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Methods and Materials 

Participants 

The following inclusion criteria applied for all participants: (i) age ≥ 18 years; (ii) right-handed; (iii) 

physical experience of the earthquake; (iv) personal witness of building collapse, death or serious 

injury; (v) no known PTSD prior to the earthquake; and (vi) no psychologic interventions or 

psychopharmacologic treatment before MRI. Exclusion criteria were: age < 18 years; left-handed; 

reported serious traumatic events before or after the earthquake, current and lifetime psychiatric 

comorbidities such as depression and anxiety disorders, or alcohol/drug/other substance 

abuse/dependence; traumatic brain injury; neurological or cardiovascular conditions; any 

contraindication to MRI; brain lesions identified at MRI examination. 

Quality control procedures for MRI images 

A water phantom was used as a daily quality assurance protocol checking the stability of the MRI 

system. For all the raw DTI datasets, first we checked by inspection to exclude those with 

conspicuous head motion and signal dropout. Then we calculated head motion using on-line code 

(https://thewinnower.com/papers/3525-a-guide-to-quantifying-head-motion-in-dti-studies), 

excluding datasets from participants showing head movements of >2 mm displacement or translation 

in the x, y, z directions or > 2° rotation around the x, y, z directions. All participants reported showed 

head motion lower than the exclusion criteria. Details of the measured head motion are presented in 

Table S1.  

Support vector machine (SVM) analyses 

To determine whether the tract profile could distinguish between individual TENP controls and 

https://thewinnower.com/papers/3525-a-guide-to-quantifying-head-motion-in-dti-studies


PTSD patients, we used exploratory SVM analyses to perform single-subject classification. The 

SVM is a widely used machine learning model mapping the input data to a feature space by a set of 

mathematical functions called kernels (Cortes and Vapnik, 1995). In this feature space, the model 

learns the optimum separation surface which maximizes the margin between different classes in a 

training dataset. Once the separation surface is determined, an independent testing dataset is used to 

predict the class of new observations. We utilized the implementation from the Scikit-Learn library 

(Pedregosa et al., 2011) based on LIBSVM. A 5-fold stratified cross-validation scheme was used to 

divide the original participants into 5 non-overlapping partitions, each with the same proportion of 

the two classes. In each iteration, 4 partitions were treated as a training set and the remaining 

partition was defined as the test set. In the training set, an internal 5-fold stratified nested cross-

validation was applied to select the optimal value of hyperparameters. The linear SVM has only one 

parameter (soft margin parameter C), controlling the trade-off between increasing separation margin 

and reducing training errors. We optimized this by performing a grid search in the following range 

of values: C = 10-3, 10-2, 10-1, 100, 101, 102, 103, 104. An SVM model with the optimized C value 

was trained on the training sample. The balanced accuracy, specificity, and sensitivity of its 

performance were evaluated on the test set, reported as the mean values of the metrics obtained on 

each partition of the cross-validation scheme. To estimate the statistical significance, we applied a 

nonparametric permutation test (Golland and Fischl, 2003). The classification process was repeated 

over 1000 permutations with the group labels permuted; P value was then computed by dividing the 

number of permutations where performance of the permuted labels was better than that of the real 

labels. More details of SVM evaluation can be found in our recent publication (Lei et al., 2020). 

Tract-based spatial statistics (TBSS) 

TBSS method was used for whole-brain voxelwise analysis of the FA, MD, AD, and RD images. 



All FA images were aligned and normalized into the FMRIB58 template-space using FSL-fnirt. The 

group mean FA images were generated and then skeletonized to identify the centers of all white 

matter tracts in the different study groups with a threshold FA value of 0.2. The statistical analysis 

of the imaging data was performed using “FSL-randomise” with 10,000 permutations and corrected 

for multiple comparisons using threshold-free cluster enhancement (TFCE) with a family-wise error 

(FWE) correction (P ˂ 0.05). 

Results 

Voxelwise analysis with TBSS 

There were no statistically significant differences in the whole brain FA, MD, AD or RD between 

PTSD and TENP groups after FWE correction. 

Discussion for TBSS analysis 

Our whole-brain voxelwise TBSS analysis showed no significant differences in diffusion measures 

between the PTSD and TENP groups after FWE correction, which is consistent with prior studies 

using TBSS (McCunn et al., 2021; O'Doherty et al., 2018). TBSS tends to be more sensitive to focal 

alterations in microstructural properties of white matter, whereas tractography-based analysis can 

better detect alterations that are diffusely present along the length of a fiber tract (Olson et al., 2017).



 

Figure S1. Flowchart for pointwise comparison. The tract profiles from a participant were arranged 

in a single matrix. All these matrixes were fed into a permutation-based statistical analysis with 

10000 permutations using FSL Randomize program. The statistical results were subject to family-

wise error (FWE) correction for multiple comparisons following threshold-free cluster enhancement 

(TFCE), thresholded by P < 0.05 and finally displayed as bars under each tract profile plot. 

Abbreviations: PTSD, posttraumatic stress disorder; TENP, trauma-exposed non-PTSD; FA, 

fractional anisotropy.



 

Figure S2. Point-wise comparison of fractional anisotropy (FA) between TENP and PTSD. 

The FA profiles are color-coded (blue for TENP, red for PTSD; solid lines showing means, shaded 

areas representing SDs). Pairs of panels show results from a named tract, left and right. Each tract 

was divided into 100 equal segments (X axis) and FA profiles (Y axis) and scaled in the same way 

across tracts. The x-axis represents the location between the beginning and termination waypoint 

regions of interest along the given tract. Abbreviations: L, left; R, right; PTSD, posttraumatic stress 

disorder; TENP, trauma-exposed non-PTSD. 



 

Figure S3. Point-wise comparison of axial diffusivity (AD) between TENP and PTSD. 

The AD profiles are color-coded (blue for TENP, red for PTSD; solid lines showing means, shaded 

areas representing SDs). Pairs of panels show results from a named tract, left and right. Each tract 

was divided into 100 equal segments (X axis) and AD profiles (Y axis) and scaled in the same way 

across tracts. The x-axis represents the location between the beginning and termination waypoint 

regions of interest along the given tract. Abbreviations: L, left; R, right; PTSD, posttraumatic stress 

disorder; TENP, trauma-exposed non-PTSD.  



 

Figure S4. Point-wise comparison of mean diffusivity (MD) between TENP and PTSD. 

The MD profiles are color-coded (blue for TENP, red for PTSD; solid lines showing means, shaded 

areas representing SDs). Pairs of panels show results from a named tract, left and right. Each tract 

was divided into 100 equal segments (X axis) and MD profiles (Y axis) and scaled in the same way 

across tracts. The x-axis represents the location between the beginning and termination waypoint 

regions of interest along the given tract. Abbreviations: L, left; R, right; PTSD, posttraumatic stress 

disorder; TENP, trauma-exposed non-PTSD. 



 

Figure S5. Point-wise comparison of radial diffusivity (RD) between TENP and PTSD. 

The RD profiles are color-coded (blue for TENP, red for PTSD; solid lines showing means, shaded 

areas representing SDs). Pairs of panels show results from a named tract, left and right. Each tract 

was divided into 100 equal segments (X axis) and RD profiles (Y axis) and scaled in the same way 

across tracts. The x-axis represents the location between the beginning and termination waypoint 

regions of interest along the given tract. Abbreviations: L, left; R, right; PTSD, posttraumatic stress 

disorder; TENP, trauma-exposed non-PTSD. 



Table S1. Comparison of head movements between PTSD and TENP. 

a Data are presented as mean± standard deviation.  

b P value obtained using two-sample two-tailed t test.  

Abbreviations: PTSD, posttraumatic stress disorder; TENP, trauma-exposed non-PTSD.  

Measurements TENP a PTSD a P value b 

Relative displacement 0.5091 ± 0.0893 0.5182 ± 0.0876 0.530 

Rotation around x  0.0004 ± 0.0071 -0.0013 ± 0.0096 0.210 

Rotation around y  -0.0008 ± 0.0030 0.0015 ± 0.0034 0.173 

Rotation around z  0.0008 ± 0.0034 0.0003 ± 0.0035 0.401 

Translation along x  -0.0428 ± 0.1063 -0.0532 ± 0.1519 0.626 

Translation along y  0.2516 ± 0.1633 0.2637 ± 0.1246 0.608 

Translation along z  0.2726 ± 0.3577 0.3194 ± 0.3799 0.435 



Table S2. Single-subject classification of PTSD patients and TENP controls. 

Measures Accuracy (%) Sensitivity a (%) Specificity a (%) 

FA 64.3±8.7 57.4±12.5 71.1±10.7 

AD 73.8±10.7 59.5±13.2 88.2±12.2 

MD 69.4±5.4 57.0±14.0 81.8±17.0 

RD 63.5±8.2 51.9±5.4 75.1±15.8 

a Sensitivity and specificity were computed taking the PTSD group as the positive class. Results are 

shown as mean±SD. 

Abbreviations: PTSD, posttraumatic stress disorder; TENP, trauma-exposed non-PTSD; FA, 

fractional anisotropy; AD, axial diffusivity; MD, mean diffusivity; RD, radial diffusivity. 
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