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Combining Multiple Indices of Diffusion Tensor Imaging Can Better
Differentiate Patients with Traumatic Brain Injury from Healthy Subjects
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Background: Traumatic brain injury (TBI) is a common cause of mortality and morbidity worldwide.
Individuals with TBI have an elevated risk of developing numerous neurocognitive and psychiatric illnesses.
Diffuse axonal injury (DAI) is one of the most common pathological features of traumatic brain injury (TBI).
DAI may include extensive microscopic axonal damage, even in the absence of abnormal findings on
conventional computed tomography (CT) and magnetic resonance imaging (MRI). Unlike conventional
imaging techniques, diffusion tensor imaging (DTI) can be used to identify and quantify white matter
microstructural changes following DAL A variety of parameters can be obtained from a DTI scan (DTI
indices), including fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AD), and radial
diffusivity (RD). In recent years, several studies have investigated the use of machine learning (ML)
approaches for studying DTI indices for the prediction of white matter microstructural changes in TBI patients
at the individual level to aid in the classification and/or diagnosis of TBI patients. In the current study, four DTI
indices (FA, MD, AD and RD) were extracted from all white matter tracts to study the spatial and pathological
heterogenous changes in white matter microstructures following TBI. PCA as a feature reduction method was
applied to the extracted indices images maps followed by support vector machine (SVM) to identify a
classification model that can best differentiated between TBI patients and healthy control group.

Methods: Participants were adult patients with chronic TBI (n = 26) with DAI pathology, and age- and
sex-matched healthy controls (n = 26). DTI images were obtained from all participants. Tract-based spatial
statistics (TBSS) analyses were applied to DTI images. Classification models were built using PCA and SVM.
Receiver operator characteristic curve analysis and area under the curve were used to assess the classification
performance of the different classifiers.

Results: TBSS analysis revealed significantly decreased FA as well as increased MD, AD, and RD in patients
with TBI compared with healthy controls (all p-values <0.01).

Feature reduction and feature extraction: PCA was applied to FA, MD, AD, RD and ALL (combined FA,
MD, AD and RD dataset) during cross validation in both training and test datasets.

SVM classification: using SVM with five-fold cross validation was able to classify the patients with TBI and
healthy control groups using PCs of the skeletonized maps of each DTI index and the ALL dataset. A high
level of accuracy (90.5%) was achieved by the classifier trained on the combined indices dataset (ALL) and
(86.5%) by the classifier trained on the FA maps (all p-values < 0.01). The AUCs were 93% and 89% for the
ALL and FA classifier tasks, respectively.

Discussion and Conclusions: The present study investigated the utility of using combined DTI indices with
SVMs for the classification/diagnosis of TBI. Four DTI indices were extracted from all white matter tracts
instead of a specific region or tract to elucidate the spatial and pathological heterogeneity of white matter
microstructural changes following TBI. Despite the small sample size and other limitations in this study, the
high accuracy achieved by the combined indices classification model suggests its potential usefulness as a tool
to aid in the objective classification/diagnosis of TBI. We plan to validate the robustness of our model in a
larger independent sample while incorporating other clinical variables including neuropsychiatric

comorbidities in future studies.
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