCD onset was classified as early if it occurred before
age 18, and late if it began at 18 or older. OCD illness duration was
measured in years since diagnosis. Comorbid depression was defined
as the current presence of major depressive disorder, and comorbid
anxiety was defined by the current presence of any anxiety disorder.

MRI acquisition and preprocessing
T1-weighted (T1w)MRI data were acquired using 1.5 or 3 tesla scanners
andwere preprocessed locally using a containerizedpipeline thatfixed
the software environment across sites to ensure consistency across
local environments. The acquisition parameters for each sample are
provided in Supplementary Table 8. MRI scans underwent standard
preprocessing using recon-all from FreeSurfer versions 7.1.1, 7.2, or
7.3.279, which are documented to produce identical results when using
default settings, as used in this study. Preprocessing steps included
non-uniformity correction, skull stripping, segmentation of tissue and
subcortical structures, and cortical surface reconstruction. In addition,
the ENIGMA Shape Analysis pipeline22–24 was used to estimate surface
meshes for seven bilateral subcortical structures: amygdala, cau-
date nucleus, hippocampus, nucleus accumbens, pallidum, putamen,
and thalamus. This pipeline computes surface meshes from the
boundaries of the subcortical structure segmentations generated by
FreeSurfer. These meshes are then registered to a pre-computed
average template by first aligning themean andGaussian curvatures to
the template, followed by a refinement step that aligns the medial
curve of each structure to the template.

Quality control
Quality control was performed to ensure high-quality neuroimaging
data and minimize the impact of scan quality variability on analyses.
Our preprocessing pipeline produced comprehensive visual reports
that included snapshots of surface reconstructions and volume seg-
mentations generated by FreeSurfer overlaid on MRI images in axial,
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coronal, and sagittal views across several slices. The reports also
included similar snapshots and 3D renderings of subcortical surfaces
derived using the ENIGMA Shape Analysis pipeline. These visual
reports were reviewed by a neuroimaging expert at the coordinating
site (YaleUniversity) upon receipt ofneuroimagingdata preprocessing
results. In addition, scans with an Euler number lower than twomedian
absolute deviations (MAD) from the dataset-specific median were re-
examined. Scans showing substantial abnormalities, inaccurate seg-
mentation or surface estimation for cortical and subcortical regions
were excluded from further analysis. Finally, the Euler number was
included as a covariate in all analyses to control for variability in scan
quality27.

Structural neuroimaging phenotypes
Nine structural neuroimaging phenotypes were estimated for cortical
regions and four for subcortical structures, including thalamus,
amygdala, caudate nucleus, putamen, nucleus accumbens, hippo-
campus, and globus pallidus. For each cortical region, eight structural
phenotypes (the ninth is described below) were derived from Free-
Surfer’s recon-all pipeline: surface area, thickness, graymatter volume,
Gaussian curvature, mean curvature, curvature index, folding index,
and sulcaldepth. Volumewasalsoderived for subcortical structures. In
addition, two vertex-wise measures, the logarithm of the Jacobian
determinant and radial distance, were computed for subcortical
regions as part of the ENIGMA Shape Analysis pipeline. The Jacobian
determinant represents the surface dilation ratio between the sub-
cortical structure and a template at a corresponding vertex, serving as
a proxy for surface area. The radial distance represents the distance
between a vertex on the surface of the subcortical structure and its
medial curve (i.e., the curve that passes through the center of a three-
dimensional structure).

We estimated two networks measuring pairwise structural simi-
larity across regions for each participant. The morphometric inverse
divergence (MIND) networks were estimated as in Sebenius et al.25, by
calculating the inverse of the multivariate Kullback–Leibler (KL)
divergence between the standardized vertex-wise measures of two
regions. Briefly, given regions a and b, with vertices Va and Vb, and
corresponding multivariate distributions Pa and Pb over vertex-wise
morphometric feature vectors, theKL divergencebetween Pa and Pb is
estimated using the k-nearest neighbor divergence approximation by
Perez-Cruz80:

D̂KL PajjPb

� �
= � d

n

Xn

i = 1

log
rk xi

� �

sk xi

� � + log
m

n� 1
ð1Þ

where d is the number of structural features, n is the number of ver-
tices in Va, and m is the number of vertices in Vb. For each vertex xi,
rkðxiÞ is the distance to its k-th nearest neighbor in Va (excluding xi),
and skðxiÞ is the distance to its k-th nearest neighbor inVb. Themethod
uses k = 1 and leverages k-d trees to efficiently compute nearest
neighbors.

Because KL divergence is asymmetric, and to avoid potential
negative estimates, a symmetric version is defined as:
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Finally, the MIND similarity metric is computed as:

MIND=
1
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For computing the MIND network for each participant, standar-
dized vertex-wisemeasures of surface area, cortical thickness, volume,
mean curvature, and sulcal depth were used16. Filtering to remove

vertices with null values was not applied, thereby enabling consistent
analyses across this and other neuroimaging phenotypes.

Furthermore, we used the same similarity measure to standar-
dized vertex-wise measures of the logarithm of the Jacobian determi-
nant and radial distance from the ENIGMA Shape Analysis pipeline to
estimate structural similarity between subcortical regions, naming the
resulting network the subcortical MIND (scMIND).

Univariate statistical analyses
Linear modeling of case-control differences in regional neuroima-
ging phenotypes. Linear regression models were used to compare
neuroimaging phenotypes between OCD cases and controls in each
brain region. Subcortical surface area (log-Jacobian determinant) and
radial distancewere compared at each vertex, consistentwith previous
studies81–85. Neuroimaging data were first harmonized across datasets
with NeuroCombat26, preserving the effects of diagnosis, age, and sex.
In each model, the dependent variable represented the neuroimaging
phenotype of a brain region, while the independent variables were
diagnosis (OCD vs. control), age, sex, Euler number, and total intra-
cranial volume. Total intracranial volumewas included in all models to
maintain a consistent covariate structure and improve comparability
of results across neuroimaging phenotypes. We tested the single
contrast for the main effect of OCD, yielding one scalar Cohen’s
d effect size for each model. Cohen’s d was obtained using the fol-
lowing expression:
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where C is a r × s full-rank matrix of s contrasts, ψ is a r × 1 vector of
regression coefficients, ϵ is the N × 1 vector of residuals, M is the full-
rank N × r design matrix that includes all effects of interest in addition
to all modeled covariate effects. The denominator term corresponds
to the standard deviation of model residuals.

Permutation inference for linear models. The Freedman-Lane pro-
cedure is a robust and flexible approach for permutation testing in
linearmodels. It is particularly effective in scenarios involving nuisance
variables (i.e., covariates), as it disrupts the relationship between the
response variable and predictors of interest while preserving the
relationship with nuisance variables. This method has been shown to
provide strong control over type I error rates while maintaining sta-
tistical power72.

The procedure begins by fitting a full model that includes both
the predictors of interest and the nuisance variables, estimating the
statistic of interest from the model coefficients. To construct per-
mutation distributions for the statistic of interest while preserving
the effects of nuisance variables, the procedure first fits a model
using only the nuisance variables. It then generates permuted
response variables by combining the non-permuted fitted values
and permuted residuals from the nuisance-only model. The fitted
values represent the variance explained by the nuisance vari-
ables and are not permuted to preserve their relationship with the
response variable. The residuals represent the variance not
explained by the nuisance variables, that is left to be accounted for
by the predictors of interest, and are therefore permuted to break
the relationship between the response variable and predictors of
interest. These permuted response variables are then used to refit
the full model multiple times, building a null distribution for the
statistic of interest.

Formally, the Freedman-Lane method can be expressed as:

PRz + Hz

� �
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Where P is a N ×N permutation matrix, Rz = I�Hz is the residual-
forming matrix for the nuisance-only model, Hz =ZðZ+ Þ is the
projection (or hat) matrix for the nuisance-only model, with the
superscript (+) representing the Moore–Penrose pseudo-inverse. Y is
the N×1 vector of observed data, X is a N × r matrix of predictors of
interest, β is the r × 1 vector of regression coefficients for predictors of
interest, Z is an N × smatrix of nuisance variables, γ is an s × 1 vector of
regression coefficients for nuisance variables, and ϵ is the N × 1 vector
of residuals. In the unpermuted case, P equals the identity matrix,
making the left-hand term reduce to Y.

Combining regional results with non-parametric combination
To assess the convergence of alterations across neuroimaging phe-
notypes within regions or vertices, and to map alterations in each
phenotype onto functional networks, we combined p-values for
case–control differences from region- or vertex-wise univariate linear
models using non-parametric combination31. Specifically, p-values
from linearmodelswere combinedusing Fisher’smethod,whichyields
a single statistic that summarizes evidence against the null. Statistical
significance was assessed using synchronized Freedman–Lane per-
mutations applied to the set of linear models being combined, which
preserves their dependence structure across permutations and
ensures valid inference for the combined statistic.

Machine learning models for exploring brain-behavior
associations
We used machine learning to examine whether structural neuroima-
ging phenotypes can predict clinical characteristics in OCD cases. For
continuous outcomes, ridge regression was used, while logistic ridge
regression was applied to dichotomous outcomes. Model perfor-
mance was evaluated using 5-fold, 10-times repeated nested cross-
validation, where the inner folds optimized regularization and the
outer folds assessedmodel performance86. Specifically, the inner folds
tuned the strength of L2 regularization in ridge and logistic regression
models, with hyperparameters optimized over a log-spaced grid ran-
ging from 10⁻⁴ to 10⁴. This design ensures independent tuning of
hyperparameters and evaluation of performance, thus avoiding over-
fitting. To avoid data leakage, harmonization and standardization of
regional structural phenotypes were calculated using the training data
and then applied to both the training and test sets87. Furthermore, to
ensure that the detected associations were not influenced by covari-
ates, we used linear models to estimate the effects of age, sex, Euler
number, and total intracranial volume in the training dataset and then
regressed out these effects from both the training and test datasets88.
For vertex-wise neuroimaging phenotypes, we selected the top 1 per-
centile of predictors based on their highest F-statistic of association
with the outcome measure at the start of each training fold, applying
this selection to both the training and test sets to keep the number of
predictors manageable. Model performance was assessed using Pear-
son correlation for continuous variables and Matthews correlation
coefficient for dichotomous variables, as the latter is particularly
effective for classification tasks with unbalanced classes89. Using cor-
relation metrics for both models ensured consistency in performance
comparability across continuous and dichotomous outcomes.

Permutation inference for machine learning
Permutation testing was used to assess the statistical significance of
machine learning predictions90. In all machine learning models, the
outcome variables were permuted before cross-validation, and the
entire cross-validation procedure was repeated for the permuted case
in exactly the same way as for the unpermuted case, avoiding viola-
tions of exchangeability.

To permute continuous outcome variables, the Freedman-Lane
methodwas applied. In thismethod, a linearmodelwas used topredict
the outcome variable based solely on the covariates. A permuted

outcome variable was then generated by adding the predicted values
from this model to the permuted residuals. This method ensured the
disruption of the relationship between the outcome and predictors
while maintaining the association with covariates.

For binary outcome variables, the Manly method91 was used. This
method involves directly permuting the outcome variable. Formally,
the logistic model fitted to the permuted outcome can be expressed
as:

PrððPYÞi = 1jXi,ZiÞ=
1

1+ e�ðXiβ+ZiγÞ
ð6Þ

where Pr denotes probability, i indexes a vector element ormatrix row
corresponding to a single participant/observation, P is a N ×N per-
mutation matrix, Y is the N × 1 vector of observed data, X is a N × r
matrix of predictors of interest, β is the r × 1 vector of regression
coefficients for predictors of interest, Z is an N × s matrix of nuisance
variables, and γ is an s × 1 vector of regression coefficients for nuisance
variables. In the unpermuted case, P equals the identity matrix, so
ðPYÞi reduces to Yi.

Allen Human Brain Atlas preprocessing
The Allen Human Brain Atlas (AHBA) contains gene expression data
from 3702 brain samples inMNI space, collected from six postmortem
brains (5 male, 1 female; mean age = 42.5)40. We preprocessed the
AHBA data following the standardized pipeline by Dear et al.41, which
yields three transcriptional components generalizable across donors
and other datasets. As data from the right hemisphere is only available
for two brains, the estimation of these components is restricted to the
left hemisphere. We focused our analysis on the HCP-MMP parcella-
tion, as it was the primary parcellation used to validate the pipeline.

Briefly, preprocessing of the AHBA data was conducted using the
abagen package92, which included filtering for cortical samples, mir-
roring right hemisphere samples from two brains to the left hemi-
sphere to improve coverage, and removing probes that did not exceed
background noise in at least 50% of samples. The remaining probes
were aggregated to the gene level by selecting the most stable probe
based on differential stability across donors. Sample locations were
matched tobrain regionswithin a 2mmtoleranceusing the voxel-mass
algorithm from abagen. Using the scaled robust sigmoid method,
samples were first normalized across all genes, followed by gene nor-
malization across all samples, before aggregating gene expression
across donors.

Following preprocessing, geneswere filtered based ondifferential
stability, keeping the top 50% of genes based on average correlation of
expression vectors across donors. Regions were also filtered to retain
those sampled in at least three donors, resulting in 137 of the 180HCP-
MMP left hemisphere regions. Finally, dimension reduction was per-
formed with diffusion map embedding93, using a normalized cosine
kernel without sparsity, withα set to 1. Thefirst three componentswith
the highest concordance across donors were retained, as in Dear
et al.41.

Canonical correlation analysis
To spatially associate brain structure disruptions inOCDwith the three
transcriptional components derived from the AHBA, we used CCA as
implemented in Winkler et al.94. The CCA models linked two variable
sets, both using the 137 regions of the left hemisphere from the HCP-
MMPparcellation asobservations. The first set comprised case-control
brain maps, where each value represented the Cohen’s d for the main
effect of OCD on a brain region for a neuroimaging phenotype, as
estimated from linear models. The second set consisted of the three
transcriptional components, with each value reflecting the score of a
region for a given component. CCA was estimated via QR decom-
position of the input matrices, followed by singular value
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decomposition of the inner product of the resulting orthogonal
matrices. Canonical (i.e., latent) variables for each setwereobtainedby
multiplying the canonical weights with the original variables. Cross-
loadings were calculated as the Pearson correlation between each
original variable and the canonical variable from the opposite set.

To ensure the robustness and stability of the CCA models and to
rigorously evaluate statistical significance, we implemented two
methodological frameworks, detailed below.

Feature selection for maximal generalizability and stability. To
select the neuroimaging phenotypes to include in the CCA models
while avoiding overfitting and ensuring stability, we employed a split-
half cross-validation approach. OCD cases and controls were evenly
divided into training and test sets,maintaining theproportion of cases,
controls, and datasets in each split. Neuroimaging data harmonization
was estimated using the training set and applied to both the training
and test sets. Linear models were used within each set to calculate
Cohen’s d for case-control differences across regions for each neu-
roimagingphenotype. ACCAmodel linking case-control differences to
the AHBA components was estimated using the training set and sub-
sequently used to project the test set case-control differences and
compute the first canonical correlation with the AHBA components.
The processwas repeated after swapping the training and test sets and
performed 25 times, resulting in a total of 50 iterations. General-
izability of associations was assessed by averaging the first out-of-
sample canonical correlations across iterations, while stability was
evaluated by calculating pairwise correlations between the con-
catenated left and right weights of CCAmodels from the training sets.
Performance was determined as the average of generalizability and
stability. We repeated this procedure for all possible combinations of
neuroimaging phenotypes, selecting the one that maximized
performance.

Assessing statistical significance with surrogate brain maps from
permutations of linear models. After determining the optimal set of
neuroimaging phenotypes, we fit CCAmodels using the entire sample.
The statistical significance of spatial associations has been typically
assessed using methods such as spatial permutations (commonly
referred to as spin tests)95 or spatially parameterized models96,97.
However, these approaches rely on strong assumptions that can inflate
false positive rates43,44. To circumvent the need for these methods, we
used the Freedman-Lane procedure to generate surrogate brain maps
that preserved the original spatial relationships while removing case-
control effects. This method has been shown to adequately control
false positive rates while maintaining statistical power and has been
broadly used for linear model permutation in neuroimaging
analyses71,72; we therefore applied it to spatial association testing.
Specifically, regression models across all regions and neuroimaging
phenotypes were simultaneously permuted, generating surrogate
case-control brain maps that maintained spatial relationships while
removing case-control differences. These surrogate maps were then
used to assess the statistical significance of canonical correlations and
cross-loadings.

Differential expression analysis in the in vivo OCD brain
Ethics. This study was approved by the Research Ethics Committee of
the University of Sao Paulo School of Medicine and the Brazilian
National Commission of Research Ethics (CAAE:32400620.7.0000.0068
and 14675413.9.0000.0068). All participants provided written informed
consent for sample collection and RNA sequencing. Participants
received compensation in accordance with local institutional
procedures.

Participants. In vivo brain samples were collected during procedures
for deep brain stimulation (DBS) electrode implantation at the

University of Sao Paulo School of Medicine. These comprised 4 sam-
ples from three OCD cases and 6 from four neurological controls,
including two individuals with dystonia and two with Parkinson’s dis-
ease. Psychiatric diagnoses for all participants were determined by a
trained clinician using the SCID-IV. Neurological controls had no cur-
rent, past, or family history of OCD. All participants were adults (aged
over 18 years). Biological sex was recorded for all participants during
clinical interviews; gender was not collected for this study. Detailed
demographic characteristics of the participants are provided in Sup-
plementary Table 9. DBS was indicated based on standard criteria for
each condition6,98,99.

All participants have been regularly monitored since the proce-
dure for tissue collection, andno adverse events related to it have been
observed.

Tissue collection and RNA extraction. Standardized 0.3 cm³ samples
were collected from the dorsolateral prefrontal cortex during elec-
trode implantation. In the routine DBS procedure, this region is cau-
terized to control bleeding when a cannula is inserted to guide the
electrode to its target. For the study, a microdissector was used to
collect a sample from this region—that is, tissue that would otherwise
have been destroyed by cauterization— and then hemostatic cautery
was applied to the margins so that the cortical surface was prepared
exactly as in the standard clinical procedure. With the margins cau-
terized, the neurosurgeon placed the tissue samples directly into an
Eppendorf tube on dry ice, containing 250 µL of Allprotect Tissue
Reagent (Qiagen, Germany). The samples were then immediately
transported to the research laboratory and stored at − 20 °C for up to
7 days. RNA extraction was performed using the AllPrep RNA Mini Kit
(Qiagen, Germany), following the manufacturer’s instructions. After
RNA extraction, the samples were stored at − 80 °C.

RNA sequencing. To minimize batch effects, all samples were RNA
sequenced at the Yale Center for Genomic Analysis. Prior to sequen-
cing, RNA integrity was assessed with the 2100 BioAnalyzer System
(Agilent, SantaClara, USA). All samples hadRIN values above6.5,with a
mean RIN of 7.5. Strand-specific RNA sequencing libraries were gen-
erated following rRNA and globin depletion using the Globin-Zero
Gold kit (Illumina, San Diego, CA) according to the manufacturer’s
instructions. Libraries were sequenced on an Illumina NovaSeq 6000
System (Illumina, San Diego, CA) with 100bp paired-end reads at a
depth of approximately 105 million read pairs per sample (actual
range: 98–113 million).

Preprocessing of RNA sequencing data. All RNA sequencing data
were processed at the Icahn School of Medicine at Mount Sinai. Reads
were aligned to the GRCh38 primary assembly with Gencode v30
annotation using STAR100 (2.7.2a), followed by sorting with samtools101

(1.13) and duplicate marking with Picard Tools (2.20.1). Gene-level
quantification was performed using featureCounts102 (1.6.3). Quality
control metrics from FASTQC, featureCounts, and Picard were com-
piled and visually inspected.

Differential gene expression analysis. Differential gene expression
analysis was performed in R using edgeR103 (3.40.2),
variancePartition104 (1.28.9), sva105 (3.46.0), and limma106 (3.54.2)
packages. Transcripts were filtered to retain only Ensembl genes with
counts per million (CPM) greater than 0.1 in at least five samples,
resulting in 13,827 transcribed genes for subsequent analyses. Nor-
malization for library size was conducted using the trimmed mean of
M-values (TMM) method implemented in the calcNormFactors func-
tion from edgeR107. To prepare the data for linear modeling, the
voomWithDreamWeights function from variancePartition was used to
transform the counts to log₂(CPM+0.5) and to estimate precision
weights for each sample, accounting for heteroscedasticity in the
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count data. Surrogate variable analysis was conducted using the sva
function from the sva package on the gene expression measures to
detect hidden confounding factors, leading to the identification of one
surrogate variable. Differential gene expression analysis was then
performed using linear mixed-effects models implemented in the
dream function from variancePartition108. The models were adjusted
for age, sex, RNA integrity number (RIN), and the surrogate variable as
fixed effects, and included subject as a random effect with a random
intercept. Subsequently, the eBayes function from limma was
employed to fit an empirical Bayes model, stabilizing variance esti-
mates across genes.

Enrichment analysis
We performed enrichment analysis of the gene cross-loadings
obtained from CCA. For each gene set tested, the enrichment score
was calculated as the average cross-loading of geneswithin the set that
overlapped with the 7973 genes retained in the preprocessed AHBA
dataset. Statistical significance was assessed using surrogate case-
control brain maps. Specifically, enrichment scores were recalculated
from cross-loadings derived from these maps to generate surrogate
distributions for comparison against observed enrichment scores,
ensuring consistency with the null hypothesis used in the spatial
association analysis of CCA and cross-loadings. Gene sets for the
enrichment analysis were determined by overlapping the gene sets
detailed below with the 7973 genes available in the preprocessed
AHBA dataset.

Cell-type. To identify genes expressed by prenatal and postnatal cell
types, we used single-cell and single-nucleus gene expression data
from the PsychENCODE. A brief description of the datasets is provided
below, with additional details on data collection and preprocessing
available in the respective publications:

• Prenatal geneexpression: single-cellRNA-seqdata from9samples,
each fromadifferent individual (6males and 3 females; age range:
5 postconception weeks to 125 days), spanning 4 brain regions
(pallium, neocortex, cortical plate, and dorsal frontal cortex)46.

• Postnatal gene expression: single-nucleus RNA-seq data from
166 samples, each from a different neurotypical control (111males
and 55 females; age range: 2 to 89 + years) of diverse ancestries,
obtained from the prefrontal cortex47.

Each dataset was preprocessed to associate genes with specific
cell types. Genes with nonunique names or no expression in any cell
type were excluded. Gene expression values were log-transformed
with a pseudocount and normalized. Average cell-type-specific gene
expression values were then calculated. For each cell type, we selected
the top 10% of genes with the highest average expression levels for
enrichment analysis.

Gene expression studies of OCD. We compiled lists of genes impli-
cated in OCD by multiple genetic studies, detailed as follows:

• Differential expression analysis in in vivo brain tissue: Genes
identified as significantly differentially expressed (FDR-adjusted)
in the dorsolateral prefrontal cortex, identified in the differential
expression analysis described in the section Differential expres-
sion analysis in the in vivo OCD brain.

• Differential expression analyses in postmortem brain tissue: Differ-
ential expression analysis was conducted in two prior studies using
postmortem brain samples from OCD cases and controls. In Pian-
tadosi et al.48, samples from 7 OCD cases and 8 controls were col-
lected from the head of the caudate nucleus, the nucleus
accumbens, and the medial and lateral orbitofrontal cortices.
However, only the caudate nucleus and nucleus accumbens showed
significant differential expression (FDR-adjusted) andwere included
in the enrichment analysis. In Lisboa et al.49, samples from 6 OCD

cases and 8 controls were collected from the caudate nucleus,
nucleus accumbens, and putamen. Statistically significant (FDR-
adjusted) differential gene expression was found in all of these
regions, and these genes were included in the enrichment analysis.

This enrichment analysis tests whether genes implicated in OCD
through differential expression analyses in single brain regions also
contribute to the brain-wide transcriptional signature identified by
CCA. The former providesmore direct evidence of gene involvement in
OCD but is agnostic to macroscale brain alterations, while the latter is
linked to OCD-related structural alterations but via indirect association.
As such, this analysis bridges complementary evidence across scales.

Genome-wide association study of OCD. To assess whether genes
affected by common variants in OCD contribute to the brain-wide
transcriptomic patterns identified by CCA, we compiled the 25 puta-
tive causal genes identified in the largest genome-wide association
study of OCD to date, which included 53,660 cases and 2,044,417
controls50. These genes were prioritized using six complementary
gene-mapping approaches in that study.

Statistics and reproducibility. No statistical method was employed to
predetermine the sample size for our neuroimaging analyses because
the study analyzed previously collected data; however, our sample size
is consistent with those used in previous ENIGMA-OCD studies. No
statistical method was used to predetermine the sample size for the
differential expression analysis of in vivo brain samples; sample avail-
ability was constrained by the number of clinically indicated deep
brain stimulation procedures during the study period, and all eligible
samples were included. Permutation testing was conducted using
10,000 permutations. Multiple testing corrections were performed
using the false discovery rate (FDR) with the Benjamini-Hochberg
procedure. To compute permutation-derived p-values with high pre-
cision, making them suitable for FDR correction, we approximated the
tails of the null distribution using a generalized Pareto
distribution109,110. Specifically, this approximation was done for p-
value < 0.1, and with the unpermuted statistic excluded from the null
distribution when estimating the approximation. For CCA specifically,
given that FDR has been shown to produce inadmissible results in this
context, family-wise error correction was first applied within eachCCA
using the distribution of the maximum statistic94, followed by Bon-
ferroni correction to adjust for multiple CCAs.

To ensure the reproducibility of our results, we adopted various
validation strategies: using linear models that included interaction
terms between diagnosis and available clinical variables to support our
choice of medication status, rather than other clinical variables, for
stratifying OCD cases; comparing harmonization with NeuroCombat
to harmonization using linear mixed-effects models; leave-k-datasets-
out analysis to assess the stability of regional case-control effects; 5-
fold, 10-times repeated cross-validation for machine learning; and
split-half cross-validation for spatial CCA.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The individual-level neuroimaging and clinical data analyzed in this
study are available under controlled access. Access is controlled
because the data consist of sensitive personal information collected
under specific informed consent and local Institutional Review Board
(IRB) approval at each site. These authorize only secondary use that
has been reviewed and approved by the principal investigator of each
contributing site, subject to terms that circumscribe use of the data to
the approved analyses, prohibit data redistribution, and require
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compliance with the applicant’s local IRB. Access to the data can be
requested by contacting the ENIGMA-OCDWorkingGroup chair, Odile
van den Heuvel, at oa.vandenheuvel@amsterdamumc.nl, or the
ENIGMA Consortium principal investigator, Paul Thompson, at
pthomp@usc.edu, subject to approval by each contributing site’s
principal investigator. There are no restrictions on who may apply.
Requests are typically responded to within 2 weeks. The RNA-seq data
generated from in vivo brain tissue collected during deep brain sti-
mulation in this study have been deposited in the Gene Expression
Omnibus (GEO) database under accession code GSE328351.
Results from the regional case–control difference analyses across
neuroimaging phenotypes and the differential expression analyses of
the RNA-seq dataset are provided in a Supplementary Data file
and are also available on Figshare at https://figshare.com/s/
85ae27b391d1d0a24a7c. The Cole-Anticevic functional atlas can be
accessed at https://github.com/ColeLab/ColeAnticevicNetPartition.
Preprocessed gene expression data from the Allen Human Brain Atlas,
mapped to the HCP-MMP parcellation and including the three com-
ponents derived using diffusion map embedding, are available at
https://github.com/richardajdear/AHBA_gradients. Prenatal single-cell
RNA-seq data from PsychENCODE provided by Li et al.46 can be
accessed at http://development.psychencode.org. Postnatal single-
nucleus RNA-seqdata providedby Emani et al.47 are available at https://
brainscope.gersteinlab.org. Differential expression results based on
postmortem brain tissue (Piantadosi et al.48 and Lisboa et al.49) and
GWAS findings (Strom et al.50) are available in their respective pub-
lications. Source data are provided in this paper.

Code availability
Code implementing the methods used in this study is publicly
available at GitHub (https://github.com/csleo95/Multi-phenotype-
morphometry; archived release DOI: 10.5281/zenodo.19770466) and
as a reproducible Code Ocean capsule (https://doi.org/10.24433/CO.
7065197.v1). Code for MIND calculation using subjects processed
through FreeSurfer can be accessed at https://github.com/isebenius/
MIND. The ENIGMA Shape Analysis pipeline can be downloaded at
https://enigma.ini.usc.edu/ongoing/enigma-shape-analysis/. All ana-
lyses were performed using Python version 3.12.4 and R version 4.2.0.
Main Python packages included numpy111 (1.26.4), scikit-learn112 (1.5.1),
scipy113 (1.14.0), pandas114 (2.2.3), joblib115 (1.4.2), matplotlib116 (3.9.1),
surfplot117 (0.2.0), and pyvista118 (0.44.2).
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