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- common injuries

- knowing specific injury pattern (e.qg.
degree of displacement) important
for clinical decisions
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Fracture % displacement calculation
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displaced fracture
non-displaced fracture
buckle fracture
segmental fracture

Study aim: automate rib fracture
identification + characterization on CT
scans using deep learning

Per-pixel label codes, RibFrac dataset
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Conclusions

Accomplishments:

- 2D U-Net CNN capable of accurately
detecting and characterizing rib
fractures in chest CT scans

- Finely tuned batch size, negative
sampling degree, class re-weighting
parameter, and loss function weights

- Novel post-processing fracture
displacement percentage calculation

- Offers significant improvement in
clinical utility of CT fracture
detection pipelines

Receiver operating characteristic Receiver operating characteristic

-
1.0 [ . — — - -
. — ’
’
’
”
’
’,
-
’,
0.8 4 ’
-
’
’
-
.. P
T " f
’
9 v
’
’,
’
’,
’

”~
”

— ROC 0 (AUC=0.774) ¥ —— ROC 0 (AUC=0.993)
ROC 1 (AUC=0.822) " R (AUC=0.996)

— ROC 2 (AUC=0.822) ] I —— ROC 2 (AUC=0.998)
(AUC=0.746) o ROC 3 (AUC=0.990)
(AUC=0,792) el ROC 4 (AUC=0.982)

”

0.0 T T T T
1.0 0.0 0 0.4 0.6 0.8 1.0

Figure 3. A) ROC curves computed for the CE+BD+MD model without class re-weighting. B) ROC curves for same model except with
class re-weighting (3 = 0.5). These ROC curves were computed based on a random sample of 500 slices from the validation set.

Figure 1. A qualitative example of the model prediction outputs. A) A single CT scan slice from the validation set. B) The 2D UNet model
prediction. C) The ground truth label.
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Future Work:
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Figure 4. Training and validation loss curves over 5 epochs for the

CE+BD+MC+RW-0.5 loss function.
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- Extending CNN to 3D and
processing multiple chest CT scan
slices at once

- Alternative post-processing class
reweighting procedures, including
blob detection and linear SVM fitting
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