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ABSTRACT
BACKGROUND: The spatial layout of large-scale functional brain networks differs between individuals and is
particularly variable in the association cortex, implicated in a broad range of psychiatric disorders. However, it
remains unknown whether this variation in functional topography is related to major dimensions of
psychopathology in youth.
METHODS: The authors studied 790 youths ages 8 to 23 years who had 27 minutes of high-quality functional
magnetic resonance imaging data as part of the Philadelphia Neurodevelopmental Cohort. Four correlated
dimensions were estimated using a conﬁrmatory correlated traits factor analysis on 112 item-level clinical
symptoms, and one overall psychopathology factor with 4 orthogonal dimensions were extracted using a
conﬁrmatory factor analysis. Spatially regularized nonnegative matrix factorization was used to identify 17
individual-speciﬁc functional networks for each participant. Partial least square regression with split-half crossvalidation was conducted to evaluate to what extent the topography of personalized functional networks encodes
major dimensions of psychopathology.
RESULTS: Personalized functional network topography signiﬁcantly predicted unseen individuals’ major dimensions
of psychopathology, including fear, psychosis, externalizing, and anxious-misery. Reduced representation of
association networks was among the most important features for the prediction of all 4 dimensions. Further
analysis revealed that personalized functional network topography predicted overall psychopathology (r = 0.16,
permutation testing p , .001), which drove prediction of the 4 correlated dimensions.
CONCLUSIONS: These results suggest that individual differences in functional network topography in association
networks is related to overall psychopathology in youth. Such results underscore the importance of considering
functional neuroanatomy for personalized diagnostics and therapeutics in psychiatry.
https://doi.org/10.1016/j.biopsych.2022.05.014

The human cerebral cortex is organized into spatially distributed large-scale functional networks that support diverse
perceptual, executive, and socioemotional functions (1,2).
Recent evidence from multiple independent studies has
demonstrated that the spatial layout of these functional
networks—their functional topography—varies substantially
across individuals, even after accurate alignment to a common
structural template (3–11). This interindividual variability in
functional topography is maximal in the association cortex,
higher-order, phylogenetically expanded areas of the cortex
that support integrative, abstract, and advanced mental functions (5–10). The functional topography of the association
cortex is reﬁned during development and has been previously
associated with individual differences in executive function
during childhood, adolescence, and young adulthood (10).
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However, it remains unknown if individual differences in the
functional topography of the association cortex are linked to
major dimensions of psychopathology in youth.
While psychiatric illness is typically described according to
the DSM-5 (12), categorical clinical diagnoses fail to capture
variability in disease severity, have notable heterogeneity
within diagnoses, and are marked by a high degree of comorbidity (13,14). Accordingly, efforts such as the Research
Domain Criteria initiative and the Hierarchical Taxonomy of
Psychopathology frameworks have proposed dimensional
models of psychopathology (13,15–17). Dimensional taxonomies describe psychopathology as hierarchically organized,
correlated dimensions of symptoms, wherein an individual
receives a continuous score on each dimension (13,17). Previous studies conducted in youth samples have often identiﬁed
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4 major dimensions of psychopathology, including fear, psychosis, externalizing, and anxious-misery dimensions
(13,18,19).
Emerging evidence additionally points to the importance of
characterizing clinical and neural correlates of a dimensional
overall psychopathology factor (also called the p factor)
(20,21). The p factor quantiﬁes an individual’s shared vulnerability to a broad range of transdiagnostic psychiatric symptoms and thus accounts for comorbidity among psychiatric
disorders (20–22). Higher overall psychopathology scores,
above and beyond speciﬁc psychopathology dimensions, are
linked to earlier onset of psychiatric disorders and greater life
impairment (21). The burden of overall psychopathology has
been linked to abnormal patterns of functional connectivity
between large-scale cortical networks (23,24). Consistent with
these ﬁndings, our prior work demonstrated that the loss of
segregation between the default mode network and the executive network is a common feature across transdiagnostic
dimensions (25). However, all of these studies measured individuals’ internetwork functional connectivity using standard
group-level atlases (9,26). Convergent evidence has demonstrated that use of group-level atlases for each person ignores
the individual variation of functional topography, which may
lead differences in spatial distribution to be aliased into interregional functional connectivity, potentially biasing both
inference and interpretation (9,26).
At present, it remains unknown whether individual differences in spatial topography of functional networks are associated with major dimensions of psychopathology in youth. To
address this gap, we capitalized on recently developed machine learning techniques and a large sample of youths who
underwent clinical phenotyping and functional neuroimaging
as part of the Philadelphia Neurodevelopmental Cohort (27).
We hypothesized that major dimensions of psychopathology
would be linked to individual differences in functional topography. Furthermore, we expected that associations with major
dimensions of psychopathology would be largely driven by
shared deﬁcits in the association cortex linked to transdiagnostic overall psychopathology.

METHODS AND MATERIALS
Participants
A total of 1601 participants were studied as part of the Philadelphia Neurodevelopmental Cohort (27). However, 154 participants were excluded due to medical disorders, and 657
participants were excluded for low quality in T1-weighted or
functional images (see Supplemental Methods and Figure S1
in Supplement 1). The ﬁnal sample included 790 youths aged
8 to 23 years (Table S1 in Supplement 1). All study procedures
were approved by the Institutional Review Boards of both the
University of Pennsylvania and the Children’s Hospital of
Philadelphia.

Clinical Assessments
As described previously (18,19,28), psychopathology symptoms were evaluated using a structured screening interview
(GOASSESS) that included 112 items (see Supplemental Data
in Supplement 2 and Table S1 in Supplement 1). An
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exploratory factor analysis (19,28–30) of 112 item-level
symptoms identiﬁed 4 correlated dimensions of psychopathology: fear, psychosis, externalizing, and anxious-misery.
Based on the acquired factor conﬁguration, we applied a
conﬁrmatory correlated traits model to generate each participant’s factor scores on the 4 correlated dimensions. Given the
high correlation among these 4 dimensions, a conﬁrmatory
bifactor analysis (19,28–30) was conducted to generate 5
orthogonal dimensions of psychopathology: fear, psychosis,
externalizing, anxious-misery, and overall psychopathology
(p factor), the latter of which describes a shared vulnerability to
a broad range of symptoms across mental disorders. See
Supplemental Data in Supplement 2 for factor loadings of both
conﬁrmatory models (i.e., correlated traits and bifactor).

Image Acquisition and Processing
All magnetic resonance imaging (MRI) scans were acquired
using the same 3T scanner, and each participant had 1 restingstate and 2 task-based (i.e., n-back and emotion recognition)
functional MRI (fMRI) scans (27). The structural images were
processed using FreeSurfer (https://surfer.nmr.mgh.harvard.
edu/), and the functional images were processed using a
top-performing preprocessing pipeline implemented via the
XCP Engine (31). The task activation model was regressed out
from n-back or emotion identiﬁcation fMRI data (32–34), and
we next concatenated the three fMRI acquisitions, yielding 27
minutes and 45 seconds of functional data for each participant.
See Supplemental Methods in Supplement 1 for details.

Deﬁning Personalized Functional Networks
As in our previous work (10), we used spatially regularized
nonnegative matrix factorization (NMF) to derive individualspeciﬁc (personalized) large-scale functional networks (10,35)
(Figure S2 and Supplemental Methods in Supplement 1).
Brieﬂy, we randomly selected 100 participants and created
1 group network atlas with 17 networks using NMF. We
decomposed the cerebral cortex into 17 networks, which
allowed for a direct comparison to the other methods used
in prior work (1,5,6). This procedure was repeated 50 times,
each time with a different subset of participants; this procedure yielded 50 different group network atlases. By clustering these group atlases using spectral clustering, we
acquired 1 consensus group atlas. Next, we derived an individual’s speciﬁc network atlas using the group consensus
atlas as an initialization; each network’s time series was used
to minimize the objective function of the regularized NMF
model using the multiplicative update strategy (35). The updates of individualized networks and their representative time
series were performed alternatively and iteratively until
convergence. Finally, for each person, we created a probabilistic (soft) network atlas, where each vertex had 17 loadings
quantifying the extent to which this vertex belongs to each
network.

Prediction of Psychopathology Factors From
Functional Network Topography Using Partial Least
Square Regression
We evaluated whether the multivariate spatial pattern of
functional network topography encodes major dimensions of
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psychopathology (36,37). To do this, we combined the
loading maps of 17 networks into a feature vector to represent an individual’s unique multivariate pattern of functional
topography. Partial least square regression (PLS-R) was used
to test whether functional network topography could predict
unseen individuals’ 4 correlated dimensional scores (i.e., fear,
psychosis, externalizing, and anxious-misery) from the
correlated traits model. Subsequently, the same methods
were used to predict each dimension (including overall psychopathology factor) from the bifactor model. We used nested twofold cross-validation (2F-CV), with an outer loop
evaluating the generalization of the model to unseen individuals and an inner-loop selecting optimal parameters
(number of components, L) (Figure S3 in Supplement 1). We
evaluated each prediction by the Pearson correlation coefﬁcient (r) between the actual and predicted scores, as well as
by the mean absolute error (MAE). Because the split into two
halves was random, we repeated the above 2F-CV procedure
101 times and summarized the prediction accuracy using the
median of the distribution. We used 101 repetitions rather
than 100 to facilitate the selection of a median value. Within
each fold of cross-validation, we regressed out age, sex, and
motion from each feature in the training data using a linear
model. The acquired coefﬁcients estimated from the training
data were used to regress these covariates from each feature
of the testing data. This procedure prevents leakage of information between training and testing data, which can lead
to overﬁtting. See Supplemental Methods for the details of
prediction analysis.
The signiﬁcance of the prediction was evaluated using
permutation testing, which estimates the empirical distribution of the prediction accuracy under a null hypothesis that
there is no association between the pattern of functional
topography and major dimensions of psychopathology. The
null distribution was generated by executing the whole prediction procedure 1000 times, each time permuting the psychopathology factors across training samples without
replacement. Bonferroni correction was applied to permutation testing p values to account for multiple predictions (i.e., 4
dimensions).
In each multivariate model, every vertex received a feature
weight for each network (i.e., 17 values per vertex). The absolute value of the weight quantiﬁes the importance of the
feature in the predictive model, while the sign indicates a
negative or positive association between network loading and
the dimensions of psychopathology. Across the 101 split-half
runs, we evaluated the median weight for each feature to
summarize the contribution weight. To derive a network-level
summary measure, we summed all feature weights within
each network. A positive network-level weight would indicate
that a network has greater representation in individuals with
more symptoms, while a negative network-level weight would
indicate that a network has a reduced representation in individuals with more symptoms (see Supplemental Methods for
more details). We also examined the spatial location of
important model features on the cortex by summarizing the
overall contribution of each cortical location (vertex) using the
sum of the absolute weights of this vertex across all 17
networks.

Linking Functional Network Topography and
Pattern of Psychopathology Items Using PLS
Correlation
We further validated the association between topography and
overall psychopathology by relating functional topography to
all 112 item-level psychopathology data using PLS correlation.
PLS correlation aims to ﬁnd pairs of latent components with
maximal covariance; we focused on the ﬁrst pair of latent
components, which captured the highest and the most stable
covariance (Figure S10 in Supplement 1). As in the PLS-R
analysis, repeated 2F-CVs were used to evaluate the out-ofsample correlation of the ﬁrst pair of components. As in prior
work (38,39), we evaluated the contribution of each psychopathology item and topography features to the ﬁrst pair of
latent components. See Supplemental Methods for details.

RESULTS
Personalized networks were generated using NMF; this probabilistic (soft) parcellation can be converted into a discrete
(hard) parcellation by labeling each vertex according to its
highest loading using NMF (Figure 1). As in previous work (10),
we named each personalized network according to its overlap
with the canonical 17-network solution deﬁned by Yeo et al.
(1). The spatial layout of these networks was largely similar to
our prior work (10), with only subtle distinctions observed in
this sample, which includes persons with more severe psychopathology who were excluded from the previous study. As
expected, across-subject variability of personalized functional
network topography was highest in the association cortex
(Figure S4A, B in Supplement 1).

Functional Topography Predicts Correlated
Dimensions of Psychopathology
We next related the topography of personalized networks to
major dimensions of psychopathology, including fear, psychosis, externalizing, and anxious-misery from the correlated traits
factor model (Figure 2A). We observed high interfactor correlations among the 4 dimensions (mean r = 0.71) (Figure S5 in
Supplement 1) and substantial similarities in the presence of
each factor across screening diagnoses (Figure 2A). Using PLSR, we found that the complex pattern of network topography
could signiﬁcantly predict unseen individuals’ dimensional
scores of psychopathology. Speciﬁcally, we found that functional topography could predict symptoms of fear (r = 0.20,
Bonferroni-corrected permutation testing p value [pBonf] , .001,
MAE = 0.86) (Figure 2B), psychosis (r = 0.16, pBonf , .001,
MAE = 0.89) (Figure 2C), externalizing (r = 0.14, pBonf , .001,
MAE = 0.84) (Figure 2D), and anxious-misery (r = 0.11, pBonf =
.008, MAE = 0.89) (Figure 2E). These Bonferroni-corrected
permutation tests indicate that the correlation between actual
and predicted scores was signiﬁcantly higher than expected by
chance for each of the 4 dimensions (Figure 2F).

Major Dimensions of Psychopathology Are
Predicted by Similar Patterns of Functional
Topography
We found that the network contribution weights were mainly
negative in association networks, suggesting reduced cortical

Biological Psychiatry December 15, 2022; 92:973–983 www.sobp.org/journal

975

Biological
Psychiatry

Personalized Functional Topography and Psychopathology

Figure 1. Group atlas used to initialize personalized functional networks. A group atlas was constructed to ensure correspondence across
individuals; this group atlas was tailored to each
individual to yield personalized networks. The networks in the group atlas include visual (networks 5,
7, and 15), somatomotor (networks 1, 2, 11, and 16),
auditory (network 12), dorsal attention (network 13),
ventral attention (networks 4 and 10), frontoparietal
control (networks 9, 14, and 17), and default mode
(networks 3, 6, and 8) networks. In this atlas, there
are 17 loadings for each vertex that quantify the
extent to which the vertex belongs to each network.
For each loading map, brighter colors indicate
greater loadings. Vertices can be assigned to the
network with the highest loading, yielding a discrete
network parcellation (center).

representation in association networks with more severe
symptoms (Figure 3). For example, feature weights in frontoparietal networks (networks 9 and 17) were negative in models
of each of the 4 correlated dimensions (Figure 3A–D). In
addition, we found the largest negative feature weights in the
ventral attention network (network 4) for psychosis (Figure 3B)
and anxious-misery symptoms (Figure 3D), and the largest
negative feature weights in the dorsal attention network
(network 13) for externalizing symptoms (Figure 3C). In
contrast, positive feature weights were mainly observed for
somatomotor and visual networks, indicating a greater relative
cortical representation of these networks in those with higher
psychopathology symptoms.
Examining the contribution of each cortical location, we
observed that vertices in the prefrontal, parietal, and temporooccipital cortices contributed most to predict the burden of
psychopathology. This pattern was notably consistent across
all 4 dimensions, including fear (Figure 3E), psychosis
(Figure 3F), externalizing (Figure 3G), and anxious-misery
(Figure 3H). Using spatial permutation testing (Supplemental
Methods), we found that the cortical distribution of contribution weights was similar across all dimensions (all pairwise spin
testing p values , .001, mean pairwise r = 0.78) (Figure S6 in
Supplement 1).
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Overall Psychopathology Underlies the Similar
Patterns of Functional Topography That Predict
Dimensions of Psychopathology
The above analyses established that functional topography
predicted the 4 correlated dimensions of psychopathology and
that the patterns of feature weights driving these predictions
were similar. These results prompted the hypothesis that these
shared associations might be driven by a general psychopathology factor that captures symptoms integral to all 4 dimensions of psychopathology. To test this hypothesis, we
used orthogonal dimensions of psychopathology from the
bifactor model, which includes overall psychopathology, fear,
psychosis, externalizing, and anxious-misery (Figure 4A).
Averaging factor scores by screening diagnostic category
revealed that overall psychopathology was high across all
disorders. After parsing out the effects of overall psychopathology factor, each disorder became more distinct in terms of
the presence and severity of fear, psychosis, externalizing, and
anxious-misery symptoms (Figure 4B).
We found that the multivariate pattern of functional topography signiﬁcantly predicted overall psychopathology factor in
unseen participants (r = 0.16, permutation testing p , .001,
MAE = 0.87) (see Figure 5A, B). We found the largest negative
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Figure 2. Functional topography predicts individual differences in major dimensions of psychopathology. (A) A conﬁrmatory correlated traits
analysis of 112 psychopathology symptoms previously used to calculate scores on the 4 correlated
dimensions of psychopathology, including fear,
psychosis, externalizing, and anxious-misery. Mean
and standard error of the mean (SEM) of factor
scores are displayed for each diagnostic category.
As expected, dimensional symptom proﬁles are
substantially similar across screening diagnostic
categories, as revealed by mean factor scores
across participants of each diagnostic category. See
Table S1 in Supplement 1 for the number of participants in each category. (B–E) Functional topography predicts unseen individuals’ dimensions of
psychopathology, including fear (B), psychosis (C),
externalizing (D), and anxious-misery (E). The data
points represent the predicted scores (y-axis) of
participants in a model trained on independent data
using twofold cross-validation, which was implemented by splitting all participants into two subsets.
In each panel, the dark and light colors represent
participants of the two subsets, respectively. The p
values derived from permutation testing with Bonferroni correction indicated that the actual prediction
accuracy (i.e., mean correlation r between two folds)
was signiﬁcantly higher than that expected by
chance for all 4 dimensions. (F) Distribution of prediction accuracy values (i.e., correlation r) from
permutation testing (small dots and histogram/boxplot) and the actual prediction accuracy (large dot).
ADHD, attention-deﬁcit/hyperactivity disorder; MDD,
major depressive disorder; OCD, obsessivecompulsive disorder; ODD, oppositional deﬁant
disorder; PS, psychosis spectrum; PTSD, posttraumatic stress disorder; Sep Anxiety, separation
anxiety; Soc Phobia, social phobia; Spec Phobia,
speciﬁc phobia; TD, typically developing.

contribution weights in multiple association networks,
including the ventral attention (network 4), frontoparietal
(network 17), and dorsal attention (network 13) networks
(Figure 5C), suggesting that the reduced cortical representation of these networks drove the prediction of overall psychopathology. In contrast, the contribution weights were
mainly positive in the somatomotor (networks 2 and 16) and
visual (network 5) networks (Figure 5C). To further examine
these features, we evaluated the features with the highest (top
25%) absolute contribution weights (Figure S7 in Supplement

1). We observed that vertices in the ventral attention
(network 4; Figure 5D) and frontoparietal (e.g., network 17;
Figure 5E) networks were predominantly assigned negative
weights.
We next summed the 17 absolute contribution weights for
each vertex across networks and found that the vertices in the
prefrontal cortex and temporo-occipital junction contributed
the most to prediction of the overall psychopathology
(Figure 5F). This contribution pattern aligned well (mean r =
0.86, all spin testing p values , .001) with the patterns of
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Figure 3. The 4 major dimensions of psychopathology are predicted by similar patterns of functional topography. (A–D) Summing the model
weights of all vertices within each network revealed
that reduced cortical representation in association
networks drove the prediction of fear (A), psychosis
(B), externalizing (C), and anxious-misery (D)
symptoms. (E–H) At each location on the cortex,
the absolute weight of each network was summed,
revealing that the prefrontal, parietal, and occipitaltemporal cortices contributed the most to the
multivariate model in the prediction of fear (E),
psychosis (F), externalizing (G), and anxious-misery
(H) dimensions. AU, auditory; DA, dorsal attention;
DM, default mode; FP, frontoparietal; SM, somatomotor; VA, ventral attention; VS, visual.

contribution weights in the prediction models of the 4
correlated dimensions (Figure 3E–H, above). This result
suggests that to a large extent, the association between
functional topography and the overall psychopathology factor could explain the predictions of the 4 correlated dimensions of psychopathology. Finally, using spatial
permutation testing, we evaluated the association between a
vertex’s contribution to predicting overall psychopathology
(Figure 5F) and its position along a sensorimotor-toassociation cortical hierarchy deﬁned by the principal
gradient of functional connectivity in an independent dataset
(Figure S8). This analysis revealed a signiﬁcant positive correlation (r = 0.23, spin testing p = .018), indicating that the
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transmodal association cortex had higher contribution in the
model (Figure 5G).
Overall, the above results indicated that the contribution
patterns in prediction of overall psychopathology were highly
consistent with those in predictions of the 4 correlated dimensions. We further examined whether functional topography could predict other speciﬁc subfactors from the
bifactor model, which describe speciﬁc dimensions of psychopathology while accounting for overall psychopathology.
We found that functional topography signiﬁcantly predicted
the fear factor but did not predict other speciﬁc dimensions,
including psychosis, anxious-misery, or externalizing (see
Supplemental Results and Figure S9 in Supplement 1 for
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Figure 4. Common and divergent dimensions of
psychopathology revealed by a bifactor model of
psychopathology. (A) A conﬁrmatory bifactor analysis
was conducted on the 112 psychopathology items of
the clinical screening interview to extract the orthogonal dimensions of psychopathology. These included
4 speciﬁc dimensions (i.e., fear, psychosis, externalizing, and anxious-misery) and one common dimension (i.e., overall psychopathology). Mean and
standard error of the mean (SEM) of factor scores are
displayed for each diagnostic category. (B) Mean
factor scores across participants of each diagnostic
category illustrate that each speciﬁc psychopathology
dimension loads more onto the relevant diagnostic
categories, while the overall psychopathology factor
loads onto all diagnostic categories. ADHD, attentiondeﬁcit/hyperactivity disorder; MDD, major depressive
disorder; OCD, obsessive-compulsive disorder; ODD,
oppositional deﬁant disorder; PS, psychosis spectrum; PTSD, posttraumatic stress disorder; Sep Anxiety, separation anxiety; Soc Phobia, social phobia;
Spec Phobia, speciﬁc phobia; TD, typically
developing.

Figure 5. The functional topography of association networks predicts individual differences in the
overall psychopathology factor. (A) Functional
topography predicted unseen individuals’ overall
psychopathology factor scores. Data points represent the predicted scores of the participants in a
model trained on independent data using two-fold
cross-validation. The p value was derived from
permutation testing. (B) Distribution of prediction
accuracies (i.e., correlation r) from permutation
testing (small dots and histogram/boxplot) and the
actual prediction accuracy (large red dot). (C) The
frontoparietal (FP), ventral attention (VA), and dorsal
attention (DA) networks contained the highest
negative contribution weights, indicative of an inverse relationship between the total cortical representation of those networks and overall
psychopathology. (D) Model weights of features
driving prediction mainly represented negative
values in network 4, including the occipital-temporal
junction, insula, and inferior frontal areas. The top
25% of vertices in terms of feature importance are
displayed. (E) The vertices in network 17 also mainly
represented negative contribution weights in prefrontal areas and the occipital-temporal junction. (F)
Vertices located at the prefrontal, parietal, and
occipital-temporal cortices drive the prediction of
overall psychopathology. (G) The vertices that
contributed the most were those sitting at the top of
the principal gradient of functional connectivity (54).
AU, auditory; DM, default mode; SM, somatomotor;
VS, visual.
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details). Notably, all prediction accuracies declined
compared with those of the 4 correlated dimensions, suggesting that the association between functional topography
and individual symptom dimensions was largely explained by
overall psychopathology.
Finally, we examined whether the association between
network topography and overall psychopathology differed by
age and sex by training age- and sex-stratiﬁed prediction
models. We found that the association between topography
and overall psychopathology did not signiﬁcantly differ by age
(younger vs. older: p = .16) or sex (male vs. female: p = .33).
See Supplemental Results for details.

Analysis of Granular Psychopathology Symptoms
Provides Convergent Results
Using PLS correlation to link functional topography and itemlevel psychopathology symptoms (112 items), we found that
the out-of-sample correlation between the ﬁrst pair of latent
components was signiﬁcantly higher than that expected by
chance (r = 0.18, permutation testing p , .001) (Figure 6A, B).
Of the 112 psychopathology items, 108 contributed signiﬁcantly to the ﬁrst component, suggesting that this component
reﬂected overall psychopathology. Moreover, the network
contribution weights of this component were mainly negative
in association networks and were mainly positive in sensorimotor networks (Figure 6C). The cortical spatial distribution of
contribution weights (Figure 6D) was strongly correlated (r =
0.89, spin testing p , .001) (Figure 6E) with the contribution
pattern from the PLS-R prediction model of the overall psychopathology factor. See Supplemental Results for more
details.

DISCUSSION
We found that the spatial topography of large-scale, individualspeciﬁc functional networks was associated with individual
differences in symptom severity of 4 major dimensions of
psychopathology: fear, psychosis, externalizing, and anxiousmisery. Furthermore, we demonstrated that these associations between symptoms and functional topography were
mainly driven by an individual’s level of overall psychopathology (p factor). Critically, reduced cortical representation in
association networks contributed the most to the prediction of
overall psychopathology. Taken together, these ﬁndings suggest that individual differences in the spatial layout of association networks are systematically related to psychopathology
in youth.
This work builds on convergent studies from multiple independent efforts that have demonstrated that there is marked
individual variability in the topography of functional networks
(3–11,26,40–42). Previous studies have reported that the individual variability of functional topography is maximum in association networks in adults (5–7,10); we previously found that
as in adulthood, this is also true in childhood and adolescence
(10). Our data further revealed the clinical relevance of this
variability by demonstrating that individual variation in functional topography is associated with major dimensions of
psychopathology in youth.
Current diagnostic systems (i.e., DSM-5) for psychiatric
disorders assign patients into discrete categories based on
signs and symptoms. However, efforts including the Research
Domain Criteria initiative and the Hierarchical Taxonomy of
Psychopathology have been proposed given increasing
empirical evidence that psychopathology is a dimensional
phenomenon that is highly comorbid in nature (13,15,16,43). In

Figure 6. Linking the topography with item-level
psychopathology symptoms revealed the association between functional topography and overall
psychopathology factor. (A) The out-of-sample
correlation between the ﬁrst pair of topography
and clinical dimension was r = 0.18 (p , .001).
Clinical dimension score was a weighted combination of all psychopathology items (Table S2 in
Supplement 1 for weight of each item), while
topography dimension score was a weighted combination of all network loadings. p value derived from
permutation testing indicated that the actual out-ofsample correlation was signiﬁcantly higher than that
expected by chance. (B) Distribution of out-ofsample correlation from permutation testing (small
dots and histogram/boxplot) and the actual out-ofsample correlation (large red dot). (C) Examining
the contribution weights of the topography pattern in
the ﬁrst latent component by summing the weights
of all vertices within each network revealed that the
contribution weights were highly negative in the
association networks, including frontoparietal (FP)
(networks 9 and 17) and ventral attention (VA)
(network 4) networks. (D) At each location on the
cortex, the absolute contribution weight of each
network was summed, revealing that the prefrontal
cortex and temporal-occipital junction contributed the most to the topography pattern in the ﬁrst component. (E) This contribution pattern was highly
correlated with the one (Figure 5F) from the multivariate prediction model of overall psychopathology factor. AU, auditory; DA, dorsal attention; DM, default
mode; PLS, partial least square; SM, somatomotor; VS, visual.

980

Biological Psychiatry December 15, 2022; 92:973–983 www.sobp.org/journal

Biological
Psychiatry

Personalized Functional Topography and Psychopathology

this study, we identiﬁed 4 correlated major dimensions of
psychopathology that cut across the boundaries of traditional
diagnoses. To parsimoniously account for shared vulnerability
to all 4 symptom dimensions, we also identiﬁed 4 orthogonal
dimensions and one overall psychopathology factor that reﬂects the shared burden of psychopathology across the 4
correlated dimensions (17–20,29).
We found that personalized functional topography signiﬁcantly predicted the 4 major dimensions of psychopathology in
youth. We observed a substantial overlap between brain areas
that strongly contributed to prediction across all 4 of the
models. This overlap could be related to the clinical overlap
among these dimensions, which reﬂects the high level of comorbid psychopathology in individuals (17,20). Further analysis
supported this interpretation by showing that the predictions
were largely explained by overall psychopathology. In particular, the contribution pattern predicting overall psychopathology overlapped with the features that predicted each of the
4 correlated dimensions. After accounting for the overall
psychopathology factor, functional topography no longer
signiﬁcantly predicted speciﬁc factors representing psychosis,
externalizing, or anxious-misery. Together, these results suggest that individual variation in functional topography may
represent a broad vulnerability factor for transdiagnostic
psychopathology.
Consistent with our ﬁndings, prior studies have reported
transdiagnostic disruptions in functional connectivity across
mental disorders (25,44–46) and the associations between
overall psychopathology and both within- and betweennetwork functional connectivity (23,24). However, these
studies calculated functional connectivity by applying a grouplevel functional atlas to individuals. Our results provide novel
evidence that the spatial topography of personalized functional
networks is associated with the level of overall psychopathology. This is critical because topography and connectivity
make distinct contributions to individual differences, and using
a group atlas for individuals’ data aliases the topographical
signal into the measurement of connectivity (9,26). Future
studies could leverage personalized functional parcellations for
the calculation of individuals’ functional connectivity to isolate
the effects of both topography and connectivity (40,47,48).
Moreover, to rigorously validate the association between
topography and psychopathology, we used a rigorous 2F-CV,
which inherently evaluates the generalizability of the association with an unseen individual compared with traditional grouplevel analyses (36,37).
We found that association networks, most notably the
ventral attention and frontoparietal networks, predominantly
displayed negative contribution weights in the prediction
model of overall psychopathology. These results suggest that
greater symptom burden is associated with a reduced cortical
representation of association networks, which involve multiple
brain regions across the prefrontal, parietal, and temporal
cortices (49–51). Previous studies have demonstrated that
dysfunction of the frontoparietal (25,45,52) and ventral attention (25,53) networks is a common factor across a broad range
of mental disorders. Examining the contribution of cortical
location, we observed that the association cortex, which sits at
the top of the cortical functional hierarchy (54), contributed the
most to the prediction of psychopathology. This pattern is

consistent with a prior report that reduced cortical thickness in
the association cortex may represent a transdiagnostic feature
associated with overall psychopathology (55). These results
may emerge given that association cortices support executive,
social, and emotional mental functions implicated in psychopathology (52). Furthermore, the development of association
networks is deﬁned by a prolonged plastic period that enhances vulnerability to abnormal development and thus
dysfunction (51,56).
Several potential limitations should be noted. First, all data
presented were cross-sectional; future studies with longitudinal sampling could further inference within-individual development effects. Second, it should be noted that most effect
sizes in our work are small. However, prior work has consistently demonstrated that small samples systematically inﬂate
the apparent effect size (57,58), where large samples provide a
much more accurate estimate of the true effect size. Third, we
combined data from three fMRI runs, including two with taskregressed data. This approach was motivated by prior evidence that functional networks are primarily deﬁned by
individual-speciﬁc rather than task-speciﬁc factors (34) and
that intrinsic networks during task performance are similar to
those present at rest (32,33). Fourth, certain important psychopathological classes, such as autism spectrum disorder
and substance abuse, were not part of the screening interview
and thus were not included in this analysis. Future studies may
address this by considering broader assessments of psychopathology. Finally, an additional limitation of our approach is
that it did not allow for an effective comparison of functional
topography and functional connectivity. Prior work has
demonstrated that functional topography and connectivity
provide unique information in studies of individual differences
(9,26). However, we could not directly evaluate this in this work
due to the much higher dimensionality of topography features
compared with the lower-dimensional number of connectivity
features between our personalized 17 networks. Moving
forward, use of techniques that delineate higherresolution functional networks would facilitate this line of
investigation.

Conclusions
This study provides novel evidence that personalized functional network topography is related to overall psychopathology in youth. These ﬁndings emphasize the relevance of
personalized functional neuroanatomy to the neurobiological
mechanisms of comorbidity across psychiatric disorders.
Because overall psychopathology in part explains a person’s
liability to diverse symptoms of mental illness, the potential
predictive value of functional topography could potentially aid
in the early identiﬁcation of youths who are at risk of psychopathology. Finally, these results motivate clinical trials of
neuromodulatory interventions that are targeted using
personalized functional neuroanatomy.
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