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W Check for updates

Neuroanatomical findings on youth anxiety disorders are notoriously
difficult to replicate, small in effect size and have limited clinical relevance.
These concerns have prompted a paradigm shift toward highly powered

(thatis, big data) individual-level inferences, which are data driven,
transdiagnostic and neurobiologically informed. Here we built and validated
supervised neuroanatomical machine learning models for individual-level
inferences, using a case-control design and the largest known neuroimaging
database on youth anxiety disorders: the ENIGMA-Anxiety Consortium
(N=3,343; age =10-25 years; global sites = 32). Modest, yet robust, brain-
based classifications were achieved for specific anxiety disorders (panic
disorder), but also transdiagnostically for all anxiety disorders when
patients were subgrouped according to their sex, medication status and
symptom severity (area under the receiver operating characteristic curve,
0.59-0.63). Classifications were driven by neuroanatomical features
(cortical thickness, cortical surface area and subcortical volumes) in fronto-
striato-limbic and temporoparietal regions. This benchmark study within a
large, heterogeneous and multisite sample of youth with anxiety disorders
reveals that only modest classification performances can be realistically
achieved with machine learning using neuroanatomical data.

Anxiety disorders are the most prevalent mental disorders among youth,
with alifetime prevalence estimate of up to 30% (refs.1,2). Most anxiety
disorders develop during the critical transition from adolescence to
young adulthood (10-25 years), affecting millions of youth worldwide
and causing enormous emotional, societal and economic burden®*.
Critically, the COVID-19 pandemic has further exacerbated this alarming
trend, with some experts now even talking about a ‘lost generation’ of
youth®. Psychopathology is less differentiated in youth than in adults,
and thus even less compatible with traditional diagnostic nosology,
which further complicates the situation® ®. Despite these concerns, the
underlying neurobiology of anxiety disordersin youth remainselusive,
making it difficult to pinpoint robust biomarkers and formulate or test
neurobiologically informed treatment and/or prevention strategies*’.

Neuroimaging studies point to anomalies in fronto-striato-limbic
brain circuits and additional sensory regions in youth with anxiety
disorders®®'° that collectively affect the perception, processing and
modulation of emotionally salientinformation (Supplementary Fig.1).
While promising, these neuroimaging findings are often difficult to
replicate and smallin effect size, with marginal clinical relevance**" ™,
These issues may reflect limitations of our currently dominant ana-
lytic approach, which favors disorder-specific analyses rather than
transdiagnostic ones, often within underpowered samples and with
the use of traditional mass univariate analyses that preclude mas-
sively multivariate and individual-level analytics™ . These limitations
have prompted a shift in the field toward highly powered (that is, big
data) individual-level inferences that are data driven, transdiagnostic
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Table 1| Demographic and clinical characteristics for included patients and controls of the three ENIGMA-Anxiety

Working Groups
ENIGMA-Anxiety Working Group Transdiagnostic(32 sites)
PD(12 sites) GAD(16 sites) SAD(13 sites)
Characteristic Patients Controls P Patients Controls P Patients Controls P Patients Controls P
(n=112) (n=813) (n=465) (n=1,084) (n=259) (n=610) (n=823)° (n=1,969)°

Age, years 21.68+2.78 21.73+3.01 0.86 18.39+4.28 16.06+4.35 <0.001 21.36+2.45 2217+2.30 <0.001 19.79+3.90 18.79+475 <0.001
Male/female sex,n  25/87 275/538 0.02 148/317 495/589 <0.001 78/181 188/422 0.90 248/575 773/1196 <0.001
STAI-T score® 50.07+£12.25 - 45.25+1114 - 5212+11.08 - 4810+1.72 -
Medication, n (%)° 37 (35.58) - 91(20.13) - 35(13.57) - 160 (19.98) -

Antidepressants  31(30.39) - 59 (13.05) - 30 (12.35) - 18(14.96) -

Benzodiazepines 6 (8.22) - 30 (6.80) - 0(0) - 36 (4.59) -

Antipsychotics 9(10.98) - 25 (5.67) - 4(1.80) - 37(5.02) -
Comorbid anxiety, n (%)°

PD - - 38(9.43) - 8(3.09) - 36 (5.55) -

GAD 38(34.86) - - - 12 (4.63) - 46 (12.78) -

SAD 32(28.57) - 223(49.34) - - - 223(43.98) -

Mixed? 20 (18.35) - 23(5.71) - 1(0.39) - 41(5.41) -

For age and STAI-T score, values are mean + s.d. *Available data on STAI-T: PD=88, GAD=306 and SAD=182. *Available data on psychotropic medication use at the time of scan: PD=104,
GAD=452 and SAD=258. “Available data on comorbid anxiety disorders: PD=109, GAD=403 and SAD=259. Assigned primary anxiety disorder diagnoses correspond to respective working
groups. “Patients diagnosed with all three anxiety disorders. *Participants present in more than one working group were excluded from transdiagnostic classifications to avoid the use of

duplicated data entries.

and informed by objective neurobiological measures™". This shift is
anticipated to provide mechanistic neurobiological insights that would
help pinpoint reliable biomarkers and potential therapeutic targetsin
individual subjects™".

Theapplication of machine learning (ML) may be particularly use-
ful for this endeavor™*'¢, ML is well suited to dealing with high-dimen-
sional datain a data-driven manner, extracting complex multivariate
patterns that best predict individual-level clinical outcomes'>,
Previous brain-based ML classification studies of anxiety disorders
show that neuroimaging data can distinguish patients from controls
with varying success and accuracies up to 90% (refs. 17-24). Although
these studies are encouraging, most are limited by their use of small,
single-site samples, so it is unclear whether results generalize to data
fromother sites with different demographic (for example, age and/or
sex distribution), clinical (for example, medication, symptom sever-
ity and comorbidity) or technical (for example, scanner, acquisition
protocols and diagnostic assessment) characteristics. To overcome
these limitations, large multisite collaborations have begun to pool
neuroimaging and clinical datasets for coordinated analyses, wherein
all data are preprocessed and analyzed according to harmonized and
standardized protocols. The Enhancing Neuro-Imaging Genetics
through Meta-Analysis (ENIGMA) Consortium is such an initiative
with a massive global reach®?®, and was hence used for this study.
The large-scale, multisite ENIGMA datasets offer ecologically valid
and clinically representative information, which ML algorithms can
exploit to identify multivariate patterns generalizable to the major-
ity of patients, in a realistic fashion” . Although increasing sample
size typically benefits ML performance and generalizability, the use
of retrospectively pooled multisite data may also complicate per-
formance due to the substantial heterogeneity (for example, sample
characteristics and methodology) that is inherently introduced”>°.0n
the other hand, amultisite design may provide more realistic estimates
of performance and canbe used to explicitly test the robustness of pre-
dictive models, whichis anecessary prerequisite forimplementation
into routine care.

In this study, we built and validated neuroanatomical magnetic
resonance imaging (MRI)-based ML models, using the largest multisite
sample of neuroimaging datawith young anxiety patients and healthy

controls (HC) from across the globe (N =3,343 from 32 sites). The
sample was aggregated from three subgroups of the ENIGMA-Anxiety
Working Group comprising the most prevalent youth anxiety disorders:
panicdisorder (PD), generalized anxiety disorder (GAD) and social anxi-
etydisorder (SAD) (Table1)'°. We focused onindividuals between10 and
25yearsold, thus capturing the critical transition from adolescence to
youngadulthood in which these anxiety disorders first develop>**'. ML
classifiers were trained on MRI-derived cortical and subcortical gray
matter features (regional cortical thickness (CT)/surface area (CSA) and
subcortical volume (SCV)) to classify patients versus HC for each anxi-
ety disorder separately (disorder specific) and across anxiety disorders
(hereafter referred to as transdiagnostic classification). Our hypothesis
was that the classifiers would correctly distinguish patients versus HC
above chance level. We aimed for entirely brain-based classifications,
with additional exploratory analyses examining the influence of sex,
medication use, symptom severity and depression comorbidity on
brain-based classification performance.

Results

Primary analyses

Case-control classification performances are summarized in Fig. 1a,
and acomplete overview of results (area under the receiver operating
characteristic curve (AUC), balanced accuracy, sensitivity, specific-
ity and permutation Pvalues) is provided in Supplementary Table 2.
The best classification performance was obtained for PD versus HC
(112 patients with PD and 813 HC; 12 sites) with an average AUC of 0.62
(P=0.027). None of the other disorder-specific classification perfor-
mances were significantly different from chance: GAD classification
(465 participants with GAD and 1,084 HC; 16 sites; average AUC = 0.55,
P=0.605), SAD classification (259 participants with SAD and 610 HC;
13 sites; average AUC = 0.57, P=0.32) and transdiagnostic classifica-
tion (823 participants with any anxiety disorder and 1,969 HC; 32 sites;
average AUC = 0.56, P=0.093). Classification performances obtained
using leave-one-site-out cross-validation (LOSO-CV) were similar to
those obtained with repeated fivefold CV, in which only PD classifica-
tion performed significantly above chancelevel (average AUC = 0.63,
P=0.003), whereas the SAD, GAD and transdiagnostic classifications
failed to surpass chance level (Supplementary Table 3).
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Fig.1| Classification performances for each working group and
transdiagnostic classification performance across working groups. The
box plots summarize scores obtained across the repeated stratified K-fold
CVfolds; the yellow diamonds indicate mean scores, circles indicate outliers,
asterisks depict significance as assessed by label permutation tests and the
dashed line represents chance-level performance. The bounds of the upper
whiskers represent the maximum, the bounds of the lower whiskers represent
the minimum, the center box represents the interquartile range and the mean
isrepresented by the middle horizontal lines. Exact Pvalues, along with all
classification metrics, are provided in Supplementary Table 2. Sample size per

classification task: for PD versus HC, n =112 versus 813; for GAD versus HC, n = 465
versus 1,084; for SAD versus HC, n = 259 versus 610; for any anxiety disorder
versus HC, n = 823 versus 1,969; for male patients versus male HC, n =167 versus
678; for female patients versus female HC, n = 524 versus 1,133; for unmedicated
patients versus HC, n = 641versus 1,969; for medicated patients versus HC,
n=160 versus 1,307; for unmedicated versus medicated patients, n = 251 versus
160; for low-severity anxiety versus HC, n =299 versus 1,422; for high-severity
anxiety versus HC, n = 272 versus 1,449; and for low- versus high-severity anxiety,
n=299 versus 270. a, Classification performances for each working group. b-d,
Transdiagnostic classification performances across working groups.

Exploratory subgroup analyses

Sex. We assessed transdiagnostic case—control classification (across
ENIGMA-Anxiety subgroups) separately for male and female partici-
pants. The performances obtained are summarizedin Fig.1b and Supple-
mentary Table 2. Whereas above-chance-level performance was achieved
formale patients with any anxiety disorder versus male HC classification
(167 patients and 678 HC; 15 sites; average AUC = 0.63, P= 0.007), female
patients with any anxiety disorder versus female HC classification (524
patients and 1,133 HC; 24 sites) failed to surpass chance level (average
AUC =0.57,P=0.218).Supplementary LOSO-CV classifications also did
not surpass chance level (Supplementary Table 3).

Psychotropic medication. The results of the transdiagnostic classifica-
tions based on current psychotropic medication use are summarized
inFig.1cand Supplementary Table 2. The classification of patients who
were unmedicated versus HC (641 patients and 1,969 HC; 32 sites) led
to above-chance-level performance (average AUC = 0.59, P=0.013),
whereas classification of patients who were medicated versus HC (160
patientsand 1,307 HC; 17 sites) failed to surpass chance level (average
AUC = 0.59, P=0.22).Similarly, the classification of patients who were
medicated versus those who were unmedicated (251 medicated and 160
unmedicated patients; 17 sites) failed to surpass chance level (average
AUC = 0.51, P=0.38), aswasthe case for supplementary LOSO-CV clas-
sifications (Supplementary Table 3).

Severity. The results of the transdiagnostic classifications based on
severity (State-Trait Anxiety Inventory-Trait (STAI-T) score of <48

for low-severity and >48 for high-severity anxiety) are summarized in
Fig. 1d and Supplementary Table 2. Low-severity patient vs. HC clas-
sification (299 patients and 1,422 HC; 21 sites) performance was above
chancelevel (average AUC = 0.59, P=0.016), while high-severity patient
vs. HC classification (272 patients and 1,449 HC; 22 sites) failed to
surpass chance level (average AUC = 0.57, P=0.305). Likewise, clas-
sification of low- vs. high-severity patients (299 low- and 270 high-
severity patients; 21 sites) also failed to surpass chance level (average
AUC = 0.52, P=0.235),as was the case for the supplementary LOSO-CV
classifications (Supplementary Table 3).

Comorbid depression. Finally, we performed case-control classi-
fications separately for patients with and without comorbid major
depressiondisorder (MDD). Neither of these classifications surpassed
chance-level performance with either K-fold CV or LOSO-CV (see
‘Comorbid depression subgroup analyses’ in Supplementary Results
for more details).

Featureimportance

PD classifier. We investigated which brain regions contributed the
most to above-chance-level classifications via sign-based consist-
ency mapping. Four brain features emerged as most relevant for PD
versus HC classification (Fig. 2 and Supplementary Table 4). Consistent
positive signs of weights were found for CT in the left middle temporal
gyrus and right rostral anterior cingulate cortex, which would imply
atendency of the support vector machine (SVM) for pushing the clas-
sification toward the PD class given increased CT in these regions.
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Fig. 2| Brainregions contributing the most to classification of PD versus HC.
Shown are —log,,P maps characterizing significant brain regions contributing the
most to classification of PD versus HC, as determined by sign-based consistency
mapping’”’. Hot colors indicate positive weights consistently assigned by the SVM
that drive classification toward the patient class, and cold colors indicate
negative weights that drive classification toward HC. a, Subcortical volumes. b,
Cortical surface area. ¢, Cortical thickness. Z-statistic estimates from p values
(importance scoring) were extracted following a t-test distribution and used to
compute two-tailed -log,,P. a-c, Full region names and associated statistics Z,

p and -log,,Pcanbe foundin Supplementary Table 4. LH, left hemisphere; RH,
right hemisphere. Figure created with the ENIGMA TOOLBOX (https://enigma-
toolbox.readthedocs.io/en/latest/). Note that the derived sign-consistency
Pvalues do not correspond to a univariate group comparison and do not provide
inherent localization information, but represent the most important features of
the multivariate pattern used by the SVM classifier and should therefore be
interpreted with caution (details in ‘Feature importance’ in Supplementary
Methods).

Consistent negative signs of weights were found for the CSA of the
left superior frontal gyrus and for SCV of the left pallidum, which
would imply the opposite tendency of the SVM to assign participants
tothe HC class givenincreased SCV or CSAin these regions. Note that
the derived sign-consistency Pvalues do not correspond toaunivariate
group comparison, but represent the mostimportant features of the
multivariate pattern used by the SVM classifier, and should therefore
be interpreted with caution (details in ‘Feature importance’ in Sup-
plementary Methods).

Sex, medication and severity classifiers. The transdiagnostic clas-
sification of male patients versus male HC comprised seven significant
features: positive signs of weights that pushed the classification toward
the patient class were located in the CT of the right lateral occipital
cortex andright superior frontal gyrus, and consistent negative signs
of weights that pushed classification toward HC were found inboth the
CT and CSA of theright superior temporal gyrus, andinthe CSAinthe
pars orbitalis, parahippocampal gyrus and cuneus cortex in the right
hemisphere (Fig. 3 and Supplementary Table 5).

The transdiagnostic classification of unmedicated patients versus
HC comprised 21significant features (Fig.4 and Supplementary Table 6).
These included consistent positive signs of weights for the right cau-
date SCV;for CTintheright cuneus, left lingual and left superior tempo-
ralgyrus; and for CSAin the left middle temporal gyrus, left entorhinal,
rightsuperior parietal and right posterior-cingulate cortex (classifica-
tiontoward the patient class givenincreased CT or CSA). Negative signs
of weights were found for the SCV of the left caudate and amygdala;

for CT in the left inferior parietal cortex and right middle temporal
gyrus; and for CSA in the right inferior temporal, supramarginal and
left fusiform gyrus, bilateral temporal poles, right bank of the superior
temporal sulcus, right paracentral lobule and left medial orbitofron-
tal and inferior parietal cortex (classification toward HC class given
increased CT, CSA or SCV).

The transdiagnostic classification of patients with low-severity
anxiety versus HC comprised six significant features (Figs. 5 and 6
and Supplementary Table 7). Positive signs of weights were found for
CTinthe right inferior parietal cortex and for CSA in the right rostral
anterior cingulate and left entorhinal cortex (classification toward
patient class given increased CT or CSA). Consistent negative signs
of weights were found for CT and CSA in the right inferior temporal
gyrus, and for CSAin theright pars triangularis (classification toward
HC class givenincreased CT or CSA).

Discussion

In this study we benchmarked classification of youth with anxiety
disorders based entirely on brain morphology, using structural MRI
data from the large-scale multisite ENIGMA-Anxiety Working Group,
comprising a heterogeneous sample of 3,343 participants from 32
international sites. Modest classification performance was achieved
for PD versus HC (AUC = 0.62), but classification performances of
SAD, GAD or any anxiety disorder (transdiagnostic) versus HC failed
to surpass chance-level significance. However, modest transdiagnos-
tic classifications were obtained in exploratory subgroup analyses of
male patients versus male HC, unmedicated patients versus HC and
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Fig. 3| Brainregions contributing the most to classification of male patients
versus male HC. Shown are -log,,P maps characterizing significant brain regions
contributing the most to the classification of male patients versus male HC across
working groups, as determined by sign-based consistency mapping’®. Hot colors
indicate positive weights consistently assigned by the SVM that drive classification
toward the patient class, and cold colors indicate negative weights that drive
classification toward HC. a, Subcortical volumes. b, Cortical surfacearea.c,
Cortical thickness. Z-statistic estimates from p values (importance scoring) were
extracted following a t-test distribution and used to compute two-tailed -log,,P.

a-c, Full region names and associated statistics Z, p and -log,,Pcan be foundin
Supplementary Table 5. LH, left hemisphere; RH, right hemisphere. Figure created
with the ENIGMA TOOLBOX (https://enigma-toolbox.readthedocs.io/en/latest/).
Note that the derived sign-consistency P values do not correspond to a univariate
group comparison and do not provide inherent localization information, but
represent the most important features of the multivariate pattern used by the SVM
classifier and should therefore be interpreted with caution (details in ‘Feature
importance’in Supplementary Methods).

patients with low-severity anxiety versus HC (AUC = 0.59-0.63). These
disorder-specific and transdiagnostic subgroup classifications were
based onspecific neuroanatomical features in fronto-striato-limbic and
temporoparietal regions. This study shows thatinalarge, heterogene-
ousand multisite sample of youth with anxiety disorders, only modest
classification performances can realistically be achieved based on
neuroanatomical data. That said, the obtained classification accuracies
do roughly translate into a medium effect size, with our results being
onpar withrecent brain-based ML classifications of psychopathologies
conducted in ENIGMA and other multisite consortia.

PD classifier

Weidentified several brainregionsimportant for PD classification: CT
of the left middle temporal gyrus and right rostral anterior cingulate
cortex, along with the CSA of the left superior frontal gyrus and SCV of
the left pallidum. The middle temporal gyrusisinvolved in several cog-
nitive processes, including multimodal sensory integration, semantic
processing and processing of emotions® ‘. This structure isembedded
within the temporal lobe and the broader limbic system involved in
emotional responding, andis thought to play arolein PD pathophysiol-
ogy>*°. Perturbed temporal lobe gray matter volume (GMV), specifi-
callyinthe middle temporal gyrus and transverse temporal gyrus, are
reported in adult patients with PD**%, The anterior cingulate cortex
isakeyregionforPDasitisimplicated in the modulation of both nor-
mal and pathological anxiety, with voxel-based morphometry meta-
analyses linking its disintegrity to PD diagnosis across age groups*".
Several studies also report alterations in task-based anterior cingulate

cortex activity in response to successful activation associated with
treatment response toward cognitive-behavioral therapy****. The supe-
rior frontal gyrus is involved in cognitive control and emotion regula-
tory processes, and several studies link abnormal GMVin this region to
PD pathophysiology*****°, Finally, the pallidum is part of the lenticular
nucleus residing in the basal ganglia, and is a convergence point for
limbicreward signals and isinvolved indiverse cognitive, affective and
motor processes*’. Voxel-based morphometry meta-analyseslink GMV
anomalies within the lenticular nucleus to clinical anxiety in general®,
and specifically in adult patients with PD¥. Altogether, these findings
suggest that brainregions deemed important for PD classificationare
plausibleandinline with previous literature. However, considering the
fairly modest classification performance of the model, caution should
be exercised in interpreting these identified brain regions.

Sex, medication and severity classifiers

We investigated transdiagnostic classifications for subgroups with
particular demographicor clinical characteristics (sex, medication use,
symptom severity and comorbid MDD), with the goal of reducing heter-
ogeneity across sites and to potentially boost performance. Transdiag-
nostic case-control classifications were significantly above chance level
for some of the specified subgroups (AUC up to 0.63, P < 0.05) but not
for the entire sample (AUC = 0.56, P=0.093). As depicted in Figs. 2-5,
the multivariate neurostructural pattern behind these transdiagnostic
subgroup classifications comprised fronto-parieto-limbic regions pre-
viously linked to anxiety and its associated demographic (that is, sex)
and clinical (thatis, severity or medication use) characteristics®*** ¢,
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Fig. 4| Brain regions contributing the most to classification of unmedicated
patients versus HC. Shown are -log,,P maps characterizing significant brain
regions contributing the most to classification of unmedicated patients versus
HC across working groups, as determined by sign-based consistency mapping’®.
Hot colorsindicate positive weights consistently assigned by the SVM that drive
classification toward the patient class, and cold colors indicate negative weights
thatdrive classification toward controls. a, Subcortical volumes. b, Cortical
surface area. ¢, Cortical thickness. Z-statistic estimates from p values
(importance scoring) were extracted following a t-test distribution and used to

compute two-tailed -log,,P. a-c, Full region names and associated statistics Z, p
and -log,,Pcan be found in Supplementary Table 6. LH, left hemisphere; RH,
right hemisphere. Figure created with the ENIGMA TOOLBOX (https://
enigma-toolbox.readthedocs.io/en/latest/). Note that the derived sign-
consistency Pvalues do not correspond to a univariate group comparison and do
not provide inherent localization information, but represent the most important
features of the multivariate pattern used by the SVM classifier and should
therefore be interpreted with caution (details in ‘Feature importance’in
Supplementary Methods).

Whereas transdiagnostic classification of male patients with anxi-
ety versus male HC could bereliably achieved (AUC = 0.63, P= 0.007),
this was not the case for female participants. Interestingly, such male-
specific effects also emerged in a recent ENIGMA-Anxiety GAD case-
controlgroup comparison*?, while increased variability in female brain
structure due to menarche, menstrual cycle and hormonal contracep-
tivesisalso suggested”. We also found that patients who were not medi-
cated could be distinguished fromHC (AUC = 0.59, P= 0.013), which was
not the case for classification of patients on medication versus HC or
patients who were medicated versus those who were unmedicated. One
may speculate that heterogeneity in medication type, dose or duration
among patients who are medicated could differentially influence brain
structure and render classification more complicated. Alternatively,
psychotropic medication use may normalize some neurostructural
alterations in patients with anxiety*’—a phenomenon also seen in
other psychopathologies*®*°—this may complicate classification of
HC from their peers with unmedicated anxiety. Longitudinal studies
that incorporate more detailed medication information may provide
better insight into the short- and long-term effects of medication on
brainstructureineach specificdisorder and across anxiety disorders.

Similarly, whereas patients with low-severity anxiety (asindexed
by abelow-median STAI-T score) could be distinguished from HC above
chancelevel (AUC = 0.59, P=0.016), this could not be achieved for clas-
sification of patients with high-severity anxiety versus HC or patients
with high-severity versus low-severity anxiety. Although this result
might be counterintuitive, it could be attributed to possible divergent
brain abnormalities in patients with high-severity PD, SAD or GAD
(for example, larger or smaller CT, CSA and/or SCV depending on the

disorder), or to different variances in age (P < 0.001), sex (P=0.02)
and medication status (P < 0.001) we identified between patients with
low- and high-severity anxiety. The heterogeneity in the high-severity
group might be exacerbated by medication effects as severity and
medication status were found to be positively correlated (¢ = 0.21,
P <0.001), which could further limit the ability of the classifier to find
common brain abnormalities across these patients. Nonetheless, the
significance (or lack thereof, following permutation testing) for certain
classifications could also reflect false positives or false negatives, and
additional research is clearly needed to further explore, validate and
refine these subgroup findings. Ideally, we would have also tested these
subgroup classifications for each anxiety disorder separately, but this
was simply not feasible given the small number of patients who would
have remained after selection.

Finally, these subgroup classifications obtained with K-fold CV
did not pass chance-level significance in our supplementary analyses
using LOSO-CV. The discrepancy between the performances obtained
with LOSO-CV and K-fold CV may be attributed to the different levels
of generalizability being assessed. LOSO-CV reflects arealistic clinical
scenario in which a model must generalize to entirely new samples™®.
In contrast, K-fold CV pools samples to identify common abnormali-
ties that lead to optimal performance across all sites. Therefore, both
CV approaches provide complementary sources of information. The
lower performances obtained with LOSO-CV compared with K-fold CV
were also found in similar multicenter classification studies on bipo-
lar disorder (BP), autism, schizophrenia and obsessive-compulsive
disorder (OCD)*****°*, and are likely due to increased heterogeneity
between the training and test samples. By leaving out an entire site,
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Fig. 5| Brainregions contributing the most to classification of low-severity
anxiety versus HC. Shown are —log,,P maps characterizing significant brain
regions contributing the most to classification of low-severity anxiety versus HC
across working groups, as determined by sign-based consistency mapping’®. Hot
colorsindicate positive weights consistently assigned by the SVM that drive
classification toward the patient class, and cold colors indicate negative weights
that drive classification toward controls. a, Subcortical volumes. b, Cortical
surfacearea. ¢, Cortical thickness. Z-statistic estimates from p values
(importance scoring) were extracted following a t-test distribution and used to

compute two-tailed -log,,P. a-c, Full region names and associated statistics Z, p
and -log, P canbe found in Supplementary Table 7. LH, left hemisphere; RH, right
hemisphere. Figure created with the ENIGMA TOOLBOX (https://enigma-
toolbox.readthedocs.io/en/latest/). Note that the derived sign-consistency P
values do not correspond to a univariate group comparison and do not provide
inherent localization information, but represent the most important features of
the multivariate pattern used by the SVM classifier and should therefore be
interpreted with caution (details in ‘Feature importance’ in Supplementary
Methods).

specific demographic, clinical and scanner parameters from that site
arenotaccounted for, whereas (site-stratified) K-fold CV ensures equal
representation of each sitein both training and test sets. Inaddition, it
isworthnotingthat our study included many small sites. Consequently,
LOSO-CV generated numerous small test folds that can lead to high
variance in estimated performance, and may result in biased classifi-
cation rates®>, For these reasons, K-fold CV was incorporated in our
main analyses, whereas LOSO-CV served as a supplementary method
and complementary source of information. Nevertheless, given the
discrepancies between the obtained performances with LOSO and
K-fold CV for subgroup classifications, caution should be exercised in
their interpretation.

Classifier performance and site effects

Our results are on par with other ENIGMA studies (on OCD, BP and
MDD) that used FreeSurfer data for case-control classificationinamul-
tisite setting, with AUCs ranging between 0.62 and 0.72 (refs. 27-29).
Similar to our results, none of the obtained performancesreached the
clinical threshold of AUC > 0.80 (ref. 54). These findings suggest that
although there could be significant case-control differences in CT,
CSA and/or SCV on the group level, parcellated structural MRI data
may at the moment not fully allow for clinically relevant case-control
distinctions at the individual level. Notably, the classification per-
formances obtained here (AUCs up to 0.63) translate to effect sizes
(Cohen’sd = 0.47; medium effect size; see ref. 30 for AUC to effect size
conversion) typically larger than those obtained in previous ENIGMA
univariate case-control analyses of FreeSurfer dataamong psychiatric
populations. This includes case-control analyses of OCD (maximum

Cohen’sd =-0.33 for CSA), BP (maximum Cohen’s d = —0.29 for SCV),
schizophrenia (maximum Cohen’s d = -0.46 for SCV), MDD (maxi-
mum Cohen’sd =-0.2for SCV, but up to —0.57 for CSA in adolescents
versus matched controls) and attention deficit hyperactivity disorder
(maximum Cohen’s d = -0.19 for SCV)***>**, However, one should be
cautious in directly comparing the above-mentioned effect sizes, as
our AUC-converted effect size was based on a multivariate method
estimated through CV (out of sample), whereas the case-control effect
sizesareinsample and univariate in nature. Future studies could apply
more fine-grained neuroanatomical features (for example, voxel-wise
or vertex-wise maps), measures of brain connectivity and network
function or even multimodal datain combination with more sophisti-
cated classification methods (for example, deep neural networks)™%.
A combination of these options s postulated to improve classification
performances compared with shallow ML algorithms applied to low-
resolution data®.

Previous structural and functional MRI-based classification stud-
ies onanxiety disorders have claimed to distinguish patients from HC,
with AUCs reaching over 0.80 (refs. 17-24). However, these studies
relied onsmall samples (N <100) susceptible to unstable performance
estimations during CV**°, in which inflated performances are likely
to be over-represented through publication bias or insufficient test-
ing®®. Inaddition, studies typically used data from a single research
site, and performance typically drops when models are tested on
unseen datafrom other sites. The large-scale, multisite ENIGMA data-
base used here provides clinically representative information, which
may be used by ML algorithms to identify multivariate patterns gen-
eralizable to patients across different sites”’ *. Having a large sample
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Fig. 6 | Simplified visual representation of the ML pipeline. (1) ML algorithm
training based on labeled FreeSurfer features (CT or CSA and SCV); (2) this results
inamodel Mthat uses a discriminative subset of these features (feature vector)
to classify patients versus controls® via an optimal separating hyperplane within
the entire feature space®. Output valuey (distance to hyperplane) indicates

how precisely or accurately the model performs when applied to a participant’s
feature vector (blue represents HC; red represents patients)*. (3) False-negative
and false-positive classifications are enclosed within overlapping parts of the
separating hyperplane distribution®’. Figure adapted with permission from ref. 30
under a Creative Commons license CC BY 4.0.

size and thus more data for model training and testing is typically ben-
eficial for ML, and leads to more reliable performance estimates®*°"**,
However, pooling existing datain amultisite context like ENIGMA may
alsoreveal that classification methods have poorer true performance
inreality, due to the realistic heterogeneity in sample characteristics,
hardware and methodology that is actually represented®?5*°, These
global between-site differences, referred to as ‘site effects’,can hamper
the ability of the classifier to find common brainabnormalities between
patients and HC across different sites in the performed classification
tasks (thatis, disorder-specific and transdiagnostic classifications). Site
effects can also leave confounds in the data that obscure interpreta-
tions, impair the generalizability and reproducibility of classification
models and lead to biased performance”®,

We addressed site effects by standardizing neuroimaging data
from each site according to their HC reference group. Without site-wise
scaling, the SVM was able to accurately predict to which site a given
participant belongs, but not when site-wise scaling was applied (Sup-
plementary Table 8). Performances obtained for our main classifica-
tions using K-fold CV were comparable to LOSO-CV, further indicating
that our standardization approach effectively harmonized data across
sites; but this was not the case for our exploratory subgroup analyses
inwhich none of the classification performances obtained with LOSO-
CVsurpassed chancelevel. However, we also accounted for site effects
in our permutation-testing framework by restricting the exchange-
ability of class labels to each site so that remaining site effects would
be incorporated in the obtained null distribution (see ‘Site effects’ in
Supplementary Discussion)®. There are other methods available to
handle site effects, such as ComBat and normative modeling, but the
assumptions for these techniques (for example, n > 25 subjects per site,
balanced samples and overlapping distribution of covariates across

sites) are violated here, rendering them unsuitable for this study®>*.
Future classification studies on datafrom the ENIGMA-Anxiety Working
Group using larger samples could investigate the feasibility of other
site-harmonization techniques.

Strengths and limitations

The key advantages of this study include the large worldwide sample
(N=3,343 from 32 sites), access to individual-level data and the con-
servative nature of the analyses wherein possible site effects, data
leakage and overfitting were stringently confronted. The international
heterogeneity and multisite nature allowed us to test ML classifications
onawiderange of participants, more closely resembling the real-world
clinical situation. Notwithstanding these strengths, there are several
limitations to consider. We used a global and retrospectively pooled
datasample, where no harmonization of scanning acquisition or sample
inclusion was performed. These sources of heterogeneity may have
limiting effects on classification performance, but also provide an
opportunity for a more realistic evaluation across samples that bet-
ter represent the wide range of characteristics seen in the real-world
population. This would be considered a strength, as it is necessary to
evaluate whether results are reliable across a variety of hardware and
protocols.

As we specifically focused on youth (10-25 years), we had to
exclude participants from each sample outside this age range and
ended up with a relatively large number of sites with small sample
sizes. This limited our options for site-effect harmonization, and led to
insufficient sample sizes per site toinvestigate subgroup classifications
for each anxiety disorder separately. Also, whereas developmentally
driven heterogeneity may have been at play, the sample size (especially
patients) made it practically impossible to formally test this, as we
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lacked sufficient data for training or testing folds per meaningful age
grouping. However, supplementary analyses were run to assess the
link between age and classification performance within the transdiag-
nostic sample among different age groups (early adolescence =10-14;
middle adolescence =15-17; late adolescence and young adulthood =
18-25)"%%%°, As seen in Supplementary Fig. 2, there was no statistically
significant association between the obtained performances and age
groups (r=-0.50, P=0.667), suggesting that the model performed
equally well across the age spectrum investigated. Also, we only had
access to regional brain measures (FreeSurfer features), not raw or
voxel-wise data or other brain-imaging modalities (for example, func-
tion or connectivity). Incorporation of these additional dataforms, and
use of more sophisticated ML algorithms (for example, deep learning)
better suited to handling massively multimodal data, might further
improve classification performances reported here®. In addition, we
would have ideally also run subgroup classifications for each anxiety
disorder separately to gain deeper insightsinto disorder-specific heter-
ogeneity, asafunction of clinical or sociodemographic characteristics.
However, meaningful and consistent subgroup classifications for each
anxiety disorder proved infeasible given the small number of patients
whowould have remained after selection (Supplementary Table 9). This
precluded us from effectively probing disorder-specific heterogeneity
ineach anxiety disorder, something that future work should consider.

Finally, whereas brain data were available for each participant, this
was not the case for detailed clinical or sociodemographic data, making
itdifficulttotest the added value of brain-based classifiers compared
with conventional clinical or sociodemographic information. This is
especially relevant for ML classifications of clinically anxious youth,
asthese types of data have been shown to produce comparable perfor-
mances**. Although the purely brain-based classifications as reported
here may serve as a benchmark, the potential added value of routine
clinical data (predictive, inexpensive and easy to collect compared with
neuroimaging data) should be acknowledged and ideally incorporated
in future classification studies**. Recent studies in psychiatric youth
have shown that using amultimodal approach that combines MRIwith
other datamodalities (for example, questionnaires, cognitive tests and
genetics) canlead to better diagnostic classifications**. Moreover, the
only data-driven, computational diagnostic tool currently approved
by the US Food and Drug Administration for child and adolescent
psychiatry is one that combines neuro-bio-behavioral data**’°. Future
directions for clinical utility could also involve assessments that are
specifically tailored to youth (for example, smart phones, social media,
virtual reality and gaming) along with net-benefit analyses**. An excit-
ing approach within the field is one that entails multiple sequential
stepsinformed by big data analyses with ML algorithms, whichimple-
ment cost-effective sequences of clinical and neuro-bio-behavioral
assessments to maximize predictive power and clinical utility**”".
Further research in this area could help move the field toward true
translational impact.

Conclusion

Thisstudy shows thatinalarge, heterogeneous and multisite sample of
youth with anxiety disorders, only modest classification performances
canrealistically be achieved with machine learning using neuroanatom-
ical data. That said, the obtained classification accuracies do roughly
translateinto amedium effect size (Cohen’sd = 0.47; see ref. 30 for AUC
to effect size conversion), with our results being on par with recent
brain-based ML classifications of psychopathologies conducted in
ENIGMA and other multisite consortia” . This classification study sets
abaseline for the ENIGMA-Anxiety Working Group, and is animportant
step toward the development of models that could ultimately inform
early detection, prevention and care among clinically anxious youth.
Future work should probe and evaluate the added value compared
with more conventional diagnostic tools, such as structured clinical
interviews and questionnaires.

Methods

Study sample

Participants were included from three ENIGMA-Anxiety Working
Groups: PD (12 sites), 112 patients and 813 controls; GAD (16 sites),
465 patients and 1,084 controls; and SAD (13 sites), 259 patients and
610 controls (the STROBE statement flowchart is provided in Sup-
plementary Information). All participants included in the analysis
were between 10 and 25 years of age. HC were free of past and present
psychopathology and psychotropic medication use at the time of
inclusion. Comorbid anxiety disorders (PD, GAD or SAD) were pre-
sent in some patients, and their assigned primary diagnosis (anxiety
disorder accordingto the Diagnostic and Statistical Manual of Mental
Disorders, Fourth or Fifth Edition)”"” corresponds to their respective
working group. Participants’ demographic and clinical characteristics
aresummarizedin Table 1. For an overview per site, see Supplementary
Table1. Dataon ethnicity were not collected by the majority of sites and
therefore could not be robustly analyzed, although the global nature
of our dataset seems to afford adequate ethnic representation. This
study was conducted in accordance with the Declaration of Helsinki.
Individual studies were previously approved by the relevant local
ethical review boards, with this study falling under the guidelines of
those ethical review boards for secondary use of collected data. All
participants or caretakers provided written informed consent.

Image acquisition and processing

Structural T1-weighted three-dimensional brain MRI scans were
acquired and processed either locally at each site (PD and SAD data)
or centrally (GAD data) using standardized protocols for harmonized
analysis and quality control. Images were acquired at different field
strengths (1.5 Tesla or 3.0 Tesla); sample-specific acquisition param-
eters are listed elsewhere’. Regional mean CT, CSA and SCV were
extracted from the brain images using FreeSurfer (v.5.3 or v.6.0)™.
Parcellations or segmentations were visually inspected and statistically
evaluated for outliers. For each subject, CSA and CT were calculated for
68 cortical Desikan—-Killiany atlas-based regions (34 per hemisphere)”.
In addition, gray matter SCVs were extracted for seven structures
per hemisphere (nucleus accumbens, putamen, pallidum, caudate,
thalamus, amygdala and hippocampus), along with lateral ventricle
volumes. This yielded a total of 152 FreeSurfer features per subject for
classification.

Multivariate brain-based classification

Primary analyses. As shown in Fig. 6, fully brain-based classification
tasks were performed with linear SVMs, one of the most commonly and
successfully used algorithms in the field">**"°. We performed disorder-
specific case-control classification for eachworking group separately
(PD versus HC, GAD versus HC and SAD versus HC). We also performed
atransdiagnostic classification for patients with any anxiety disorder
(PD or GAD or SAD) versus HC using pooled samples across the three
working groups. Atotal of 561 participants (545 HC, 5 patients with GAD
and 11 patients with SAD) whose data were present in more than one
working group were included only once in transdiagnostic classifica-
tions toavoid the use of duplicated data. Participants with missing data
thathadless than75% of combined cortical and subcortical FreeSurfer
features were excluded (14 HC and 3 patients with PD).

Classification performance was evaluated using stratified five-
times-repeated five-fold CV, following guidelines for the field*>””. The
proportion of patients and controls from each site was (approximately)
maintained for each fold. We also evaluated to what extent the afore-
mentioned classifiers were able to generalize to unseen sites using
LOSO-CV, using this supplementary validation strategy to provide
complementary information to K-fold CV (Supplementary Results).
In each LOSO-CV fold, one site is left out for model testing and the
remaining sites are used for training, and this is repeated so that each
siteisused asatest set once. Classification performance was measured
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using the AUC, balanced accuracy, sensitivity and specificity, which
were calculated for each CV iteration on the testing set and averaged
across CViterations.

Features were standardized using the training set in a site-wise
manner by calculating the mean and s.d. of each feature on the HC
from each site separately, and then applied to standardize test and
training data for both patients and HC of the same site to obtain har-
monized and comparably interpretable features. Sites that collected
MRI data across different scanners were handled as individual sites
in our analyses. Standardization was thus performed in anormative
manner, where brain measures from HC of each site are used as a
reference point against which patients can be compared. This was
done to account for site effects (for example, differences in data
acquisition protocols and inclusion criteria) that could affect clas-
sification performance®*. There are alternative methods to handle
site effects, such as ComBat and normative modeling®; however, the
assumptions for these techniques are violated here, rendering them
unsuitable for this study (this is further addressed in ‘Discussion’).
Only participants from sites that had data for both HC and patients,
and at least ten HC, were included for each classification task to
ensure sufficient data for standardization. Missing features were
mean imputed using the full training set. Site-wise undersampling
was applied on the training set to account for class imbalance for
each site separately so that an equal number of samples was used
from both classes. The undersampling procedure was repeated ten
times for each training set within the CV procedure, resulting in ten
SVM models trained using different (balanced) training sets and
evaluated on the same test set (no undersampling). Classifications
across the resulting SVM models were combined using an ensemble
approachbytaking the median across the decision values obtained for
the predictions of the test set. We applied the SVM classification with
the regularization parameter (C) set to 1, following general recom-
mendations from the field*. SVM class weights for Cwere set to ‘bal-
anced’ mode to automatically adjust weights inversely proportional
to class frequencies in the input data. More details on the classifica-
tion procedure are provided in ‘Full dataset case-control analysis’in
Supplementary Methods. Label permutation testing with1,000 itera-
tions”®was used to test whether classification performance (AUC) was
significantly above chance level (a = 0.05), with our hypothesis being
above chance-level classification of patients versus HC. To assess
which brain regions contributed most to the classification model,
we applied sign-based consistency mapping as per ref. 79 (see details
in ‘Feature importance’in Supplementary Methods). We only report
sign-based feature importance for classifications that passed label
permutation testing.

Exploratory subgroup analyses. To explore the effects of demo-
graphicand clinical heterogeneity on brain-based classification perfor-
mance, we performed subgroup analyses on sex, current psychotropic
medication use, anxiety severity at time of scanning (STAI-T*’; median
split on patients’scores (median = 48) produced high- or low-severity
groups) and current or lifetime comorbid MDD. Subgroup analyses
were restricted to the transdiagnostic sample (any anxiety disorder
versus HC across working groups) as limited data would remain when
investigating these subgroupsin each disorder group separately. The
classification procedure itself (that is, site-wise scaling, imputation,
undersampling and ensemble learning) was as described above. Clas-
sifications included female patients versus female HC, male patients
versus male HC, patients who were medicated versus HC, patients who
were unmedicated versus HC, patients who were unmedicated versus
those who were medicated, patients with low-severity anxiety (STAI-
T < 48) versus HC, patients with high-severity anxiety (STAI-T > 48) vs.
HC, patients with low-severity anxiety versus those with high-severity
anxiety, patients with comorbid MDD versus HC and patients without
comorbid MDD versus HC.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

All data used in this study are in principle publicly available within
the ENIGMA Consortium. For this study, all site-level data were first
transferred to asecure data environment (Amsterdam UMC) and sub-
sequently subjected to the final mega-analyses, all with permission
fromindividual sites. However, some data-sharing restrictions are in
place. These include restrictions imposed by (1) site-specific consent
documentation, ethical review boards and institutional processes, (2)
along with national/international data-sharing legislations (for exam-
ple, General Data Protection Regulation). Some of these restrictions
may require asigned material transfer agreement for limited and prede-
fined datause. However, datasharing might still be possible, requiring
submission of a detailed analysis plan to the ENIGMA-Anxiety Consor-
tium. If approved, access to relevant data is provided, depending on
dataavailability, local principal investigator approval and compliance
with allsupervening regulations. Requests or questions regarding data
availability or sharing should be sent to the corresponding author.

Code availability
Relevant analysis codes can be found at https://github.com/
WillemB2104.
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Software and code

Policy information about availability of computer code

Data collection  No software was used for data collection, it concerns a mega-analysis of existing data (secondary data analyses).

Data analysis Software/code for structural MRI data extraction, preprocessing, and visualization is available at
http://enigma.ini.usc.edu/protocols/imaging-protocols/
https://enigma-toolbox.readthedocs.io/en/latest/index.html

Regional mean cortical thickness (CT), cortical surface area (SA) and subcortical volumes (SCV), were extracted from the brain images using
FreeSurfer (version 5.3/6.0).

Custom analysis scripts were developed and implemented in Python (v3.9.5) with linear support vector machines (SVM) using scikit-learn
(v1.0.2). These can be found at https://github.com/WillemB2104 and also are available on reasonable request to the corresponding author
(M.A), although not for commercial applications.
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data availability, local Pl approval, and compliance with all supervening regulations.
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Reporting on sex and gender Sex distribution is reported in Table 1, and sex-based subgroup analyses were run to assess the impact of sex on brain-based
classification performance. Gender data was not collected.

Population characteristics Population characteristics are extensively detailed in Table 1 and Table S1

Recruitment The current study used previously collected multi-site data for secondary mega-analyses.
Participants were included from three ENIGMA-Anxiety Working Groups: Panic Disorder (PD/12 sites): 112 patients/813
controls; Generalized Anxiety Disorder (GAD/16 sites): 465 patients/1,084 controls; and Social Anxiety Disorder (SAD/13
sites): 259 patients/610 controls. All participants included in the analysis were between 10-25 years of age. HC were free of
past and present psychopathology and psychotropic medication use at the time of scan. Comorbid anxiety disorders (PD/
GAD/SAD) were present in some patients, and their assigned primary (DSM-IV/5 anxiety disorder) diagnosis corresponds to
their respective working group. Participants’ demographic and clinical characteristics are summarized in Table_1. For an
overview per site, see Table_S1, with more detailed sample description and data collection procedure for each participating
study site provided here https://doi.org/10.1002/hbm.25100

Ethics oversight This study concerns a mega-analysis of existing data (secondary data analyses). This study was conducted in accordance with
the Declaration of Helsinki. Individual studies were previously approved by relevant local ethical review boards, with the
current study falling under the guidelines of those ethical review boards for secondary use of collected data. All participants
or caretakers provided written informed consent.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design
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Sample size We aimed for the largest size possible for our mega-analyses, by pooling existing multi-site data across various sites. To our knowledge, this
the largest study of its kind.

Data exclusions  Only subjects with complete clinical and structural neuroimaging data were included.

Replication We employed fully harmonized and previously used codes for brain data extraction, preprocessing, and analyses. Some of the codes are
publicly available, some are open to sharing upon reasonable request.

Randomization  No randomization was employed, as this concerns observational data previously collected/published across various sites

Blinding Blinding was not applicable or even possible, as we are using previously collected/published data across various sites for mega-analyses
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