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Abstract Results

This paper aims at implementing novel biomarkers extracted from functional
magnetic resonance imaging (fMRI) images taken at resting-state using convo-
lutional neural networks (CNN) to predict relapse in heavy smoker subjects. In
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the subjects in terms of relapse and non-relapse.

Figure: (a) ROC curves for classification using XGBoost employing leave-one-out cross-validation.
The lighter curves demonstrate the ROC for each fold, the red curve illustrates the mean value of
the lighter curves, and the shaded gray area shows the confidence interval of the classification. (b)

Data AC(]UISlthIl Data Preprocessing ROC curves for classification using various machine learning algorithms including DT, RF, KNN,
B SVM, QDA, AdaBoost, and XGBoost employing leave-one-out cross-validation.
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Mapped Features Conclusions

The outstanding performance of the
XGBoost along with the mapped ex-
tracted features using convolutional
neural networks on a brain template
can be considered significant enough
to suggest that there is a difference
in the resting-state tMRI images of
a smoker that undergoes the smok-
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Figure: (a) Axial MRI slice of anatomical scan of brain of a subject with size of 240 x 240 x 220.

(b) Axial MRI slices of pre-treatment and post-treatment functional scans with size of 80 x 80 x 37
through 200 snapshots.
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