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Amygdala’s T1-weighted image
radiomics outperforms volume
for differentiation of anxiety
disorder and its subtype
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Introduction: Anxiety disorder is the most common psychiatric disorder among
adolescents, with generalized anxiety disorder (GAD) being a common subtype
of anxiety disorder. Current studies have revealed abnormal amygdala function
in patients with anxiety compared with healthy people. However, the diagnosis
of anxiety disorder and its subtypes still lack specific features of amygdala from
T1-weighted structural magnetic resonance (MR) imaging. The purpose of our
study was to investigate the feasibility of using radiomics approach to distinguish
anxiety disorder and its subtype from healthy controls on T1-weighted images of
the amygdala, and provide a basis for the clinical diagnosis of anxiety disorder.

Methods: T1-weighted MR images of 200 patients with anxiety disorder (including
103 GAD patients) as well as 138 healthy controls were obtained in the Healthy
Brain Network (HBN) dataset. We extracted 107 radiomics features for the left and
right amygdala, respectively, and then performed feature selection using the 10-
fold LASSO regression algorithm. For the selected features, we performed group-
wise comparisons, and use different machine learning algorithms, including linear
kernel support vector machine (SVM), to achieve the classification between the
patients and healthy controls.

Results: For the classification task of anxiety patients vs. healthy controls, 2 and
4 radiomics features were selected from left and right amygdala, respectively, and
the area under receiver operating characteristic curve (AUC) of linear kernel SVM
in cross-validation experiments was 0.67394+0.0708 for the left amygdala features
and 0.6403+0.0519 for the right amygdala features; for classification task for GAD
patients vs. healthy controls, 7 and 3 features were selected from left and right
amygdala, respectively, and the cross-validation AUCs were 0.6755+0.0615 for
the left amygdala features and 0.6966+0.0854 for the right amygdala features.
In both classification tasks, the selected amygdala radiomics features had higher
discriminatory significance and effect sizes compared with the amygdala volume.

Discussion: Our study suggest that radiomics features of bilateral amygdala
potentially could serve as a basis for the clinical diagnosis of anxiety disorder.

anxiety disorder, generalized anxiety disorder, magnetic resonance imaging, amygdala,
radiomics
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FIGURE 1
The workflow of this study.

FIGURE 2

Bilateral amygdala radiomics feature coefficients-lambda graph of the LASSO dimensionality reduction of different tasks. (A) Left amygdala features
in Anxiety disorder vs. HC task; (B) right amygdala features in Anxiety disorder vs. HC task; (C) left amygdala features in GAD vs. HC task; (D) right
amygdala features in GAD vs. HC task.

Frontiers in Psychiatry 04 frontiersin.org



Lietal.

TABLE 2 Details of the parameters of the used machine learning
algorithms.

Algorithm Parameter name  Parameter setting

Linear kernel SVM C 1
Kernel Linear kernel
Tolerance le-3

RBF kernel SVM C 1
Kernel RBF kernel
Tolerance le-3

Random forest Estimators number 100
Criterion Gini index
Minimal sample split 2
Minimal samples leaf 1

XGBoost Base score 0.5
Gamma 0
Learning rate 0.1
Maximum depth 10
Estimators number 100

GBDT Loss Deviance
Learning rate 0.1
Estimators number 100
Criterion Friedman mean squared

error

SVM, support vector machine; RBF, Radial basis function; XGBoost, extreme gradient
boosting; GBDT, Gradient boosting decision tree (GBDT).

3. Results

3.1. Anxiety disorder vs. HC radiomics
feature analysis

Using 10-fold LASSO regression model, we selected 2-
dimensional features (i.e., small dependence emphasis and small
dependence high gray level emphasis) for the left amygdala,
and 4-dimensional features (i.e., maximum 2D diameter column,
interquartile range, small dependence emphasis, and gray level
non-uniformity normalized) for the right amygdala.

3.2. Anxiety disorder vs. HC radiomics
feature group-wise comparison

For left amygdala, results of group-wise comparison reveals that
there were significant differences between anxiety disorder patients
and HC group on two selected radiomics features (Figure 3A). As
a comparison, no significant difference in left amygdala volume
was found between anxiety disorder patients and HC group.
The absolute values of the effect sizes of the two radiomics
features were also larger than the amygdala volume. For the right
amygdala, three radiomics features (i.e., interquartile range, small
dependence emphasis, and gray level non-uniformity normalized)
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and amygdala volume were significantly different between anxiety
disorder patients and HC group, and results of the interquartile
range and small dependence emphasis was more significant
than amygdala volume in group-wise comparison (Figure 3B). In
addition, the values of the effect size of the interquartile range, small
dependence emphasis, and gray level non-uniformity normalized
were also larger than the amygdala volume (Table 3).

3.3. Anxiety disorder vs. HC classification

cross-validation showed that
the SVM  models separately using
selected left/right amygdala radiomics features achieved the

Results  of
linear kernel

experiments
trained

classification of anxiety disorder vs. HC. Specifically, SVM
trained using two-dimension left amygdala radiomics features
achieved classification AUC of 0.6739, and the SVM model
trained using four-dimension right amygdala radiomics
features achieved classification AUC of 0.6403 (Figures 4A, B,
For the left/right amygdala, the
classification performance of various machine learning algorithms

Supplementary Tables 1, 2).

trained with radiomics features were higher than the performance
of classifiers trained with amygdala volume (Figures 4A, B, D, E,
Supplementary Tables 1-4). Combining features from the left and
right amygdala to train machine learning models did not result in
a significant improvement in classification performance, but the
performance of machine learning models trained by combining
radiomics features were still higher than the performance of
models trained by combining volume metrics (Figures 4C, F,
Supplementary Tables 5, 6).

3.4. GAD vs. HC radiomics feature analysis

7-dimensional features (i.e., maximum 2D diameter column,
mean absolute deviation, cluster prominence, cluster tendency,
small dependence high gray level emphasis, short run high gray
level emphasis, and small area high gray level emphasis) for
the left amygdala, and three-dimensional features (i.e., maximum
2D diameter column, interquartile range, and cluster tendency)
for the right amygdala were selected using 10-fold LASSO
regression model.

3.5. GAD vs. HC radiomics feature
group-wise comparison

For left amygdala, results of group-wise comparison reveals that
there were significant differences between anxiety disorder patients
and HC group on 4 selected radiomics features (i.e., mean absolute
deviation, small dependence high gray level emphasis, short run
high gray level emphasis, and small area high gray level emphasis)
(Figure 5A). As a comparison, no significant difference in left
amygdala volume was found between anxiety disorder patients and
HC group. The absolute values of the effect sizes of five radiomics
features (i.e., mean absolute deviation, cluster prominence, small
dependence high gray level emphasis, short run high gray level
emphasis, and small area high gray level emphasis) were also larger
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Feature distribution and group-wise comparison results on selected radiomics features of Anxiety disorder vs. HC task. (A) Results of left amygdala
radiomics features; (B) results of right amygdala radiomics features. Points are outliers in the box plot. NS, not significant; *p < 0.05; **p < 0.01; ***p
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than the amygdala volume. For the right amygdala, two radiomics
features (i.e., maximum 2D diameter column, and interquartile
range) and amygdala volume were significantly different between
anxiety disorder patients and HC group (Figure 5B). In addition,
the value of the effect size of the interquartile range was larger than
the amygdala volume (Table 4).

3.6. GAD vs. HC classification

Results showed that the SVM models trained separately
using selected left/right amygdala radiomics features achieved
the classification of anxiety disorder vs. HC. Specifically, SVM
trained using seven-dimension left amygdala radiomics features
achieved classification AUC of 0.6755, and the SVM model
trained using three-dimension right amygdala radiomics features
achieved classification AUC of 0.6966, which were higher than
the performance of classifiers trained with amygdala volume
(Figures 6A, B, D, E, Supplementary Tables 1-4). Combining
features from the left and right amygdala to train machine learning
models did not result in a significant improvement in classification
performance, but the performance of machine learning models
trained by combining radiomics features were still higher than
the performance of models trained by combining volume metrics
(Figures 6C, F, Supplementary Tables 5, 6).

4. Discussion

Our study indicated that patients with anxiety disorders and
GAD showed abnormalities in the left/right amygdala radiomics
features compared with the HC group. Group-wise comparison
revealed that abnormalities of some radiomics features were more
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TABLE 3 Effect sizes of selected radiomics features and bilateral
amygdala volume in anxiety disorder vs. HC task.

Hemisphere Feature Feature Effect size
class name
Left Volume Amygdala volume 0.3392
GLDM Small dependence 0.7587
empbhasis
Small dependence 0.9016
high gray level
empbhasis
Right Volume Amygdala volume 0.42
3D shape Maximum 2D 0.3146
diameter column
First order Interquartile range 0.6028
GLDM Small dependence 0.8085
emphasis
GLRLM Gray level 0.4667
non-uniformity
normalized

significant than amygdala volume. Our study is a prospective
research to evaluate the feasibility of differentiating anxiety
disorders and one of its subtypes (i.e., GAD) from the healthy
population using radiomics features of bilateral amygdala extracted
from T1-weighted MR images.

Radiomics analysis has been applied to some neural psychiatric
disorders. A study has found that radiomics features extracted
from the hippocampus structure reflect high-order imaging
patterns and heterogeneity characteristics of microstructure in
hippocampus in AD patients (43). A radiomics study of autism
spectrum disorder has found significant differences in the texture
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Feature distribution and group-wise comparison results on selected radiomics features of GAD vs. HC task. (A) Results of left amygdala radiomics
features and (B) results of right amygdala radiomics features. Points are outliers in the box plot. ns: not significant; *: p-value < 0.05; **: p-value <

features in the right hippocampus, corpus callosum, cerebellar
white matter, and left choroid plexus between patients and
controls (44). However, radiomics studies of anxiety disorder and
its subtypes using T1-weighted structural MR images are still
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lacking. Structural MR imaging studies have revealed alterations
in the volume of the amygdala in patients with anxiety disorder
and its subtypes (6-9). In our study, we used radiomics
technique to further analyze the abnormalities of the amygdala
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TABLE 4 Effect sizes of selected radiomics features and bilateral
amygdala volume in GAD vs. HC task.

Hemisphere Feature Feature Effect size
class name
Left Volume Amygdala volume 0.4783
3D shape Maximum 2D 0.4421
diameter column
First order Mean absolute 0.9455
deviation
GLCM Cluster 0.5997
prominence
Cluster tendency 0.2273
GLDM Small dependence 0.9212
high gray level
emphasis
GLRLM Short run high gray 0.801
level emphasis
GLSZM Small area high 0.7675
gray level emphasis
Right Volume Amygdala volume 0.6312
3D shape Maximum 2D 0.5661
diameter column
First order Interquartile range 0.757
GLCM Cluster tendency 0.1039

in anxiety disorders and its subtype (i.e.,, GAD). Radiomics
features selected by LASSO regression model reflect the gray value
distribution, spatial heterogeneity, texture characteristics and other
microstructural information.

For anxiety disorders, there were 2 selected radiomics features
of left amygdala, ie, small dependence emphasis and small
dependence high gray level emphasis are GLDM parameters.
According to existing study (37), gray level dependency is defined
as the number of connected voxels that are dependent on the
center voxel, and small dependence emphasis is a measure of the
distribution of small dependencies, with a lower value indicative
of greater dependence and more homogeneous textures of left
amygdala of anxiety disorder patients compared with HC group.
Small dependence high gray level emphasis measures the joint
distribution of small dependence with higher gray-level values, with
a lower value indicating a smaller concentration of high gray-level
values in the image. For right amygdala, there were 4 selected
radiomics features, including maximum 2D diameter column,
interquartile range, small dependence emphasis, and gray level
non-uniformity normalized. Maximum 2D diameter (Column) is
defined as the largest pairwise Euclidean distance between ROI
surface mesh vertices in the row-slice (usually the coronal) plane.
Interquartile range is defined as difference between 25th and 75th
percentile of the gray level intensity within the ROL Gray level
non-uniformity normalized measures the variability of gray-level
intensity values in the image, with a greater value indicating a
smaller similarity in intensity values. The above features indicate
structural and textural heterogeneity in the right amygdala in
patients with anxiety disorder.

For GAD, seven radiomics features of left amygdala were
selected, including maximum 2D diameter column, mean absolute
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deviation, cluster prominence, cluster tendency, small dependence
high gray level emphasis, short run high gray level emphasis, and
small area high gray level emphasis. Mean absolute deviation is
the mean distance of all intensity values from the mean value of
the gray level intensity values within the ROI. Cluster prominence
and cluster tendency are GLCM parameters (32). A lower values
of cluster prominence implies less asymmetry of the GLCM, and
cluster tendency is a measure of groupings of voxels with similar
gray-level values. Short run high gray level emphasis measures
the joint distribution of shorter run lengths with higher gray-level
values (34), with a lower value indicating a smaller concentration
of high gray-level values in the image. Small area high gray
level emphasis measures the proportion in the image of the joint
distribution of smaller size zones with higher gray-level values, with
a lower value indicating a smaller proportion of higher gray-level
values of small size zone in the image (35). For right amygdala,
there were 3 selected features, i.e., maximum 2D diameter column,
interquartile range, and cluster tendency. These features extracted
from the left/right amygdala structure reflect high-order imaging
patterns and heterogeneity characteristics of microstructure in
amygdala in GAD patients.

It is worth noting that significant results in group-wise
comparison were not observed on some LASSO-selected radiomics
features (e.g., maximum 2D diameter column of right amygdala
and cluster tendency of bilateral amygdala). As a machine
learning method, LASSO integrates each feature dimension to
assess feature importance, while the statistical method of group-
wise comparison performs hypothesis testing independently for a
specific feature dimension. Therefore, the possible reason for the
above experimental results is that certain features that do not differ
significantly between patients and healthy people are important
for the machine learning task. The above reason can also explain
the experimental results related to volume metrics. Although right
amygdala volume was significantly different in both Anxiety vs. HC
and GAD vs. HC group comparisons (Figures 3B, 5B), satisfactory
classification results could not be obtained from machine learning
classifiers that trained using right amygdala volume (Figures 4E,
6F, Supplementary Tables 4, 6). This may due to the fact that such
differences may not necessarily valid for training machine learning
models, e.g., SVM.

Existing studies have used radiomics features for machine
learning-based neuropsychiatric disorders classification. A study
(20) identified 30 radiomics features of corpus callosum to
differentiate participants with schizophrenia from HCs using
Bayesian optimized model. Another study (45) used texture
features based on GLCM to separate autism spectrum disorder
and development control subjects using SVM and random forest
classifiers. In a recent study (46), logistic regression analysis
was performed to build classification models based on amygdala
radiomics features for Alzheimers disease and amnestic mild
cognitive impairment, and achieved an AUC of 0.93 for AD vs.
NC classification, an AUC of 0.84 for AD vs. aMCI classification,
and an AUC of 0.80 for aMCI vs. NC classification. However,
there are still lack of studies on radiomics-based anxiety disorder-
related classification. In our study, SVM classification experiments
have demonstrated that selected radiomics features of the left/right
amygdala can be used to separate patients with anxiety disorder and
GAD from HC group, and using radiomics features of amygdala
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for classification is better than using amygdala volume. In addition,
for both anxiety disorder vs. HC and GAD vs. HC classification
tasks, SVM classifiers trained using radiomics features of left
amygdala achieved higher AUC than that of right amygdala,
which implies that the microstructural changes associated with
anxiety are greater in the left amygdala compared with the
right amygdala.

Exist studies have revealed alterations in the volume of the
amygdala in patients with anxiety disorder and its subtypes.
Research on amygdala subregional structure suggests that
microstructural information of amygdala is also associated with
anxiety-related disorders (10). Radiomics features could reflect
high-order imaging patterns and heterogeneity characteristics of
microstructure in bilateral amygdala. According to group-wise
the
and HC group in most selected radiomics features were

comparison experiments, differences between patients
more significant than the amygdala volume. In addition, the
absolute values of the effect sizes of most selected radiomics
features were larger than the amygdala volume. Our study
suggests bilateral amygdala radiomics features could serve
as more effective neuroimaging biomarkers, compared with
amygdala volume, for identifying patients with anxiety disorders
and GAD.

There were several limitations in our study. Firstly, there
are many subtypes of anxiety disorder, including social anxiety,
separation anxiety, etc. Limited by sample size, only GAD was
selected as an example for anxiety disorder subtype in our study.
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Secondly, a complete 1:1 match in age, sex and site ratio had
not been achieved. In future works, we will collect data of other
anxiety disorder subtypes scanned from multiple scanners, and
further evaluate relationship between amygdala radiomics features
and behavioral information.

In summary, our study observed that compared with amygdala
volume, bilateral amygdala radiomics features could serve as
more effective neuroimaging biomarkers for identifying patients
with anxiety disorders and GAD. Moreover, we used machine
learning method to evaluate the feasibility of differentiating
patients of anxiety disorders and GAD from the healthy people
using radiomics features of bilateral amygdala extracted from T1-
weighted MR images, thus providing effective biomarkers for the
clinical diagnosis of anxiety disorders.
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