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Results

Data

• Early return to activity from traumatic brain injury (TBI) and a
secondary injury days or weeks after the primary injury may
result in prolonged disability or even mortality for patients. [1].
• Accurate prognosis prediction for TBI patients would improve
outcome, quality of life and reduce associated medical cost of a
secondary injury.

• A total of 267 mild TBI (mTBI) subjects scanned at 3, 7, 14, and
90 days post-injury at 7 clinical sites as part of the GE/NFL
Head Health Initiative using 3T GE MR750 (GE Healthcare,
Milwaukee, WI) was used.
• Multishell diffusion MRI that consisted 140 diffusion
weighted volumes in 25-40-75 gradient directions with b = 700,
1000, 2800 mm2/s, respectively [8] and eight b= 0 images were
acquired with 2.5mm isotropic resolution.
• Patients with at least two visits that included diffusion
imaging and symptom inventory scores (Rivermead post-
concussive questionnaire – RPQ) were included in the present
analysis (N= 177).

Methods

Longitudinal Changes in Apparent Diffusion Coefficient Value 
Predicts Prognosis for mTBI Patients

• Gradient of the RPQ score between the first and the last encounter
was used to automatically cluster patients into 4 classes (fast
recovery, slow recovery, mildly symptomatic and not-recovered) in a
k-means clustering framework and were considered as ground truth.
• White matter was automatically parcellated into 76 anatomical ROIs
by registering to the MNI atlas [2]. Statistics (mean, median, standard
deviations, skewness and kurtosis) of FA, ADC maps, mean diffusivity
and radial diffusivity within each of these 76 parcellated ROIs were
considered. Temporal changes in the diffusion map of these 76 ROIs
were quantified by calculating the gradient of the statistics and were
used as features.

• A 8-fold cross-validation method was adopted for evaluation.
• Random forest classifier [3] was used inside cross-validation to
automatically select the important features, reduce
dimensionality and reduce overfitting. The reduced number of
features were used in a support vector machine [4] classifier to
predict each of the four classes inside the cross-validation step.
• Feature importance across all-folds of training were averaged
to identify regions most affected for patients with slow
prognosis.

Conclusions
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• Temporal gradient of median and standard deviation of the
ADC maps of the brain regions in body of corpus callosum,
corona radiata, middle cerebellar peduncle, sagittal stratum,
hippocampus, external capsule were consistently ranked as
top features in predicting the outcome.
• Longitudinal changes in the ADC map was found to be most
predictive of patient prognosis for mTBI patients.
• The area under the curve (AUC) for mTBI patients with slow
recovery was 0.7.

• Longitudinal changes in diffusion maps was found to be
predictive of mTBI patient prognosis.
• This preliminary analysis may facilitate building a prediction
model of prognosis for mild TBI patients from diffusion images
and aid in patient management and rehabilitation.

Figure 1 Brain regions important for 
mild TBI prognosis.

Figure 2 ROC curve for slow recovery 
patients.
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