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Coordinated cortical thickness alterations
across six neurodevelopmental and psychia-
tric disorders

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

Neuropsychiatric disorders are increasingly conceptualized as overlapping
spectra sharing multi-level neurobiological alterations. However, whether
transdiagnostic cortical alterations covary in a biologically meaningful way is
currently unknown. Here, we studied co-alteration networks across six neu-
rodevelopmental and psychiatric disorders, reflecting pathological structural
covariance. In 12,024 patients and 18,969 controls from the ENIGMA con-
sortium, we observed that co-alteration patterns followed normative con-
nectome organization and were anchored to prefrontal and temporal disease
epicenters. Manifold learning revealed frontal-to-temporal and sensory/lim-
bic-to-occipitoparietal transdiagnostic gradients, differentiating shared illness
effects on cortical thickness along these axes. The principal gradient aligned
with a normative cortical thickness covariance gradient and established a
transcriptomic link to cortico-cerebello-thalamic circuits. Moreover, trans-
diagnostic gradients segregated functional networks involved in basic sensory,
attentional/perceptual, and domain-general cognitive processes, and dis-
tinguished between regional cytoarchitectonic profiles. Together, our findings
indicate that shared illness effects occur in a synchronized fashion and along
multiple levels of hierarchical cortical organization.

The conceptualization of neurodevelopmental and psychiatric dis-
orders has undergone several transformations toward overlapping
spectra of psychopathology1,2 associatedwith underlying polygenicity,
neurodevelopmental etiology, and epidemiological comorbidity1,3,4.
Efforts to empirically understand their dimensional structure has
linked the general liability for mental illness to shared risk factors and
common alterations in neurodevelopmental processes, predisposing
to the clinical conditions ultimately manifested5–8. Coordinated multi-
level brain alterations across disorders may explain these phenomen-
ological overlaps and common etiology.

Big-data neuroscience initiatives such as the Enhancing NeuroI-
maging Genetics through Meta-Analysis (ENIGMA) consortium have
facilitated large-scale transdiagnostic investigations to identify shared
and disorder-specific brain alterations9. These studies consistently
report cortical thickness alterations in neurodevelopmental and psy-
chiatric disorders10–15, which serves as a proxy measure for neuronal

density, cytoarchitecture, and intracortical myelination16–18. Crucially,
previous ENIGMA findings suggest that regional morphological
alterations are not only shared between disorders19–22, but also in part
associatedwith shared genetic etiology20, regional pyramidal-cell gene
expression21, microstructure, and neurotransmitter system
organization22. While these findings highlight regional overlaps as
shared effects between disorders, the current study aims to address
inter-regional dependencies capturing coordinated transdiagnostic
patterns of illness effects. That is, differences in brainmorphology and
function observed inpsychiatric patients appear to follownetwork-like
patterns constricted by underlying connectome organization23–25.
According to the nodal stress hypothesis, highly interconnected
regions (‘hubs’) show increased susceptibility to pathological pro-
cesses due to shared metabolic alterations, spread of pathogens, or
similar gene expression profiles25,26. In addition, regional disruptions
can act as ‘disease epicenters’ by promoting pathological processes in
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areas they connect to, thus constituting anchors of network-like
alterations27. Although the role of network characteristics for cortical
alterations in psychopathology is well established25,28,29, it remains
unknownhowcross-disordermorphological alterations areembedded
in a joint co-alteration network, and whether organizational principles
shaping such a network link to underlying neurobiology.

An intuitive approach capturing inter-regional dependencies of
illness effects is structural covariance of cortical thickness alterations,
which forms cortex-wide co-alteration networks. While structural
covariance partly reflects synchronized and genetically coupled
maturation during healthy neurodevelopment30–32, consolidated atro-
phy in illness also occurs more frequently in regions with high struc-
tural covariance33,34. Moreover, inter-regional similarities in cortical
features tend to be hierarchically organized: Previous mappings of
low-dimensional cortex-wide gradients have described continua of
cytoarchitectural complexity, long- versus short-distance connectivity,
cell density, transcriptomic expression, and phylogenetic and onto-
genetic timing35–38. Such gradients (or ‘axes’) compactly summarize
covariance patterns via connectome decomposition techniques35,39,
and placebrain regionswith similar covariance profiles closer together
in a common coordinate-frame, regardless of their position on the
cortex. These axes offer insights into the global arrangements of cor-
tical features and appear to be distorted in several neuropsychiatric
conditions22,40–42. Together, previous research highlights the role of
convergent hierarchical neurobiological profiles as a central feature of
healthy brain organization. Yet, it is currently unknown whether the
global arrangement of regional vulnerability tomental illness follows a
hierarchical organization as well.

In this study, we identified hubs of transdiagnostic co-alteration
networks and disease epicenters using meta-analytical maps for six
neurodevelopmental and psychiatric disorders (autism spectrum dis-
order (ASD), attention-deficit/hyperactivity disorder (ADHD), major
depressive disorder (MDD), schizophrenia spectrum disorders (SCZ),
bipolar disorder (BD), and obsessive-compulsive disorder (OCD)),
provided by the ENIGMA consortium10–15. We further employed a
cortex-wide gradient mapping approach to identify hierarchical cor-
tical arrangements of transdiagnostic illness effects. Last, we con-
textualized derived gradients with cytoarchitectonic and functional
cortical profiles for multi-level evaluation and studied the embedding
of individual disorder impact maps within our framework. We per-
formed multiple robustness checks to evaluate the stability of our
findings.

Results
Transdiagnostic co-alteration hubs inform disease epicenters
Consistent with previous work19,21,22, we selected six neurodevelop-
mental and psychiatric disorders for which illness effects have been
studied in large samples in collaborative international meta-
analyses by the ENIGMA consortium. To study coordinated trans-
diagnostic effects of illness on cortical thickness, we accessed
summary statistics from 12,024 patients with ASD10, ADHD11, MDD12,
SCZ13, BD14, or OCD15, and 18,969 unaffected individuals from pre-
viously published ENIGMA studies (see Table S1). Analyses were
restricted to adult samples, except for ASD for which available
summary statistics included all age groups. See Table S2 for infor-
mation on sample demographics. For each condition, we retrieved a
Cohen’s d map via the ENIGMA Toolbox43 reflecting case-control
differences in cortical thickness for 68 Desikan-Killiany parcels44

(Fig. 1A). Cohen’s dmaps were corrected for different combinations
of covariates including age, sex, site, and intelligence quotient
(Table S2). For contextualization with normative network proper-
ties, we further accessed healthy control cortico-cortical structural
(diffusion-weighted tractography; DTI) and functional (resting-
state functional magnetic resonance imaging; rs-fMRI) connectivity
data from an independent sample of healthy young adults from the

Human Connectome Project (HCP45) through the ENIGMA
Toolbox43 (Fig. 1B).

First, we computed a transdiagnostic co-alteration matrix by
correlating Cohen’s d values between regions and across disorders.
Regions showing a high sum of strong connections (i.e., correlations)
were identified as co-alteration hubs (Fig. 1C). Transdiagnostic hub
regions predominated in bilateral medial temporal gyrus and ventral
temporal cortex, and more widespread in temporal and frontal
regions. When studying which regions are most strongly and con-
sistently affected across disorders via the sum of normalized illness
effect maps (‘hit map’; see Fig. S1), we observed a significant correla-
tion with transdiagnostic co-alteration hubs (r =0.42, pspin < 0.0001),
suggesting that hubs are placed in regions with shared impact. This
effect predominated for shared thickness reductions (r = 0.334;
pspin = 0.01) rather than relative increases (r = −0.30; pspin = 0.02).
Furthermore, the spatial pattern of co-alteration hubs correlated with
normative functional connectivity hubs (r =0.50, pspin < 0.0001), but
less so with structural hubs (r = 0.18, pspin = 0.08). Co-alteration hubs
were comparable at different thresholds and when correcting for
sample size (see Fig. S2).

Having confirmed a general convergence between hubs of coor-
dinated cortical thickness alterations and normative connectome
organization, we next investigated whether these patterns are
anchored to potential disease epicenters. As previous work has indi-
cated, epicenter mapping aids to understand how the normative
connectivity profile associatedwith a specific regionmayplay a central
role in the manifestation of a disorder27,46,47. Here, we identified
transdiagnostic epicenters as regions whose connectivity profile may
underlie illness effects that are consistently organized across dis-
orders, i.e., regions whose network embedding correlates significantly
with co-alteration hubs. Thus, the epicenter mapping approach high-
lights the role of regions that do not necessarily constitute hubs
themselves48 but may contribute to shaping shared patterns of illness
effects through strong or distributed connections with co-alteration
hubs. Systematically investigating connectivity profiles of 68 cortical
seeds revealed primarily temporal and prefrontal regions as potential
transdiagnostic disease epicenters (Fig. 1D). This finding held true
when computing epicentersbasedon the ‘hitmap’ (Fig. S1E, F).Highest
ranked functional disease epicenters were observed in the left
entorhinal cortex, left pars orbitalis, right banks of the superior tem-
poral sulcus (STS), left pars triangularis, and left STS (r = 0.55–0.59; all
pspin < 0.05). Top five structural disease epicenters were present in left
pars opercularis and triangularis, inferior parietal lobe, STS bank, and
caudal middle frontal gyrus (r =0.28–0.42; all pspin < 0.05).

Macroscale gradients of transdiagnostic co-alteration networks
So far, our analyses suggest that the cortex-wide network of trans-
diagnostic illness effects is non-randomly organized, with hubs of
prominent covariance and epicenters shaping the co-alteration net-
work. Next, via manifold learning, we sought to study the embedding
of these features within low-dimensional organizational gradients39,49.
This analysiswasbasedon the sameco-alterationmatrix used toderive
transdiagnostic hubs (Figs. 1C and 2A). We applied diffusion map
embedding49 to project regional and long-range connections within
covariance networks into a common space. This yielded unitless
components, each of which denotes the position of nodes on a con-
tinuumdescribing similarities in regions’ structural covariance profiles
(Fig. 2A). Thus, opposing apices of a gradient reflect maximally
divergent covariance patterns.

The principal gradient of transdiagnostic covariance (G1) cap-
tured a dominant dissociation between frontal and temporal lobes and
accounted for 36% of variance in transdiagnostic co-alteration
(Fig. 2B). The secondary gradient (G2) spanned from occipito-
parietal regions to temporo-limbic structures, explaining 21% of var-
iance. Findings were comparable at different thresholds and robust
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against parameter manipulation, sample size correction, and selection
of diagnoses (see Fig. S2). An overview of all computed gradients is
presented in Fig. S3. Investigating the correspondence between the
disease epicenters and the transdiagnostic gradients, we found that
the apices of G1 captured previously identified functional disease
epicenters (Fig. S4). This implies that frontal and temporal epicenters
each contribute to the overall pattern of co-alterations but do so in a
maximally distinct manner (Fig. S5).

Since previous studies have shown that cortical thickness altera-
tions in psychopathology are more prominent in regions with high
structural covariance50, we assessed whether the disease-related rela-
tive changes in cortical thickness align with normative organization of
absolute cortical thickness. Indeed, weobserved a correlation between
the principal cortical thickness covariance gradient (anterior-poster-
ior; Fig. 2C)36 and G1 (r = −0.74, pspin = 0.0015) but not G2 (r = −0.11,
pspin = 0.27). The second cortical thickness covariance gradient
(inferior-superior) was not related to G1 (r =0.32, pspin = 0.21) or G2
(r = −0.25, pspin = 0.07).

Microstructural and transcriptomic contextualization
After capturing macroscale organization of disease effects, we con-
textualized identified gradients with microscale cytoarchitecture to
gain a multi-level understanding of neurobiological cortical profiles in
shaping transdiagnostic co-alteration networks. To this end, we stra-
tified our gradients according to von Economo-Koskinas cytoarchi-
tectonic classes51. We observed a prominent distinction between
granular and agranular cortices across our principal transdiagnostic
gradient (Fig. 2D), whereas G2 distinguished between granular and
parietal cytoarchitectonic classes.

Using post-mortem gene expression data from the Allen Human
Brain Atlas (AHBA) as a reference52, we next identified genes for which
spatial expression patterns significantly correlated with G1 (see
Table S3). This approach has previously revealed genetic links to
normative brain development and organization52–54 as well as struc-
tural abnormalities indisease42,55,56.We generated nullmodels to assess
spatial specificity (including spatially autocorrelated phenotype
maps57) and gene specificity (including (i) genes with similar levels of

Fig. 1 | Hubs and epicenters shaping transdiagnostic co-alteration patterns.
A Disorder-specific Cohen’s d maps indicating case-control differences in cortical
thickness. BNormative connectivity matrices derived from resting-state functional
magnetic resonance imaging (rs-fMRI) anddiffusion-weighted tensor imaging (DTI)
from the Human Connectome Project (HCP45) and hubs (degree centrality). C Left:
Computation of co-alteration hubs. Degree centrality was computed as the sum of
above-threshold (80%) connections at each parcel using disorder maps from the
Enhancing Neuroimaging Genetics through Meta-analyses (ENIGMA) consortium.
Right: Visualization of the epicenter mapping approach using resting state func-
tional connectivity (rsFC) or DTI. Seed-based connectivity profiles were system-
atically correlated with co-alteration hubs (using Pearson’s r and assessing

significance via two-sided spin-tests, correcting for spatial auto-correlation, with-
out further correction for multiple comparisons). D Transdiagnostic disease epi-
centers are depicted ascorrelations betweenco-alterationhubsandHCPnormative
seed-based connectivity profiles (rs-fMRI or diffusion tensor imaging (DTI)), thre-
sholded at pspin < 0.05 (this panel shows DTI examples). High correlations imply
high likelihood of a structure constituting a disease epicenter. Top five functional
and structural disease epicenters are framed in white/black. Source data are pro-
vided as a Source Data file. ADHD=Attention-deficit/hyperactivity disorder;
ASD=Autism spectrum disorder, BD= Bipolar disorder, MDD=Major depressive
disorder, OCD=Obsessive-compulsive disorder, SCZ = Schizophrenia spectrum
disorders.
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coexpression and (ii) genes overexpressed in the brain compared to
the rest of the body)58 of the identified gene set. Out of 232 genes for
which expression patterns correlated significantly withG1, 146 showed
a positive correlation with G1, i.e., they were more strongly expressed
in the PFC than in temporal regions. Developmental gene enrichment
analysis59 revealed that next to the cortex, identified genes were most
prominently expressed in the thalamus and cerebellum across various
developmental windows (Fig. 2E). In a combined assessment of all
brain structures, genes appeared to be enriched most strongly during
neonatal early infancy, mid/late childhood, and adolescence. G2 was
not significantly associated with genes included in the AHBA after
correcting for spatial and gene specificity.

Associations with task-based functional activations
Next, we aimed to identify potential functional implications by inves-
tigating whether transdiagnostic gradients dissociate regions asso-
ciatedwith distinct functional engagement. To this end, we conducted
a meta-analysis on task-specific functional activations for 24 cognitive
terms using the NeuroSynth database60. We binned each gradient into
five-percentile bins and defined regions of the same bin as a region of
interest (ROI). Resulting 20ROIs for eachgradient were then tested for
their overlap with meta-analytic ROIs associated with each of the 24

cognitive terms via z-statistics. Themagnitude of an average z-value at
a ROI (i.e., a position along the gradient) reflects the strength of its
association with a certain functional task activation. We sorted the
topic terms by their weighted mean position along both gradients,
revealing systematic shifts in functional networks along transdiag-
nostic axes of co-alteration. In a combined 2D space framed by both
gradients, we could distinguish between different co-alteration pat-
terns in primary (e.g., ‘auditory’) and ‘multisensory’ regions at the
temporal apex, higher-order perceptual structures (e.g., ‘visual per-
ception’ and ‘attention’) at the occipito-parietal apex, and complex
cognitive functions (e.g., ‘cognitive control’ and ‘inhibition’) at the
frontal apex (Fig. 2F and Fig. S6).

Embedding of individual disorders within a transdiagnostic co-
alteration space
Having established several features guiding a transdiagnostic co-
alteration network, we last aimed to evaluate the positioning of
individual disorders within this continuous transdiagnostic space.
To this end, we first studied the correspondence between a parcel’s
whole-brain transdiagnostic covariance profile and a parcel’s whole-
brain disorder-specific covariance profile (see Fig. 3A, B). While
associations with the transdiagnostic pattern vary between
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Fig. 2 | Macroscale organization of transdiagnostic covariance in cortical
thickness alterations. A A cross-disorder structural covariance matrix was thre-
sholded at 80% and decomposed using diffusion map embedding. Covariance
along the principal (G1) and second (G2) gradients is depicted on the right.
B Transdiagnostic gradients G1 and G2. C Correlation between a normative axis of
cortical thickness (CT) covariance36 and transdiagnostic gradients. D Cross-
condition gradients stratified according to von Economo-Koskinas cytoarchitec-
tonic classes51. E Developmental gene enrichment analysis based on 232 genes for

which spatial expression patterns correlated with G1 (of which 146 showed a
positive correlation, i.e., were overexpressed in prefrontal compared to temporal
regions). F Meta-analysis for diverse cognitive functions obtained from
NeuroSynth60. We computed parcel-wise z-statistics, capturing node-function
associations, and calculated the center of gravity of each function along 20 five-
percentile bins of G1 and G2. Function terms are ordered by the weighted mean of
their location along the gradients. Source data are provided as a Source Data file.
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disorders and across the cortex, most disorders showed highest
similarity to shared patterns in heteromodal cortices. This mirrors
other findings presented here which suggest heteromodal cortices
as regions that not only tend to be affected, but also tend to be
affected similarly across disorders and in a synchronized manner
across the cortex. Next, we compared the degree of similarity
between disorders and their embedding within the transdiagnostic
co-alteration space. Replicating what previous transdiagnostic stu-
dies have shown19,20, we observed a cluster composed of SCZ, BD,
and OCD, while ADHD and ASD stayed separate (Fig. 3C, D). In
contrast to clustering approaches, our cross-disorder covariance
approach aimed to describe a transdiagnostic organizational space
in which disorder effects occur. Indeed, we found that disorders
that cluster together, such as SCZ, BD, and OCD showed a similar
placement within this transdiagnostic co-alteration framework (see

Fig. 3D–F). While transdiagnostic hubs correlated with illness effect
maps in SCZ (r = 0.76, pspin < 0.0001), BD (r = 0.66, pspin = 0.001),
and OCD (r = 0.26, pspin = 0.03), this was not the case for ASD
(r = 0.07, pspin = 0.31) and MDD (r = −0.05, pspin = 0.41), and ADHD
showed a negative correlation (r = −0.42, pspin = 0.003). Similarly,
disorder-specific epicenters overlapped with transdiagnostic epi-
centers in SCZ, BD, and OCD, and in part in MDD (see Fig. 3E and
Fig. S7), whereas ADHD and ASD showed no significant disorder-
specific epicenters in the first place. Together, these analyses indi-
cate that similar illness effect maps relate to similar degrees to
transdiagnostic co-alteration hubs, are linked to epicenters that
overlap to similar degrees with transdiagnostic epicenters (Fig. 3E),
and are positioned more closely together in a transdiagnostic cov-
ariance space framed by G1 and G2 (Fig. 3F and Table S4). However,
we also observe that disorders which show some similarity but are
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on E the correlation between transdiagnostic hubs and Cohen’s dmaps (x-axis) and
the overlap between transdiagnostic and disorder-specific epicenters (y-axis); and
F the correlation between the principal (G1) and secondary (G2) transdiagnostic
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allocated to different clusters, such as MDD and ADHD, are posi-
tioned closer to each other in our continuous transdiagnostic space,
crossing cluster boundaries.

Discussion
Our study reports coordinated effects of six major mental disorders
(SCZ, BD, OCD, ASD, ADHD, and MDD) on cortical thickness and their
association with functionally relevant neurobiological patterns across
multiple scales of analysis. Thus, we extended previous investigations
of shared regional effects19–22 toward a network-based approach that
embeds regional alterations within cortical hierarchies of transdiag-
nostic covariance of illness effects.

We identified hubs of transdiagnostic co-alteration pre-
dominantly in lateral and ventral temporal lobes, with some impact on
post-central and medial frontal regions. Importantly, these hubs
overlapped with regions showing shared thickness alterations, indi-
cating especially pronounced coordination within co-alteration net-
works between consistently affected regions. Observing an
interrelationshipofpathological cortical thickness alterations between
temporal and prefrontal heteromodal cortices, but less so in unimodal
and paralimbic cortices, indicates distinguishable processes shared
between disorders and across the cortex. Furthermore, co-alteration
hubs followed the spatial pattern of normative functional connectivity
hubs, suggesting that captured variability in susceptibility may link to
nodal stress25,26,61. Indeed, in vivo markers of e.g., aberrant energy
metabolism and post-mortem proteomic analyses have revealed
overlaps between MDD, SCZ, and BD62–64. As hubs are more strongly
influenced by genes than non-hubs65, hub regions may exhibit
increased shared vulnerability for atypical neurodevelopment, sup-
ported by both the polygenicity and genetic overlaps in psychiatric
diagnoses. Thus, nodal stress, along with other potential factors such
as shared genetic susceptibility, appears to be a strong candidate
explanation for the irregular topographic distribution of covarying
illness effects28,66.

Present results further indicate that large-scale patterns of
shared illness effects are shaped by both structural and functional
epicenters. That is, transdiagnostic epicenters suggest a central role
of prefrontal and temporal cortex in the manifestation of mental
illness, indicating how transdiagnostic cortical alterations are
anchored in the connectivity of identified regions. Notably, influ-
ences of functional epicenters emerged above and beyond hard-
wired tracts. Such a divergence is likely67, as functional connectivity
reflects a temporal correlation of activity which may be driven by
distant input into a spatially distributed polysynaptic network68,69.
The high concordance of prefrontal and temporal connectivity
profiles with co-alteration hubs indicates that epicenters pre-
ferentially emerged in regions known to extend long-range
connections70, facilitating their contribution to cortex-wide orga-
nizational patterns. Structures in the mediotemporal lobe and
ventrolateral PFC were identified as most likely epicenters. Both
regions have been implicated in cognitive impairments and devel-
opmental susceptibility across neurodevelopmental and psychia-
tric disorders53,71,72. Mediotemporal structures further act as nodal
points between multimodal cortical association areas and the sub-
cortex, and feature transitions in cytoarchitecture from iso- to
allocortical regions37. These features may increase both vulner-
ability to nodal stress and the spread of pathological alterations
through wide-ranging connections. At the same time, the vlPFC
shows protracted plasticity throughout multiple neurodevelop-
mental stages73. While allowing for continuous refinement of com-
plex cognitive abilities, protracted plasticity gives room for
aberrant maturational processes leaving the individual more sus-
ceptible to developmental aberrations. Overall, the epicenter
mapping approach thus identified anchors of large-scale trans-
diagnostic co-alteration networks in regions that both have the

potential to spread illness effects through long-range connections
and are susceptible to maturational aberration.

Further investigating transdiagnostic covariance via manifold
learning, we recapitulated cortex-wide gradients along which co-
alteration patterns were organized. The principal transdiagnostic
gradient captured a cortex-wide segregation of frontal and temporal
structures, indicating that cortical thickness alterations in both regions
are embedded in maximally distinct covariance networks. The con-
cordance of G1 with the normative organizational axis of cortical
thickness covariance36 mirrors previous findings indicating increased
susceptibility to cortical atrophy in regions that exert high structural
covariance33,74. As cortical thickness covariance is assumed to reflect
commonmaturational trajectories30, atypical neurodevelopment likely
contributes to shaping cortical gradients of co-alteration networks.
The process of shaping transdiagnostic gradients throughout devel-
opment may further be influenced by subcortico-cortical circuits75–78,
as suggested by our transcriptomic decoding findings. Here, we
observed that genes whose expression pattern aligns with G1 are also
enriched in the cerebellum and thalamus in early developmental
phases. Notably, studies on subcortical interactions have linked
impaired functional coordination within cerebello-thalamo-cortical
circuits to a general liability for psychopathology79,80. It is thus possible
that the organization of transdiagnostic co-alterations observed in the
cortex partly builds upon alterations in subcortical circuits. The sec-
ondary gradient was restricted to uni- and heteromodal sensory cor-
tices in the posterior cortex, segregating regions that hold primary
sensory (pericalcarine cortex, post-central and superior temporal
gyrus) and paralimbic (entorhinal) cortices from multimodal associa-
tion regions in the occipito-parietal cortex. Both axes described seg-
regations along different cytoarchitectural classes. Whereas G1
traversed between agranular, paralimbic, versus granular, primary
cortices, G2 showed a cytoarchitectural divergence between granular
and frontal/parietal cortices. Variable susceptibility to disease impact
thus suggests that areas with shared cytoarchitecture are more likely
embedded similarly within pathological networks. This may be due to
similar local computational strategies supported by cell count and
wiring strategies17, development81, and the degree of plasticity asso-
ciated with different degrees of cortical lamination53. Future workmay
further investigate the specific neurobiological mechanism linking
cytoarchitecture, function, and mental illness.

We further contextualized our findings with respect to functional
processes through meta-analytical task-based activations. Combining
G1 and G2 in a two-dimensional space revealed distinct co-alteration
profiles at three levels of information processing, i.e., primary/multi-
sensory, perception/attention, and domain-general cognitive control.
Interestingly, all three levels show various processing impairments in
different neuropsychiatric conditions which are in part interrelated:
Firstly; atypical early development of sensory cortices can contribute
to social cognitive deficits through impaired social cue perception82,83

and, more generally, deficits in multisensory binding83,84. Secondly; at
an intermediary level, aberrant functional involvement and structural
integrity of attention networks have been identified as a prominent
transdiagnostic feature of neuropsychiatric conditions28,85. Thirdly;
upstream consequences of dysregulated attention networks ulti-
mately contribute to impaired higher-order cognitive functions such
as executive control. Impaired executive control does not only con-
stitute a transdiagnostic feature in mental illness86, but is also a pre-
dictor of cognitive and socio-occupational impairment86–88. Despite
inter-related deficits within functional networks, the observation that
multiple processing levels are associated with distinct structural co-
alteration patterns indicates independent maturational causes and
distinct vulnerability. In line with findings from cytoarchitectonic
contextualization, levels of functional engagement of cortices
involved in similar tasks appear to leave brain regions processing
similar types of information with shared susceptibility. Given that
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sensory regions develop earlier than association regions in the cortical
maturational sequence89, differences in pathological covariance pro-
filesmay link to thedegree towhich theirdevelopmentalpeaks overlap
with vulnerable periods for neurodevelopmental and psychiatric dis-
orders. This raises the question whether identified cortical gradients
also reflect a spatiotemporal gradient of atypical neurodevelopment
and inspire respective investigations in longitudinal/prospective stu-
dies. Overall, our findings indicate that the degree to which regional
alterations may be linked to and potentially facilitate alterations in
other brain regions (i.e., potential epicenters), and the degree towhich
such interrelations pose a general feature of the neurodevelopmental
and psychiatric disorders included (i.e., co-alteration hubs) appears to
vary across the cortex and follows general neurobiological principles
of brain organization (i.e., cortex-wide axes).

Last, we aimed to investigate how the proposed transdiagnostic
co-alteration space, framed by both transdiagnostic covariance gra-
dients, compares to previous descriptions of cross-disorder simila-
rities and disorder clusters. That is, our cross-disorder covariance
approach generates a continuous space within which disorders vary
with respect to their topography of similarity to transdiagnostic pat-
terns across the cortex. While we indeed found that positions of dis-
orders within this space converge with their allocation to disorder
clusters, the co-alteration framework captures both similarities within
and between clusters in a continuous manner. By embedding illness
effects within a space shaped by genetic and maturational processes,
we gain further insight in differentiable neurobiological mechanisms
underlying individual disorders. Indeed, the first gradient, stretching
between frontal and temporal regions showed similarities with a pre-
viously described anterior-posterior axis along the cortical mantle90.
Previous work has indicated differentiable spatial patterns of co-
maturation and development along several spatial axes, indicating the
interplay of multiple neurodevelopmental mechanisms across the
cortex56,90,91. The observed systematic alterations along such axes
across disorders may reflect differential disruptions in pre- and post-
natal neurodevelopment. Moreover, we observed that, for most dis-
orders, overlap between disorder-specific and transdiagnostic covar-
iance is highest in heteromodal cortices. This convergence may be
linked to their placement within these neurodevelopmental axes53,92,
supporting these regions as targets of transdiagnostic investigations.
Future work may evaluate potential causes and critical time windows
of development within this framework, enhancing our understanding
of the ontogeny of cortical organization in health and disorder.

It is of note that, although disorder impact generally converged in
heteromodal regions and linked to transdiagnostic covariance gra-
dients, each disorder showed a unique embedding within our frame-
work. For example, thoughweobservedwidespread coupling between
transdiagnostic and disorder specific covariance networks in ASD and
ADHD, and marked association with the principal transdiagnostic
covariance gradient, there was only reduced correspondence with the
epicenter framework, indicating disrupted relationship between dis-
order hubs and connectivity profiles. Conversely, MDD showed in
particular correspondence with transdiagnostic patterns in ventral
PFC, subgenual anterior cingulate, somatosensory cortex and nucleus
accumbens, but showed reduced correspondence with transdiagnos-
tic epicenters and the transdiagnostic gradients. It is possible that
MDD, being at the center of the 2Dgradient space and showing highest
similarities with both ADHD and OCD, can be best described by yet
another axis not captured in the current framework which is domi-
nated by neurodevelopmental patterning. The future work expanding
our framework to more disorders as well as atlasses with higher
granularity may be able to further pin-point differential axes of
embedding for different disorders.

While our findings underline the relevance of transdiagnostic
approaches, they do not contradict the existence of etiological and
phenomenological differences within and between psychiatric

diagnoses. Our transdiagnostic approach does not capture hetero-
geneity within and between highly related diagnostic categories, as
expected to be present e.g., within the included SCZ (schizophrenia
spectrum disorders) and BD (type I and II combined) samples. How-
ever, shared features crossing diagnostic boundaries are likely also an
important factor contributing to within-disorder heterogeneity.
Moreover, individuals may be diagnosed with multiple different dis-
orders across their lifespan4. Understanding which neurobiological
principles drive the spectrum of varying neurodevelopmental and
psychiatric disorders is a crucial piece of the puzzle of the biological
origin of disorder variability. Yet, investigating both disorder-specific
phenomena and heterogeneity within (spectrum-)diagnoses forms a
crucial line of research that will continue to complement our trans-
diagnostic findings. Presented cortex-wide co-alteration features shall
facilitate and provide a transdiagnostic coordinate frame for such
insights.

Although we mostly included adult samples and age-corrected
summary statistics, there are some offsets among mean ages of
ENIGMAmaps andbetweenENIGMAmaps and the referencedata from
other sources (e.g., HCP). These offsets potentially influenced para-
meters known to change during development and aging, such as hub
organization89. In addition, neurodevelopmental conditions have dif-
ferent mean ages of onset so that patients included have certainly
experienced different lengths of disease and medication histories. It
should further be noted that also other disorders such as substance
abuseor anxiety disorders tend to co-occurwith someof the disorders
included here, but could not be included in the analyses as ENIGMA
cortical thickness summary statistics have not yet been published.
Further work including a wider range of disorders will help to evaluate
the generalizability of our transdiagnostic model. ENIGMA summary
statistics used here are based on the Desikan-Killiany atlas44. They thus
contain comparatively sparse data points across the cortex and sum-
marize data from broader areas that contain a mosaic of neurobiolo-
gical regions that may be differentially affected by disease. Moreover,
differences in parcel size93, measurement error, subject motion and
scanner/site effects94,95 may slightly influence spatial covariance ana-
lyses. Last, the lack of subject-level clinical information impeded the
direct assessment of clinical implications of current findings. However,
understanding the principles according to which cortical alteration
patterns are organized across diagnoses will provide a fruitful basis for
further investigations on the interrelationship between network
organization and symptoms shared across disorders, as well as varia-
tions within categorical diagnoses.

In sum, our findings highlight the value of linking multiple neu-
robiological levels of information—from macroscale neuroimaging to
microscale transcriptomic data—to identify systematic transdiagnostic
patterns of illness effects. Investigating these patterns revealed coor-
dinated cortical alterations across conditions that are shaped by con-
nectomic, cytoarchitectonic, and functional characteristics. As such,
we provide a cortical coordinate system in line with concepts of
dimensional psychiatry and network-based pathology, to which future
clinical neuroscience findings can be aligned and integrated. Future
work may further expand on this approach not only to include dif-
ferent modalities and neuroimaging metrics (e.g., surface area and
subcortical structures), but also to consider a much wider range of
conditions and age ranges, which is now becoming increasingly pos-
sible due to the availability of multi-disease consortia and datasets96,97.
This may provide a crucial step toward understanding the neuro-
etiology of neuropsychiatric conditions.

Methods
ENIGMA neuroimaging summary statistics
For our transdiagnostic analyses, we used publicly available multi-site
summary statistics published by the ENIGMA Consortium, and avail-
able within the ENIGMA Toolbox (https://github.com/MICA-MNI/
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ENIGMA43). Included neurodevelopmental and psychiatric disorders
comprised ADHD11 (ncases = 733, ncontrols = 539), ASD10 (ncases = 1571,
ncontrols = 1651), BD (type I and II, cumulated)14 (ncases = 1837, ncontrols =
2582), MDD12 (ncases = 1911, ncontrols = 7663), OCD15 (ncases = 1498,
ncontrols = 1436), and SCZ (including schizophrenia spectrum
diagnoses)13 (ncases = 4474, ncontrols = 5098). Except for ASD for which
available summary statistics included all age groups, we restricted our
analyses to adult samples. This decision may increase the variance in
disease duration due to differences in typical ages of onset associated
with the six diagnoses. However, we aimed to match adults to mini-
mize effects that are linked to development and aging, which are
potentially larger than the effects of disease duration. We based our
analyses on covariate-adjusted case-control differences denoted by
across-site random-effects meta-analyses of Cohen’s d-values for cor-
tical thickness. Age, sex, and site information was fitted to cortical
thicknessmeasures viamultiple linear regression analyses. As previous
studies have shownassociations between IQandbrain structure aswell
as alterations of this association in ASD98, IQ was included as a cov-
ariate in the ASD sample. See Table S2 for an overview on demo-
graphics and study-specific covariates. Preceding the computation of
summary statistics, raw data was pre-processed, segmented and par-
cellated according to the Desikan-Killiany atlas44 in FreeSurfer (http://
surfer.nmr.mgh.harvard.edu) at each site and according to standard
ENIGMA quality control protocols (see http://enigma.ini.usc.edu/
protocols/imaging-protocols). Sample sizes ranged from 1272
(ADHD) to 9572 (SCZ). We redirect the reader to the original
publications10–15 for more details on age matching and controlling for
medication or comorbidities. Ethics approval and subjects’ informed
consent was obtained by individual cohort investigators.

Population connectivity data
Functional and structural connectivitymatriceswerebasedon 1 hof rs-
fMRI and diffusion MRI from healthy adults (n = 207, 83 males, mean
age = 28.73 ± 3.73 years), respectively. The data were acquired through
the HCP45, minimally pre-processed according to HCP guidelines99 and
made publicly available as group-average structural and functional
connectivity matrices in the ENIGMA Toolbox43. See Supplementary
Material for more information about the computation of connectivity
matrices.

Structural covariance of disease effects on local brain structure
Wederived a 68 × 68 cross-condition correlationmatrix by computing
inter-regional Pearson’s correlations of cortical thickness Cohen’s d
values across the six conditions.

Covariance hubs and transdiagnostic disease epicenters
In order to derive co-alteration network hubs using a degree centrality
approach, we first identified which connections (i.e., correlations) of
the previously derived cross-condition correlation matrix belong to
the top 20% of strong connections. We then computed the sum of
these connections for each parcel, where regions with many strong
connections represent hubs of high transdiagnostic covariance of ill-
ness effects (Fig. 2A). Next, we accessed whole-brain functional (rs-
fMRI) and structural (DTI) connectivity matrices from a healthy adult
HCP dataset45 via the ENIGMAToolbox43, whichwe also thresholded at
80%. Normative connectivity hub maps based on HCP data was com-
puted using the same degree centrality approach (i.e., the sum of all
strong connections) and spatially correlated with the transdiagnostic
structural co-alteration hub map. Significance was assessed via spin
tests (see SupplementaryMaterial and ref. [57]). This analysis aimed to
assess whether co-alteration hub regions align with the normative
underlying connectome and may thus be linked to nodal stress.

To identify transdiagnostic disease epicenters, we systematically
assessed spatial similarity of each parcel’s normative whole-brain
connectivity profile with our map of co-alteration hubs using spatial

permutation tests. To do so, we collected seed-based functional (rs-
fMRI) and structural (DTI) connectivity matrices for each parcel and
14 subcortical structures from the same HCP dataset45. We then spa-
tially correlated each structure’s connectivity profile with the co-
alteration hub map. The higher the spatial similarity between an epi-
center’s connectivity profile and co-alteration hubs, the more likely
this structure represents a disease epicenter (at p <0.05 after spin
tests). Resulting likelihoods were ranked to identify the top five
structural and functional transdiagnostic disease epicenters.

Gradient decomposition
We computedmacroscale organizational gradients using BrainSpace49

(https://github.com/MICA-MNI/BrainSpace) in Matlab 2020b. The
68 × 68 structural covariance matrix was thresholded at 80% and
transformed into a non-negative square symmetric affinity matrix by
using a normalized angle similarity kernel. We then applied diffusion
mapping as a nonlinear dimensionality reduction method39,49 to esti-
mate the low-dimensional embedding of our previously derived high-
dimensional affinity matrix. Here, cortical nodes that are close toge-
ther reflect nodes that are inter-connected by either many supra-
threshold or few very strong edges, whereas nodes that are farther
apart reflect little or no covariance. We set α, a parameter which
controls the impact of sampling density (where 0–1 =maximal to no
influence), to 0.5. This α value retains global relations in the low-
dimensional space and is assumed to be comparatively robust to noise
in the input matrix. Lastly, we assessed the amount of information
explained by received gradients, selected the first two gradients for
further analyses and projected them onto a cortical mesh using
BrainStat (https://github.com/MICA-MNI/BrainStat).

Link to normative axes of cortical thickness organization
An association with normative cortical thickness organization was
studied by correlating derived transdiagnostic gradients with pre-
viously established gradients of cortical thickness covariance in heal-
thy adults. These two normative gradients were based on cortical
thickness data from individuals in the S1200 HCP sample and were
derived using the same diffusion embedding approach as described
above (see ref. [36]). Spatial associations were evaluated using spin
tests57.

Cytoarchitectonic contextualization
To determine whether transdiagnostic gradients recapitulate
cytoarchitectonic variation evidenced by post-mortem histological
assessments, we further stratified our gradients according to the five
von Economo-Koskinas cytoarchitectonic classes51. This atlas sub-
divides the cortex into five categories: agranular (thick cortex housing
large cells but scarce layers II and IV), frontal (thick cortex, large but
sparse cells, layers II and IV are present), parietal (thick cortex that is
rich in cells, dense layers II and IV, slender pyramidal cells), polar (thin
cortex, rich in cells, particularly granular cells) and granular/koni-
cortex (very thin cortex with highest density of small cells).

Genetic decoding
Having established macro- and microscale contextualization of our
findings, we finally aimed to understand its association with gene
transcriptomic data provided by the Allen Institute for Brain Sci-
ence (AIBS)52. Microarray expression data was processed in
abagen100, including intensity-based filtering, normalization and
aggregation within Desikan-Killiany parcels and across donors. Only
genes with a similarity of r > 0.2 across donors were included,
resulting in 12,668 genes for the analysis43. We correlated trans-
diagnostic gradients with the post-mortem gene expression maps
and tested for spatial and gene specificity using several null models:
First, we generated a set of random spatially autocorrelated phe-
notypemaps57 to test the spatial specificity of associations observed
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between gene transcriptomic profiles and transdiagnostic gra-
dients. Genes with an expression profile significantly correlated
with G1 or G2 (pspin < 0.01) were defined as gene set for following
gene specificity tests. Next, using the Gene Annotation using Mac-
roscale Brain-imaging Association (GAMBA) Toolbox58, we tested
this gene set against two types of null models: The null-
coexpressed-gene model and the null-brain-gene model. The null-
coexpressed-gene model includes genes with a similar co-
expression level as the gene set of interest to generate null dis-
tributions. The null-brain-gene model generates null models
exclusively from genes over-expressed in brain tissue and is thus
more conservative than classical random-gene models. If a gene set
was identified as significantly associated with a transdiagnostic
gradient in both linear regressions and described permutation
tests, it was next used as input for a developmental enrichment
analysis via the cell-type specific expression analysis (CSEA) devel-
opmental expression tool (http://genetics.wustl.edu/jdlab/csea-
tool-2)59. This allowed us to compare genes identified with respect
to the AIBS repository with developmental expression profiles from
the BrainSpan dataset (http://www.brainspan.org), yielding more
detailed, yet indirect, information about brain structures and
developmental windows in which identified genes are enriched.

Functional decoding
To assess whether transdiagnostic gradients capture differential
impact on cognitive networks, we assessed the distribution of various
cognitive functions along transdiagnostic gradients35,53. To this end,we
conducted a meta-analysis using the NeuroSynth60 database. Briefly,
we derived 20 ROI maps by decomposing G1 and G2 into five-
percentile bins and combining regions of the same bin to a joint ROI.
The granularity of five-percentile bins is assumed to capture subtle
variations along cortical axes. We then examined the association of
each ROI with 24 cognitive topic terms via z-statistics. Topic terms
were then sorted based on their center of gravity and arranged in a
two-dimensional space that was created by merging G1 and G2, for
visualization.

Association between disorder-specific illness effect patterns
with transdiagnostic findings
Last, we aimed to understand the degree to which cortical altera-
tions observed in individual disorders are reflected in described
transdiagnostic features. To this end, we first examined cross-
cortical similarities of illness effects within disorders101,102, via
absolute differences in Cohen’s d values between regions. We then
correlated each parcel’s disorder-specific whole-brain covariance
profile with the previously described transdiagnostic covariance
profile of the same parcel. This allowed us to investigate disorder-
specific cortical topographies of varying regional associations with
transdiagnostic patterns. Second, we examined the similarity of
illness effect maps among disorders via pair-wise correlations and
applied hierarchical clustering to the resulting cross-disorder cor-
relationmatrix. These steps allowed us to investigate how disorders
with varying similarity to each other and to transdiagnostic features
described in this study are positioned in the proposed transdiag-
nostic covariance space. To this end, we correlated the transdiag-
nostic co-alteration hubmapwith disorder-specific Cohen’s dmaps,
and computed disorder-specific epicenters by systematically cor-
relating each region’s normative connectivity profile (rs-fMRI and
DTI) to disorder-specific Cohen’s d maps. We then assessed the
overlap between disorder-specific and transdiagnostic epicenters in
percent, and combined this with the association to transdiagnostic
hubs in a 2D space. Similarly, we examined the correlation between
transdiagnostic gradients and disorder-specific Cohen’s d maps in a
2D space framed by G1 and G2. Together, these analyses revealed

how individual disorders are embedded in relation to each other
within a transdiagnostic coordinate frame.

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

Data availability
All data analyzed in this paperwere obtained fromopen-access sources.
Disorder-specific Cohen’s d maps derived from ENIGMA meta-analyses
were accessedvia theENIGMAToolbox (v. 1.1.3; https://enigma-toolbox.
readthedocs.io/en/latest/;43). Through the toolbox, we also accessed
normative connectivity data from a Human Connectome Project young
adult sample (HCP; http://www.humanconnectome.org/;45), the von
Economo-Koskinas cytoarchitectonic atlas51, and gene transcriptomic
data from the Allen human brain atlas (https://human.brain-map.org/)
as accessible through Abagen (https://doi.org/10.5281/zenodo.
4984124). The functional meta-analysis was based on the NeuroSynth
database (https://neurosynth.org/). Developmental enrichment ana-
lyses were based on the Brainspan dataset (https://www.brainspan.org/
static/download.html). Data generated for this study were made pub-
licly available under https://github.com/CNG-LAB/cngopen/tree/main/
transdiagnostic_gradients and https://doi.org/10.5281/zenodo.7180120.
Raw imaging data supporting our findings are not publicly available as
they contain information that could compromise the privacy of study
participants. There are data sharing restrictions imposed by (i) ethical
review boards of the participating sites, and consent documents; (ii)
national and trans-national data sharing law, such as GDPR; and (iii)
institutional processes, some of which require a signedMTA for limited
and predefined data use. However, we welcome sharing data with
researchers, requiring only that they submit an analysis plan for a sec-
ondary project to the leading team of the Working Group (http://
enigma.ini.usc.edu). Once this analysis plan is approved, access to the
relevant data will be provided contingent on data availability and local
PI approval and compliance with all supervening regulations. If applic-
able, distribution of analysis protocols to sites will be facilitated. Source
data are provided with this paper. Source data are provided with this
paper (Supplementary Material). Source data are provided with
this paper.

Code availability
Custom code generated for this project was made publicly available
under https://github.com/CNG-LAB/cngopen/tree/main/transdiagnostic_
gradients andhttps://doi.org/10.5281/zenodo.7180120.Our analysis code
makes useof open software: Gradientmapping analyseswere carried out
using BrainSpace (v. 0.1.2; https://brainspace.readthedocs.io/en/latest/)
and epicenters were computed using code from the ENIGMAToolbox (v.
1.1.3; https://enigma-toolbox.readthedocs.io/en/latest/;43). Visualizations
were carried out using BrainStat (v. 0.3.6; https://github.com/MICA-MNI/
BrainStat) in combinationwithColorBrewer (v. 1.0.0; https://github.com/
scottclowe/cbrewer2). Genetic analyses were performed using the
GAMBA Toolbox (2021; https://github.com/dutchconnectomelab/
GAMBA-MATLAB) and the cell-specific enrichment analysis tool (v. 1.1;
http://genetics.wustl.edu/jdlab/csea-tool-2/).
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