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ARTICLE OPEN
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Higher predicted brain age difference has been associated with several psychiatric disorders. Generalized anxiety disorder (GAD) is
associated with markers of accelerated aging. In this study, we determined brain predicted age difference (PAD) in individuals with
GAD and healthy controls (HC) as well as group differences in PAD variability using voxel-wise structural MRI. The training dataset
included 3511 controls, and the testing dataset included 1595 individuals with GAD and 4552 HC from the ENIGMA-Anxiety GAD
Working Group. A convolutional neural network model using four input modalities per subject and a model ensemble approach
was used to predict brain age. The PAD was then calculated by subtracting chronological age from the predicted age. Model
performance was consistent with other image-based brain age prediction models with similar accuracy across the training set
(mean absolute error (MAE) = 2.95 years) and HC in the testing set (MAE= 2.94). We found no evidence of accelerated brain aging
in individuals with GAD compared to individuals without GAD, though we did find evidence for greater variation in PAD for
individuals with GAD (Levene’s test: W= 442.98, p < 0.001) and evidence for greater variability in PAD of those with GAD over 25
years of age. In several exploratory analyses, we found that symptom severity related significantly to PAD, even after controlling for
medication and comorbid diagnoses, echoing previous brain age research. These findings underscore the need for consideration of
heterogeneity and dimensionality of psychopathology when examining brain age predicted differences.
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INTRODUCTION
Generalized anxiety disorder (GAD) is one of the most prevalent
psychiatric disorders, having a lifetime prevalence of 6.2%
[1–3]. GAD has a peak onset in late adolescence and early
adulthood and high comorbidity rate [2–4]. In this study, we
leverage available large imaging datasets to investigate
whether GAD is associated with an individual’s predicted “brain
age”. Brain age modeling uses neuroimaging data to estimate
an individual’s chronological age, with deviations between
predicted and actual age—referred to as the predicted age
difference (PAD)—increasingly regarded as potential

biomarkers of atypical neurodevelopment or neurodegenera-
tion [5, 6]. These brain aging estimates may proceed faster or
slower than would be expected. A positive predicted age
difference (PAD) may indicate accelerated maturation, or an
“older” brain than expected given a chronological age;
conversely, a negative PAD may indicate a “younger” brain.
Such investigations would be particularly relevant for GAD as
individuals with this condition appear to have structural,
functional, and cognitive differences [7–10], many of which
occurring at critical phases of brain development, such as late
childhood and adolescence
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Higher brain PAD has been associated with a wide range of
physical and psychological conditions including cognitive impair-
ment [11, 12], traumatic brain injury [13], schizophrenia [14, 15],
childhood adversity [16], and major depressive disorder [17]. More
broadly, psychiatric disorders are associated with advanced brain
age [17–20]. However, findings related to brain age and anxiety
disorders are inconsistent. For example, one study found no
relationship between dimensional measures of anxiety in youth,
but no significant PAD [21]; however another study found a
positive PAD of 2.91 years in adults (N= 220) with anxiety
disorders, including GAD, panic disorder (PD), and social anxiety
disorder (SAD) [19]. Interestingly, this finding was only significant
after accounting for medication use. More recently, in a study of
individuals with SAD and GAD, adolescents with more severe GAD
showed a higher PAD compared to controls, and adolescents with
more severe SAD symptoms showed a lower PAD [22]. To date, no
work has examined brain age in individuals with GAD as a
distinct group.
Given unclear evidence regarding the association of brain age

and anxiety disorders, we aim to evaluate PAD and assess its
relation to the presence of GAD. To that end, we use a
convolutional neural network (CNN) model to predict the age of
each individual from their structural magnetic resonance images
(MRI) and compute their PADs. CNNs are deep learning models for
computer vision inspired by the structure and function of the
visual cortex [23], and are commonly used to examine brain age
[24–27] as they are well suited for multidimensional data. These
models capture spatial relations and features in their input data
and are sensitive to subject-level spatial information. This can be a
strength relative to univariate models (voxelwise, vertex-wise, or
feature-based), as CNNs can extract additional structural informa-
tion from the image, encoded in spatial patterns. The nonlinear
nature of deep learning models (including CNN) allows for
detection of complex relations between the input data and the
subject’s age. Moreover, in healthy individuals, CNN models
produce more accurate age estimations than other modeling
frameworks, such as linear models or other non-neural network
machine learning methods [28].
Our study has two main hypotheses: first, that PAD would be

greater in participants with GAD compared to healthy controls
(HC); and that larger variance in PAD in GAD. Second, participants
with GAD might have a greater prediction error by the CNN, thus
leading to increased variance in the PAD for this group. Other
brain age research has found greater variability in age predictions
for clinical groups relative to individuals without psychopathology
[17, 19, 29]. To assess the second hypothesis, we conduct a test to
verify the equality of variance between subjects with and without
GAD. This could reflect greater heterogeneity in individuals with
GAD potentially derived from factors such as treatment and
disease severity while controls would form a more homogeneous
group. Likewise, this variance might change as a factor of age
[30, 31]. Therefore, we also hypothesize that variance in age
prediction will depend on age. As secondary goals we investigate
if PAD will be related to medication, comorbidity, and age-by-
diagnosis interaction. To address these questions, we use
structural brain MRI data from the Enhancing Neuroimaging
Genetics through Meta-Analysis (ENIGMA) Anxiety Working Group
[32, 33]. This was the largest study to date investigating structural
alterations between GAD and controls, and found no association
between GAD and brain morphometry in a well-powered mega-
analysis of 28 sites [33]. The present study builds on that work to
examine if “brain age” might reveal structural differences in GAD
that were not detected in the mass univariate analysis of the
previous work. As PAD is estimated from a multivariate model
(CNN), it may have more sensitivity than mass-univariate testing as
done in the previous ENIGMA-Anxiety GAD work. Moreover,
previous work on other cohorts have shown different results when
using “brain age” estimated from features obtained from MRI [21].

Previous work on brain PAD both within other ENIGMA working
groups [17] and outside of ENIGMA [21, 22] have used a variety of
machine learning methods to build and train brain-age prediction
models. Based on the model accuracy findings from Jonnson et al.
[34], showing the superiority of a model combining different
measures obtained by MRI T1-weighted scans, we build a new
voxelwise CNN model rather than via feature extraction (e.g., from
regions of interest or cortical parcellations) to limit the loss of
information.

METHODS
Sample selection
The present analysis is a pre-registered (https://osf.io/4wtdy) mega-analysis
[35] of structural brain MRI data from an international multi-site sample.
Our training sample of 3511 individuals includes several publicly available
neuroimaging samples of both pediatric and adult healthy controls,
including the Human Connectome Project [36], Open Access Series of
Imaging Studies 3 (OASIS-3) [37], Philadelphia Neurodevelopmental Cohort
(PNC) [38], and the Pediatric Imaging, Neurocognition, and Genetics (PING)
study [39]. Training samples were selected as some of the largest publicly
available samples with a representative age distribution. The present
analysis only used images from a single time point in studies with
longitudinal data. OASIS-3 [37] images were randomly selected across
participants across all three timepoints to provide a wider distribution of
ages within the sample.
The clinical test sample consists of data from the ENIGMA Anxiety

Working Group [35] with 6147 subjects from 32 studies. This includes data
from the Adolescent Brain Cognitive Development (ABCD) [40], Child-Mind
Institute Healthy Brain Network (CMI) [41] and Brazilian High Risk Cohort
(BHRC) [42] as well as data provided from ENIGMA Anxiety participating
sites. As above, we only used a single time point for each study. In the case
of ABCD and BHRC we only include the baseline data. Individuals with GAD
had either a lifetime or present diagnosis of GAD. These diagnoses were
established at each site via clinician-based assessment [32]. Information
regarding comorbidities and medication usage for subjects in the present
analysis are included in Supplemental Tables 1 and 2, respectively.
The selection process for determining the final number of images used

in the model is summarized in Supplemental Table 3, which illustrates the
procedure for inclusion of participants. We excluded subjects due to failed
processing, missing covariates (age, sex, diagnosis), comorbid psychosis,
bipolar disorder or ASD, and subjects with no GAD diagnosis but any other
psychiatric diagnosis.

Neuroimaging data preprocessing
All data were run through the FSL voxel-based morphometry (VBM)
pipeline [43, 44], providing voxelwise output [45]. Such output is amenable
for use with CNNs, while still capturing between-subject variability on brain
morphology. Structural T1-weighted MRI brain images were non-linearly
aligned to a standard brain (MNI152) [46], bias-corrected, subjected to
removal of non-brain tissue, segmented into gray and white matter maps,
modulated, and smoothed. It has been demonstrated that an increased
number of imaging modalities results in better prediction [34]; thus, for this
analysis we used four images derived from the VBM pipeline: grey matter,
white matter, T1-weighted image, and the image of the Jacobian of the
non-linear transformation used to map the individual T1-weighted image
to the reference standard space [47]; the latter provides a measure of
stretches and shrinkages needed to non-linearly align each subject’s image
to the standard space.
No data harmonization step was implemented (e.g., ComBat; [48]) due to

recent demonstrations that not applying site/scanner harmonization
produces lower mean absolute error (MAE) for brain age prediction than
applying harmonization methods [49]. After the VBM process was
completed, images were converted to NumPy arrays [50] to increase
speed of subsequent image loading, and were cropped from their original
dimension of 91 × 109 × 91 to 75 × 88 × 78 to reduce the amount of empty
space surrounding the brain tissue.

Quality control
Quality control procedures consisted of visual inspection to exclude any
images that were misshapen or contained any other processing errors.
Additionally, subjects who had errors in their covariate entries were
excluded. After quality control, the remaining usable sample consisted of
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8063 HC and 1595 participants with a diagnosis of GAD, generating a total
sample size of 9658. Tables 1 and 2 detail the number of participants
included from each sample for the training and testing samples.

Train-test split procedure
For the test and train split procedure, the total number of subjects
(9658) was split into two groups: (a) subjects from samples including

GAD cases and controls, and (b) subjects from samples composed of
only controls. The latter was used as the training sample, which
consisted of 3511 individuals (Table 1). Ten percent of the training
sample was used to track model performance while training (referred in
the results as validation sample). The test sample (n= 6147; Table 2)
consisted of data from studies that contained subjects with GAD and
controls.

Table 1. Number of Subjects and Descriptive Statistics - Training Sample.

Site Total n Average Age Standard Deviation Age Min Age Max

HCP 412 28.71 3.67 22 37

HCP Development 612 14.52 4.04 5.58 21.92

OASIS 334 68.93 9.29 43 93

PING 588 12.42 5.12 3.08 21.67

PNC 1565 15.02 3.66 8.08 23.08

Total/Average 3511 21.23 16.85 3.08 93

HCP human connectome project, HCP development human connectome project- development, OASIS open access series of imaging studies, PING pediatric
imaging, neurocognition, and genetics study. PNC philadelphia neurodevelopmental cohort.

Table 2. Number of Participants and Descriptive Statistics - Testing Sample.

Site Total n Age Min Age Max HC Sample GAD
Sample

GAD Average Age
(SD)

HC Average Age
(SD)

p

ABCD 2857 8.91 11 2778 79 10.05 (0.62) 9.92 (0.62) 0.07

Barcelona 69 18 40 46 23 23.61 (4.3) 21.71 (4.48) 0.10

Baylor 226 12 79 128 98 28.84 (9.18) 24.39 (12.84) <0.05

BHRC 767 7.02 21.37 458 309 13.38 (3.15) 11.70 (2.64) <0.05

Boystown 95 13 18 45 50 15.82 (1.35) 15.44 (1.62) 0.23

Chicago-Milad 43 18 59 16 27 30.25 (9.71) 32.37 (12.96) 0.58

Chicago-Phan 141 18 60 41 100 26.36 (8.51) 25.29 (9.75) 0.54

Cincinnati 20 12 18 11 9 13.66 (2.05) 14.18 (1.89) 0.59

CMI-HBN 185 5.01 21.36 97 88 12.24 (3.53) 9.57 (3.21) <0.05

Dresden 93 18 51 46 47 30.23 (9.94) 28.47 (7.90) 0.35

Duke 40 6 10 19 21 7 (1.06) 7.47 (0.99) 0.16

SHIP 32 41 70 22 10 55.9 (7.95) 57.72 (8.01) 0.57

Harvard 237 18 40 51 186 24.64 (4.31) 24.68 (3.77) 0.95

Houston 263 8 68.23 251 12 16.69 (9.02) 29.21 (14.39) <0.05

Milan 91 20.89 72.57 61 30 44.31 (14.91) 34.11 (12.42) <0.05

Muenster 53 19 56 29 24 29.45 (10.01) 27.82 (9.04) 0.54

Pittsburgh-
Andreescu

64 19 82 26 38 57.78 (16.51) 56.84 (20.22) 0.84

Pittsburgh-Price 69 18 54 0 69 N/A N/A N/A

PROTAIA 43 13 22 25 18 16.67 (2.26) 17.80 (2.54) 0.14

Rome 38 18 55 20 18 29.55 (6.92) 29.15 (9.18) 0.88

San Raffaele 89 23 63 69 20 44.65 (10.61) 45.26 (10.97) 0.83

SDAN 295 8.1 51.14 156 139 12.77 (2.78) 13.70 (4.37) <0.05

SNFA 60 19 50 38 22 31.27 (9.97) 29 (7.17) 0.36

Stony Brook 60 18 49 19 41 22.87 (5.91) 21.57 (5.74) 0.43

UCSD 91 17 53 47 44 28.36 (10.75) 23.40 (8.27) <0.05

Wash U 63 8 12 32 31 9.96 (1.44) 9.90 (1.15) 0.85

IOL 63 19 71 21 42 39.92 (13.38) 41.19 (16.17) 0.76

Total/Average 6147 15.66 46.58 4552 1595 22.16 (13) 14.53 (10.59) <0.05

GAD generalized anxiety disorder, HC healthy controls, p p value, ABCD adolescent brain cognitive development study, BHRCS brazilian high risk cohort study,
CMI-HBN child mind institute healthy brain network, IOL institute of living, HCP human connectome project, HCPdev human connectome project development,
PING pediatric imaging, neurocognition, and genetics study, OASIS open access series of imaging studies, PNC philadelphia neurodevelopmental cohort,
PROTAIA anxiety disorders program for child and adolescent psychiatry, SDAN section on development and affective neuroscience, SNFA section on
neurobiology of fear and anxiety, UCSD university of California – San Diego, WashU Washington University. SHIP study of health in pomerania.
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Brain age model
The present analysis used the PyTorch library for the creation of the CNN
model [51]. The input to the network was a 5-dimensional array consisting
of batch size (the number of subjects given to the model at a time for

training) by channels by X image dimension by Y image dimension by Z
image dimension. The four channels were the gray and white matter
segmentations, as well as the T1-weighted image and Jacobian images, all
in MNI152 space.
The network architecture included five repeated convolutional blocks,

each containing 3D convolutional layers, batch normalization, ReLU
activations and max pooling (Fig. 1). This block was repeated five times,
at each step doubling the number of convolutional filters but halving the
size of the image via the max pooling layer. Thus, the number of filters was
8 for the first layer, and the final number of filters was 128. We used a
3 × 3 × 3 kernel with padding of size 1. Max pooling layers had a stride
distance of 2 to downsize each dimension image by half. Layers following
batch normalization utilized a ReLU activation function. After the last block,
the image was flattened to a 1024 size fully connected dense layer and
then connected to two more fully connected layers of size 128 and 32
before connecting to the output node where age predictions were made
with a ReLU function. Between each fully connected layer, a dropout layer
was added with a rate of 50 percent, as is recommended for CNNs [52]. The
total number of model parameters was 1,020,721.
The MAE was measured across each batch to track model performance

and as the model loss function. The mean squared error (MSE) was also
tracked but not used to optimize model performance. The Adaptive
Moment Estimation (Adam) optimizer [53] was used to update the model
weights. Gradient norm clipping was used to prevent exploding gradients
[54], which occurs when the gradients of the model parameters become
excessively large during training, leading to instability. The maximum
gradient value was set to 1 and learning rate was set to 0.0001.
A homogeneous ensemble strategy was used to combine the

predictions of multiple models [55]. This procedure is illustrated in Fig. 2.
Other machine learning prediction work has used ensemble strategies with
deep learning models [55, 56], including brain age prediction [57], which
has been found to generate better predictive results. Since neural
networks may converge to several possible local minima, it is ideal to
use strategies that provide stable results. Instability in results would

Fig. 1 Overview of the CNN Model Architecture. Note. The CNN architecture was designed with four input channels for gray and white
matter segmentations, as well as the T1-weighted and Jacobian images. The model consists of five repeated convolutional blocks, each
containing 3D convolutional layers, batch normalization, ReLU activations and max pooling. The number of filters used in each block are
denoted above. After the last convolutional block, the model includes a flattened layer.

Fig. 2 Model Ensemble Procedure. Note. Procedure for generating
average predictions for the model ensemble. Eight splits of the
training data were created, which used a different 90/10% split of
training to validation data. Each of these splits was given to a unique
instantiation of the model with identical architecture but instan-
tiated with random weights.
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complicate downstream analysis and interpretation of results generated by
a CNN. As is recommended when using homogeneous ensembles, it is best
practice to introduce randomness into the constituent models, usually in
the form of a diversified training set [55]. An ensemble of eight model
instantiations was created for the present analysis. Each instantiation was
initialized with random weights, but the architecture for each was
identical. Ten percent of the training data was randomly selected to serve
as the validation data for each model, such that each model in the
ensemble had a different set of 90% of the full training sample. After the
training process, the eight models’ age predictions for each subject in the
test set were then averaged. These averaged predictions were treated as
the overall predicted ages to be used in subsequent analyses and
subtracted from the subject's true chronological age to generate the
overall PAD for all participants within the entire test set.

Statistical analysis
All statistical tests were conducted in PALM - Permutation Analysis of
Linear Models [58]. The PAD measure was entered as the dependent
variable for all models. Six general linear models (GLMs) were tested. The
first three of these models were preregistered (Supplemental Table 4): one
was a simple model with only the diagnosis as the variable of interest, the
second was a model with diagnosis and covariates (age, sex, scanner,
comorbidities, and medication), and a third model with the same
covariates, but with the interaction between diagnosis and age as the
variable of interest.
Although not initially planned, we conducted three additional analyses

during peer-review (Supplemental Table 5). The models for these
additional analyses only included subjects with a GAD diagnosis. The first
of these models examined if comorbidity had a significant effect on PAD,
with age, sex, scanner and medication as covariates. The remaining two
models examined if clinical severity, as obtained from questionnaire data,
had a significant relationship to PAD. The first of these models included
age, scanner, and sex as covariates, whereas the second included these
variables as well as comorbidity and medication.
Since different studies had assessed severity in subjects using distinct

measures, three sets of procedures enabled analyses that incorporated
these distinct measures into a statistical model. First, all subjects with GAD
who had any available questionnaire data were selected. The question-
naires included in the present analysis were the Generalized Anxiety
Disorder 7-item Scale [59], the Hamilton Anxiety Rating Scale [60], the Penn
State Worry Questionnaire [61], the State-Trait Anxiety Inventory [62], and
the Screen for Child Anxiety Related Disorders parent and child GAD scales
and total scores [63]. Second, each scale was rescaled with a linear
interpolation to numbers between 0, which represented the lowest
possible score on the questionnaire, and 1, which represented the
maximum score on the questionnaire. A score of 0.5 was treated as the
respective clinical cutoff for each questionnaire. Finally, for participants
that had more than one questionnaire, their scores were first interpolated
and then averaged together. These interpolated scores were then used as
an independent variable for the model.
All models included scanner as a covariate and allowed each site to have

their own parameter estimates (slopes and intercepts), thus accommodat-
ing between-site differences, further dispensing with the need for explicit
harmonization, and avoiding that larger sites would dominate the results.
Variance groups [58, 64] were used to allow different variances between
GAD and controls. The number of permutations (sign-flippings) was set at
10,000. All results were corrected for multiple testing using the familywise
error rate (FWER).
Levene’s test for equal variance was used to investigate if participants

with GAD have a higher variance in the PAD than HCs. Levene’s test was
also used to examine the difference across diagnosis and in adults
compared to children and adolescents (as preregistered with a threshold
of 25 years. This was chosen a priori as an appropriate age for the
transition from adolescence to young adulthood [11, 65].
We utilized SHAP (SHapley Additive exPlanation; [66, 67]) to explore

which brain regions were associated with age predictions. The Gradien-
tExplainer module was utilized to interrogate which voxels were most
meaningful for age predictions. To obtain Shapley values, which
demonstrate the relative contributions of each voxel to predictions, we
first constructed a single model whose output was characterized by the
mean prediction across all the different models in the ensemble. Shapley
values are calculated from the gradients in the ensembled model, using
the full set of training data as a reference distribution. For each subject,
voxelwise Shapley values were calculated for each of the four input

channels. This analysis was not part of the preregistration as it was added
during the review of this manuscript.

RESULTS
The MAE for the training set was 2.95 years. The MAE for the
validation set was 2.30 years. Figure 3 displays a scatterplot of the
predicted ages with respect to the true ages in the testing set.
Supplemental Fig. 1 illustrates the predictions of ages broken up
across four quartiles of age. Averaged across models in the
ensemble, the testing set had a MAE of 3.80 years, 2.94 years for
control participants, and 6.27 years for subjects with a GAD
diagnosis (Supplemental Table 6). A key consideration was to
establish the extent to which each model generated consistent
predictions and evaluation metrics. Testing results across models
revealed stable performance. This was determined by using
intraclass correlation (ICC) of the form [2,K] to measure the
reliability of the age predictions [68].
To test the reliability of each model’s generated age prediction,

ICC was calculated across these predictions. The ICC for the
predicted age was 0.99, indicating excellent reliability across
models. Table 3 displays the results of the MAE and PAD across
samples. The MSE for the overall sample was 47.77, whereas the
MSE for the control group was 31.72 and for the GAD group 93.57.
Once the average brain age predictions were subtracted from
chronological age, the overall PAD was 0.49 years, with a standard
deviation of 6.10. For controls, the predicted age difference was
0.36 years (SD= 4.97). For GAD subjects, the PAD was 0.87 years
(SD= 8.53). True age and predicted age significantly correlated
(r= 0.86, p < 0.001), as did true age and PAD (r=−0.26, p < 0.001).
The greater MAE of subjects with GAD relative to controls was
noteworthy.
None of the preregistered three GLM models that examined the

difference between subjects with and without a GAD diagnosis
established a statistically significant relationship between PAD and
diagnosis (all p > 0.05). Three models tested during peer review
examined only subjects with GAD. One model, examining whether
PAD differed between subjects with or without comorbidities, was
nonsignificant. However, both models examining the clinical
severity of GAD were significant. The first model, which included
age, sex, and scanner as covariates was found to be significant
(Aspin-Welch’s v= 6.49, p < 0.001), as was the case for the model
that included these variables as well as comorbidity and
medication usage (Aspin-Welch’s v= 3.37, p < 0.05). Supplemental
Fig. 2 illustrates the relationship between predicted age and
symptom severity.

Fig. 3 Scatter Plot of True Age vs. Predicted Age Sorted By
Diagnostic Status.
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Levene’s test of equality of variances suggests a statistically
significant difference in the variance of PAD between controls and
subjects with GAD (W= 442.98, p < 0.001), with GAD subjects
presenting more variance compared to healthy controls (GAD SD:
8.53, controls SD: 4.97). To examine if age plays a role in the
degree of variance between those with and without GAD, the test
was implemented after partitioning the data into four groups:
healthy volunteers under age 25, individuals with GAD under 25,
healthy volunteers over age 25, and individuals with GAD over 25.
Subjects with GAD had greater variance, with those over 25
having the greatest variance for all groups. Full results for these
tests are shown in Tables 4 and 5. A violin plot illustrating the
degree of variance in each group is displayed in Fig. 4.
Two-sample t-tests between the mean ages of individuals with

and without GAD were conducted between all sites to examine
any significant differences. Several sites were found to have
statistically significant differences in age (listed in Table 2). This
difference was also significant in the overall sample. To mitigate
these age differences, we conducted several supplementary
analyses, with only the ENIGMA-Anxiety sites (excluding ABCD,
CMI and BHRC). A t-test demonstrated that once these sites were
removed, both subjects with and without GAD were age matched.
Of note, age predictions conducted by the testing set are

Table 3. Testing Set Age, Predicted Age, and PAD Organized by Sample.

GAD n GAD PAD Mean GAD PAD SD HC n HC PAD Mean HC PAD SD

ABCD 79 0.179 1.18 2778 0.58 1.19

Barcelona 23 −1.45 6.03 46 −1.83 4.79

Baylor 98 5.36 7.71 128 1.06 5.40

BHRC 309 1.60 4.92 458 0.85 4.53

Boystown 50 −2.21 2.18 45 −2.92 1.72

Chicago-Milad 27 4.31 8.52 16 4.89 8.97

Chicago-Phan 100 0.94 5.95 41 1.11 7.38

Cincinnati 9 −1.14 0.96 11 −0.88 1.29

CMI 88 2.22 4.03 97 1.20 2.32

Dresden 47 9.23 7.01 46 10.92 7.41

Duke 21 0.23 1.33 19 −0.48 0.91

SHIP 10 6.25 6.03 22 1.69 7.17

Harvard 186 4.76 6.09 51 4.43 5.36

Houston 12 −0.2.67 5.44 251 −4.61 8.16

Milan 30 −7.04 9.98 61 −8.46 7.63

Muenster 24 12.1 8.72 29 9.04 8.96

Pittsburgh-Andreescu 38 −23.27 11.46 26 −19.83 12.25

Pittsburgh-Price 69 −8.51 5.82 N/A N/A N/A

PROTAIA 18 6.51 5.90 25 8.72 8.64

Rome 18 5.24 7.49 20 3.72 7.63

San Raffaele 20 11.65 4.99 69 5.41 8.72

SDAN 139 −0.19 1.42 156 0.14 2.41

SNFA 22 1.58 8.56 38 −0.81 9.93

Stony Brook 41 9.26 7.46 19 12.76 6.74

UCSD 44 −3.09 9.28 47 −0.99 6.33

Wash U 31 2.42 1.13 32 2.47 1.21

IOL 42 −14.80 8.64 21 −13.17 9.31

PAD predicted age difference, SD standard deviation, GAD generalized anxiety disorder, HC healthy controls, ABCD adolescent brain cognitive development
study, BHRCS brazilian high risk cohort study, CMI-HBN child mind institute healthy brain network, IOL institute of living, HCP human connectome project,
HCPdev human connectome project development, PING pediatric imaging, neurocognition, and genetics study, OASIS open access series of imaging studies,
PNC Philadelphia neurodevelopmental cohort, PROTAIA anxiety disorders program for child and adolescent psychiatry, SDAN section on development and
affective neuroscience, SNFA section on neurobiology of fear and anxiety, UCSD University of California – San Diego, WashU Washington university. SHIP study
of health in Pomerania.

Table 4. Characteristics of PAD by Diagnosis and Age.

Group Mean
PAD

Median
PAD

Standard
Deviation

Variance

GAD < 25 1.86 0.42 5.25 27.64

HC < 25 0.77 0.51 3.01 9.06

GAD > 25 −1.42 0.10 13.08 171.136

HC > 25 −2.86 −2.70 11.57 134.04

Table 5. Levene’s Tests Comparing Variances in PAD across Diagnostic
and Age Groups.

Group 1 Group 2 W P

GAD < 25 HC < 25 348.52 <0.001

GAD < 25 GAD > 25 489.6 <0.001

GAD < 25 HC > 25 394.01 <0.001

HC < 25 GAD > 25 2541.49 <0.001

HC < 25 HC > 25 2221.09 <0.001

GAD > 25 HC > 25 6.74 <0.001
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independent—meaning that samples included in the testing set
do not influence the age predictions of other samples, any
downstream analyses using PAD at the group level can still be
influenced by sites with skewed distributions. Once these sites are
removed, it removes the potential for any age distribution biases
in these supplemental analyses. We reanalyzed the same three
GLM models with the large age discrepancies removed. As before,
none of these models established a statistically significant
relationship between PAD and diagnosis (all p > 0.05). These
sites were also removed for the set of models examining only
individuals with GAD, where significant results were obtained.
Additionally, we also re-examined the variance in PAD across age
and diagnostic groups. The effect of greater variance in subjects
with GAD, and greater variance in GAD subjects above 25 was
replicated (See Supplemental Tables 7 and 8).
To explore the extent to which comorbidity may drive

variability, we partitioned the individuals with GAD into those
with any comorbidity and those with only a GAD diagnosis. Next,
we conducted another equality of variances test. The results of
this test n suggested a significant difference in variance between
groups (W= 6.33, p < 0.05). Those patients with GAD only had a
greater standard deviation (SD= 9.82) compared to those with a
comorbid disorder (SD= 7.77).
Shapley values were used to create visualizations of which

voxels were most important for age predictions across the
different modalities. Subjects with and without GAD had their
respective input images averaged. The top 10% of values in the
average images were retained to aid in visualization. Figures
5 and 6 demonstrate the visualization for each image for both
individuals with GAD and without a GAD diagnosis.
The values obtained from SHAP were small (range of 0 - 0.00005

on average across modalities in the top 10% of most important
features) which reflects that no single voxel or region had a
majority of influence in the prediction of age. Identified voxels
across the four image modalities were quite diffuse. Furthermore,
the voxels implicated in SHAP did not drastically differ between
the HC and GAD groups. This may reflect the lack of difference in
PAD at the total group level. While diffuse in location across
modalities, the maps however do implicate the top 10% voxels
largely overlap in regions of the insula, brainstem, cerebellum,
parietal lobe and occipital lobe.

DISCUSSION
The current study used a CNN to estimate brain age and compute
the PAD across individuals with GAD and controls. We used data

from more than 3500 healthy individuals across the lifespan to
train our model and then tested the model on more than 6000
independent individuals with and without GAD. The difference in
PAD between individuals with GAD and controls was then
investigated. With respect to our first hypothesis, we did not find
a significant difference in PAD between individuals with GAD and
controls. However, consistent with our second hypothesis, we
found that individuals with GAD have greater PAD variability,
particularly in those older than 25 years. After the PAD for each
subject was generated, we conducted secondary analyses to
examine (1) the relation of diagnostic status across sites, (2) how
GAD severity, medication, comorbid disorders related to PAD, and
(3) interaction of diagnosis by age. All three secondary preregis-
tered analyses examining the difference in subjects with and
without GAD showed no significant relation between the variables
of interest and PAD, even after age matching subjects. There was
also no effect of comorbidity on PAD in subjects with a GAD
diagnosis. However, a significant effect of clinical severity was
found in exploratory analyses, even after controlling for comor-
bidity and medication usage.
Our findings are consistent with prior work showing no

significant differences in PAD between GAD and controls and
with dimensional measures of anxiety in youth [22]. However,
these findings contrast with some work within anxiety disorders.
In general, some previous work found positive PAD in substantially
smaller samples of participants with GAD, PD and SAD diagnoses,
when accounting for medication effect [19], or a greater PAD in
adolescents with GAD [22]. The heterogeneity of GAD in its clinical
presentation, may explain portions of these inconsistent findings.
While a group difference between subjects with and without a

GAD diagnosis were not found, results from exploratory analyses
suggest that clinical severity relates to PAD. Namely, higher
severity related to higher PAD in subjects in the GAD group,
suggesting advanced biological aging in more severely ill
individuals. Previous research has found a relationship between
severity of symptoms and increased PAD in mood and anxiety
disorders [19].
Although the group difference findings were non-significant,

the significantly higher variance in the GAD group is noteworthy,
as heterogeneity within psychopathology is a common finding
[69, 70]. Other brain age analyses of psychiatric disorders have
also found greater variability in the clinical population compared
to healthy controls. Han et al. [17] found higher variability among
individuals with depression than in healthy individuals. For
healthy controls, the MAE was 6.50 and 6.84 years for males and
females, respectively. Similarly, within the MDD group, the MAE

Fig. 4 Violin Plot of Variance in PAD across Age and Diagnostic Groups.
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was 6.72 for males and 7.18 for females. In a replication study, the
same authors found that males in the control group had an MAE
of 6.85 and females had 7.84. While in the depression group,
males showed a larger MAE of 7.57 and females had 9.24, again
suggesting greater variability within the clinical population. The
same trend appeared in another study examining depression and
anxiety disorders [19], where healthy controls manifested an MAE
of 5.97, but those in the disorder group had an MAE of 6.73.
Finally, Tønnesen et al. [29] found that healthy controls had a MAE
of 6.92, patients with bipolar disorder had an MAE= 6.85, and
patients with schizophrenia had an MAE= 7.11. This could
suggest potentially greater variability in subjects with schizo-
phrenia, but similar variability in bipolar disorder to healthy
controls. While notable, these differences in past research were
not reported as main findings, nor statistically tested. However,
the present study used a statistical procedure to establish a
statistically significant difference in variance across those with
GAD and controls; this suggests a further avenue for research in
brain age prediction for psychiatric disorders. The higher variance
in the GAD group indicated that the model performs more poorly
in this population. Further investigating the sources of increased

variance in the patient population might help understand new
mechanisms for the development of psychiatric disorders.
Given that there was a statistically significant age difference in

the subjects with GAD, we conducted further supplemental
analysis with the non-ENIGMA samples removed to ensure
subjects were age matched. This new GLM did not suggest an
effect of advanced aging or any other variables having a
relationship to the PAD. However, the effect of larger variance in
the PAD for individuals with GAD replicated in the age matched
sample. This means that the inclusion of sites such as ABCD, where
a large number of subjects with narrowly distributed ages did not
drive the differences in variances between these groups. The
observation of greater PAD variability in individuals with GAD,
despite no overall shift in mean brain age relative to individuals
without GAD, has meaningful implications, especially in the
context of an effect of severity having an effect on PAD. Clinically,
it underscores the heterogeneity of GAD and raises the possibility
that subgroups of patients may experience neurostructural
changes that are obscured when averaging across the diagnostic
group (e.g., endophenotypes). This possibility, if true, would
partially explain the mixed findings in the literature and raises the

Fig. 5 Visualization of grey and white matter voxels associated with age prediction identified via SHAP. Note. SHAP values were derived
from a gradient-based explainer applied to an ensemble of deep learning models predicting brain age from structural MRI. The above image
presents values identified from the grey and white matter images the model used as input data. Absolute SHAP values were averaged across
subjects within each group and thresholded to the top 10% for visualization. Maps for individuals with GAD and those without a diagnosis
(healthy control - HC) are displayed on the MNI152 2mm template with matched slice locations and color scaling. Lighter colors (i.e., more
yellow) reflect higher absolute SHAP values.
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possibility that PAD variance could represent a transdiagnostic
marker of risk or resilience. Moreover, the finding of greater PAD
variability in individuals over 25 suggests that brain aging
trajectories in GAD may become more divergent in adulthood,
highlighting the need for longitudinal research to map the
neurostructural progression of the disorder over time. Addition-
ally, it was found that those with only a GAD diagnosis had a
greater variability in PAD than those with comorbidity diagnoses.
This may be due to greater clinical severity in those with comorbid
disorders [71–73]—of whom those with comorbid diagnoses may
have an older average predicted age. These results should be
taken into consideration with the results of the GLM examining
severity in GAD subjects, in which the effect of severity was still
detected (but attenuated) when controlling for comorbidity.
Future studies should explore whether increased PAD variability
is associated with symptom chronicity, cognitive decline, treat-
ment response, or comorbidities.

The results of this study should be viewed in the context of
several limitations. First, although this study has a large sample
size, there was an uneven age distribution across the samples,
with a predominance of younger participants largely due to the
inclusion of the ABCD data. To address this, we conducted
supplemental analyses with the large sites such as ABCD removed
to only include age matched sites. Additionally, PAD was related
to true age, which is a common issue in brain age studies [74, 75];
to address this we included age as a covariate, with no significant
results. A second limitation is that, while we constructed our
model based on the best existing literature and practices on CNN,
this area of research continues to develop quickly. The proposed
model does not exhaust possible architectures for brain age
prediction, or even all possibilities among CNN models. It should
also be noted that the use of a whole-brain VBM approach in
combination with the CNN architecture does not allow for group
comparisons of structural changes in specific regions of interest

Fig. 6 Visualization of T1 and Jacobian matrix voxels associated with age prediction identified via SHAP. Note. SHAP values were derived
from a gradient-based explainer applied to an ensemble of deep learning models predicting brain age from structural MRI. The above image
presents values identified from the T1 image and the jacobian matrix the model used as input data. Absolute SHAP values were averaged
across subjects within each group and thresholded to the top 10% for visualization. Maps for individuals with GAD and those without a
diagnosis (healthy control - HC) are displayed on the MNI152 2mm template with matched slice locations and color scaling. Lighter colors (i.e.,
more yellow) reflect higher absolute SHAP values.
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(ROI) previously associated with GAD, as is common practice in the
neuroimaging literature. However, the CNN approach demon-
strates more accurate overall brain age estimations compared to
linear ROI approaches in healthy subjects [27]. Thus, the CNN
architecture is more sensitive to subject level spatial information
making it a better model choice for the proposed analyses with
the downside of lacking the granularity of an ROI-based linear
approach.
Another limitation of this study is that the model performs

declines in older individuals. This is reflected by higher MAE in
both the validation and test samples with older age. However, the
fact that the findings persist even when removing developmental
cohorts, where many of the younger subjects are included, and
providing a closer age match between the test and training set
(supplemental Fig. 3) suggests that the model can be robust to
these effects. We would also highlight that data from older
participants also comes from ENIGMA cohorts which have been
collected with more variable methodology (i.e., scanner, sequence
parameters, inclusion criteria). We chose not to perform any
harmonization (i.e., ComBat) as deep learning should be resilient
to different data sources and there is evidence that site
harmonization may even impair performance [76]. However,
future studies are still needed to provide clearer guidance on
CNN methods applied to neuroimaging mega-analysis. Other
important limitations were that more detailed information about
the clinical course of GAD, such as age of onset, and duration were
not available. Further research should examine the extent to
which these play a role in brain age prediction models.
Regarding the visualization of brain regions associated with age

predictions, Shapley values obtained in the present study were
not found to be different between those with and without a GAD
diagnosis. The voxels do point to regions of the brain that might
be implicated with early aging and can be the focus of further
research. The voxels identified via SHAP are diffused across grey
and white matter. However, these values from SHAP are not to be
interpreted as causation or correlation with symptoms or severity
in presentation, as they are only maps at the level of the
diagnostic group.
In summary, we found no significant difference in PAD between

individuals with GAD compared to healthy controls. This is
consistent with prior work in adolescents with anxiety symptoms
that found no association between PAD and anxiety. We found
PAD was not associated with medication use or comorbid
disorders related to PAD, and found no interaction between age
and diagnostic status with PAD. However, in exploratory analysis
undertaken during peer review, we found that there was a
relationship between symptom severity and PAD only in subjects
with GAD (Supplemental Fig. 2). It is possible that this effect may
represent diagnostic heterogeneity present in GAD. We also found
a significantly larger variability in PAD for GAD compared to the
healthy controls. Additional analysis suggests that individuals with
only a GAD diagnosis had a greater degree of variability in PAD
than those with comorbid diagnoses in addition to GAD. Future
research examining the role of brain aging in psychiatric disorders
should take into consideration the possible sources of hetero-
geneity, either subject level characteristics (comorbidities, symp-
tom severity) or effects of brain age prediction (i.e., variability in
PAD) as they may smooth over group level differences, as the
findings of the present study suggest. Additionally, comparative
models of brain age of anxiety in animals could also be explored
[77, 78] to establish relationships between brain aging and
anxiety. Lastly, the training and testing samples assembled for this
study are substantially larger than previous work within anxiety
domains and brain PAD. Reporting these results from a large
mega-analysis is important as it may illustrate that a more detailed
approach is necessary to fully capture the heterogeneity under-
lying GAD. It might be that specific subpopulations, treatment
exposures, or specific symptoms are associated with differences in

brain age; however, it is difficult to disentangle these without
harmonized data collection.
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