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Purpose To determine the pros and cons of an artificial intelligence (Al) model developed
to diagnose acute rib fractures in chest CT images of patients with chest trauma.

Materials and Methods A total of 1209 chest CT images (acute rib fracture [n = 1159], nor-
mal [n = 50]) were selected among patients with chest trauma. Among 1159 acute rib frac-
ture CT images, 9 were randomly selected for Al model training. 150 acute rib fracture CT
images and 50 normal ones were tested, and the remaining 1000 acute rib fracture CT im-
ages was internally verified. We investigated the diagnostic accuracy and errors of Al model
for the presence and location of acute rib fractures.

Results Sensitivity, specificity, positive and negative predictive values, and accuracy for di-
agnosing acute rib fractures in chest CT images were 93.3%, 94%, 97.9%, 82.5%, and 95.6%
respectively. However, the accuracy of the location of acute rib fractures was low at 76%
(760/1000). The cause of error in the diagnosis of acute rib fracture seemed to be a result of
considering the scapula or clavicle that were in the same position (66%) or some ribs that
were not recognized (34%).

Conclusion The Al model for diagnosing acute rib fractures showed high accuracy in de-
tecting the presence of acute rib fractures, but diagnosis of the exact location of rib frac-
tures was limited.

Index terms Rib Fracture; Artificial Intelligence; Machine Learning; Diagnosis; Computer-
Assisted
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Fig. 1. Flow chart showing the research process.

From January 2021 to January 2022, 1209 chest CT images
(rib fracture = 1159, normal = 50) were collected among patients
who admitted emergency room
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Fig. 2. Block diagram of the system pipeline to diagnose rib fractures from chest CT images.

The model consists of two deep learning systems (orange blocks) and computer vision (blue blocks). The leftmost deep learning block
uses the U-Net model, and the rightmost uses a parameter-reduced Res-Net 50 model. Bounding box-based intersection over union
multi-object tracking is used to track and enumerate the ribs.

Window width = 2050, level = 250 Deep learing Traditional computer vision
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Fig. 3. Res-Net 50 model is used to
distinguish between acute rib frac-
ture (red) and normal ribs (green).
On chest CT, a fracture in the left 8th
rib is observed, marked with a red
rectangle box and L8.
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Table 1. Data on Patients Who Performed Training-Test-Internal Validation of Artificial Intelligence Models
Developed to Diagnose Acute Rib Fracture on Chest CT

Training Testing Internal Validation  p-Value
Number of chest CT 9 50 150 1000
Diagnosis Rib fracture Normal Rib fracture Rib fracture
Age (yrs) 61+ 17 53+20 60 £ 17 64 £ 16 0.059
Location of rib fx -
Right 4(44) 66 (44) 459 (46)
Left 3(33) 71 (47) 397 (40)
Both 2(22) 13(9) 144 (14)
Number of rib fx -
1-5 (67) 0 112 (75) 708 (70)
6-10 2(22) 0 32(21) 251 (25)
> 10 1(11) 6 (4) 41 (4)
Location of rib fx -
1-5th 3(33.3) 0 60 (40.0) 497 (49.7)
6-10th 3(33.3) 0 119(79.3) 885 (88.5)
11-12th 3(33.3) 0 36 (24.0) 142 (14.2)
Data are presented as mean = standard deviation or number (%).

Table 2. Error for Anatomical Clutter of Chest CT during Test and Internal Validation

Test (n =47/150) Interval Validation (n =32/1000)
Scapula 14 (30) 20 (62.5)
Clavicle 4(9) 6 (18)
Bone in outside body (finger, arm, etc.) 25(53) 5(15)
Vertebra column 2(2) 1(3)
Breathing artifact 2(2) 0

Data are presented as number (%).
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Table 3. Cause of Error in Rib Positioning in Tests and Internal Validation to Measure the Number of Ribs in
Artificial Intelligence Models Developed for Diagnosis of Acute Rib Fractures on Chest CT

Cause Number of Errors for Rib Counting (n = 45)
Incorrect the whole rib order because of the miss of the first rib 10 (22)
Incorrect number of 2 or 3 ribs counting 5(11)
An error in rib counting below a certain rib 20 (44)
Afew rib counting error between the normally marked ribs 10 (22)

Data are presented as number (%).

Fig. 4. Output of the system to diagnose rib fractures on chest CT. All regions of interest are divided into rect-
angles (green boxes) of different sizes and numbered by the rib order.

A. A case where a part of the right scapula (arrow) located between the right 5th and 6th ribs is mistaken for
the right 6th rib (arrow).

B. An error is observed in rib counting because the green rectangle box is not displayed on the left 7th rib
(arrow).
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