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Objective: To evaluate the performance and robustness
of a deep learning-based automatic fresh rib fracture
detection and positioning system (FRF-DPS).

Methods: CT scans of 18,172 participants admitted to
eight hospitals from June 2009 to March 2019 were
retrospectively collected. Patients were divided into
development set (14,241), multicenter internal test set
(1612), and external test set (2319). In internal test set,
sensitivity, false positives (FPs) and specificity were
used to assess fresh rib fracture detection performance
at the lesion- and examination-levels. In external test set,
the performance of detecting fresh rib fractures by radi-
ologist and FRF-DPS were evaluated at lesion, rib, and
examination levels. Additionally, the accuracy of FRF-
DPS in rib positioning was investigated by the ground-
truth labeling.

Results: In multicenter internal test set, FRF-DPS showed
excellent performance at the lesion- (sensitivity: 0.933
[95%CI, 0.916-0.949], FPs: 0.50 [95%Cl, 0.397-0.583])

INTRODUCTION

Rib fracture is the most common type of chest injury in
patients with blunt trauma, and approximately 40-50% of
patients with blunt chest trauma have rib fractures.' Report-
edly, up to 12% of patients with traumatic rib fractures die
from acute or subacute injury, and nearly 50% of patients
eventually need intensive care and surgery.” Some studies
have shown that 81% of patients with traumatic rib frac-
tures have hemothorax, pneumothorax, and other organ
injuries that are mainly related to specific rib fractures.’
Identifying the degree of displacement and the number of
rib fractures is the basis for developing treatment plans.
As the main imaging method to evaluate chest trauma, CT

and examination-level. In external test set, the sensitivity
and FPs at the lesion-level of FRF-DPS (0.909 [95%Cl,
0.883-0.926], p < 0.001; 0.379 [95%CI, 0.303-0.422], p
= 0.001) were better than the radiologist (0.789 [95%ClI,
0.766-0.807]; 0.496 [95%ClI, 0.383-0.571]), so were the
rib- and patient-levels. In subgroup analysis of CT param-
eters, FRF-DPS were robust (0.894-0.927). Finally, FRF-
DPS(0.997 [95%CI, 0.992-1.000], p < 0.001) is more
accurate than radiologist (0.981 [95%CI, 0.969-0.996])
in rib positioning and takes 20 times less time.
Conclusion: FRF-DPS achieved high detection rate of
fresh rib fractures with low FP values, and precise posi-
tioning of ribs, thus can be used in clinical practice to
improve the detection rate and work efficiency.
Advances in knowledge: We developed the FRF-DPS
system which can detect fresh rib fractures and rib posi-
tion, and evaluated by a large amount of multicenter
data.

provides a detailed evaluation of rib fractures and multiple
traumas of a patient with chest and abdominal injuries.’
Influenced by the shape of the rib, CT imaging equipment,
and angle, radiologists might misdiagnose or miss the diag-
nosis of rib fractures in CT. Furthermore, CT scans should
be evaluated sequentially when the degree of displacement
and the number of rib fractures are calculated. These are
meticulous and time-consuming tasks.

Presently, artificial intelligence (AI), the core technique
mainly represented by deep neural networks or known as
deep learning (DL), has great potential in computer vision
and medical images.®’ It also has some applications in the
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field of rib fracture detection.®"'® Nonetheless, the majority of
previous studies have not been verified by human-machine
comparison and large-scale data, and hence the clinical value
cannot be confirmed. Zhou et al'! proposed a model based on
DL to automatically detect and classify the rib fractures into
three categories (fresh, healing, and old). Yang et al'? utilized
the DL model to diagnose and classify rib fractures, which is
useful to doctors in improving diagnosis efficiency and reducing
workload. However, both studies used small test data sets to
evaluate the performance of the respective models; moreover,
the first study does not indicate the anatomical location of each
rib fracture.

Thus, this study aimed to develop DL-based automatic fresh rib
fracture detection and positioning in an emergency scenario,
which was validated using a multicenter data set.

METHODS AND MATERIALS

Ethics approval

This multicenter retrospective study was approved by the ethics
committee of each hospital, and the requirement for informed
consent was waived due to the retrospective design of this study.

Patients

The inclusion criteria were as follows: (1) patients admitted to
the Emergency department because of chest trauma; (2) CT
imaging of all ribs was performed bilaterally, and images in
digital imaging and communications in medicine (DICOM)
format were collected after examination; (3) patients aged
>18-years-old. The exclusion criteria were as follows: (1) patients
with image artifacts or inability to meet the diagnostic require-
ments due to poor breath-holding, (2) patients with pathological
rib fractures, (3) patients with a fracture history of >3 weeks.

From June 2009 to March 2019, CT scans of 18,903 partici-

pants admitted to the different centers (A, B, C, D, E, E G, and
H) in China and who met the inclusion criteria were collected

Figure 1. Flowchart of patient inclusion.
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retrospectively. Scans of patients (n = 784) who met the exclu-
sion criteria were removed, finally leaving a data set of 18,172
CT scans. The data of the seven centers (A, B, C, D, E, F, and G)
were randomly divided into training set (n = 12,636), valida-
tion set (n = 1605) and internal test set (n = 1612) according to
8:1:1 patient ratio. The training and validation sets were collec-
tively referred to as the development set. The data of center H
comprised the external test set (n = 2,319). The internal test
set was used to evaluate the detection performance of fresh rib
fracture detection and positioning system (FRF-DPS) on multi-
center data. The external test set was used to evaluate the perfor-
mance of the FRF-DPS in the detection and recognition of fresh
rib fractures and that of the rib positioning algorithm. Figure 1
and Table 1 summarize the data distribution and patient charac-
teristics, respectively.

CT examinations

CT examinations were obtained by helical CT scans using the
64-slice CT (LightSpeed VCT, Sensation Medical Systems,
Philips Medical Systems), the 128-slice CT (LightSpeed VCT,
Neuviz Medical Systems), and the uCT960+Medical Systems. In
addition, CT examinations were captured under voltage 120 kVp,
current 250-350 mA, and multiple convolution kernel recon-
struction algorithms. The reconstruction thicknesses ranged
from 0.625 to 1.25mm. Table 1 lists the CT parameters.

Ground-truth (GT) labeling

The GT was determined by three senior physicians with expe-
rience of at least 10 years (WZ, LL, and JC). Specifically, each
CT scan was performed individually by each physician, labeling
the bounding boxes of fresh rib fractures, as well as the corre-
sponding rib number and position. The inconsistent annotations
were resolved by discussion among the three physicians to reach
the final decision. Furthermore, each rib, irrespective of the fresh
rib fractures, was labeled by its position.

Patients were collected from multiple centers(Hospital A, B, C, D, E, F, G
and H) from June 2009 to March 2019 (n=18903)

Exclusion criteria (n=731)

(1) Image with artifacts or poor breath holding

(2) Patients with pathological rib fractures

(3) Patients with a fracture history of more than 3 weeks

Eligible chest CT scans from hospital A, B, C, D,
E,F, G and H (n=18172)

|

Development Set from hospital A, B,
C,D, E, F, and G (n=14241)

|

Testing Set from hospital A, B, C,
D, E, F, G and H(n=3931)

[

l—k—l I .
Testing Set 1 from hospital A, B, C, Testing Set 2 from hospital
Scans with at Scans without D,E, F, G (n=1612) H(n=2319)
least one rib rib fracture
fracture(n=8448) (n=5793) ! ) { )
Scans with at 5 Scans with at o
Scans without Scans without
least one fresh . least one fresh i
¥ fresh rib fracture ; fresh rib fracture
rib fracture (1=657) rib fracture (0=174)
(n=955) (n=2145)
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Table 1. Patients’ demographic and CT parameters

Characteristic Development (n = 14241) Test 1 (n=1612) Test 2 (n = 2319)
Clinical information
Age in years, mean + SD 57.94 + 14.36 58.33 +14.07 58.15+ 14.12
SEX
Male 7929 (55.7%) 902 (55.9%) 1459 (62.9%)
Female 6313 (44.3%) 710 (44.1%) 860 (37.1%)

CT parameters

Manufacturer
GE 2779 288 0
SIEMENS 6907 791 1,724
Philips 3313 410 502
Other 1242 123 93
Kernel
B70f 5110 573 1,281
B60f" 4742 519 781
Other 3936 520 257

Slice thickness

0.625 mm 4540 502 1,282

1.00mm 9578 1,032 1,037

Other 123 78 0
CTDI 41.89 +13.93 43.02 + 14.24 42.17 +14.13

CTDI, CT dose index.; SD, standard deviation.
Mean data are +standard deviation; data in parentheses are percentages;

Figure 2. Pipeline of the FRF-DPS. The FRF-DPS consists of Rib Fracture Detector, which detects rib fractures and distinguishes
between fresh and old rib fractures, and Rib Position Labeler, which segments the position of each rib. Rib Fracture Detector
consists of two models: the abnormal screening model and false-positive elimination model. The abnormal screening model takes
centernet as the framework and DLA as the feature extraction model. 3d, three-dimensional; FRF-DPS, fresh rib fracture detection
and positioning system.
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FRF-DPS

The FRF-DPS consisted of two modules: a fresh rib fracture
detector and a rib position labeler; the pipeline is illustrated
in Figure 2. The fresh rib fracture detector detects fresh rib
fractures from CT scan images and adopts a cascade-based
design,'>'* wherein an initial object detector first detects the
axial images. The detection on adjacent slices is grouped as frac-
ture candidates, followed by a three-dimensional (3D) convo-
lutional neural network' to distinguish between the positive
(fresh rib fracture) and negative (not fresh rib fracture) candi-
dates. The rib position labeler provides text annotation of the
rib number of each rib on every slice. It performs rib segmen-
tation using a customized U-Net model.'® Each connected
component on the segmentation mask is treated as a position
candidate for rib number annotation. Then, the position candi-
date is encoded to a 3D point by concatenating its center co-or-
dinate and slice number, and all position candidates in the CT
form a point cloud. Finally, a graph neural network is used to
learn the geometry of different ribs, and then the rib number
predictions of each point are presented.'” For detailed on the
fresh rib fracture detector and rib position labeler, see Supple-
mentary Material 1.

The diagnostic process of a radiologist

In order to evaluate the diagnostic performance of the FRF-
DPS, a radiologist (R1) with 10 years of experience in thoracic
CT evaluated the fresh rib fractures independently. The reader
used the labeling platform to read each patient’s CT scans inde-
pendently and framed the lesions of fresh rib fractures slice-by-
slice on the platform according to their judgment, as well as the
corresponding rib number and rib position. Finally, the lesion
box was exported from the platform as fresh rib fractures in each
CT image, according to the readers’ judgment. Also, exports all
the rib numbers and the rib position.

Consistency evaluation

To evaluate a predictor’s agreement, GT was divided into lesion-,
rib-, and patient-level, the definitions of consistency see Supple-
mentary Material 1. In addition, the “completely accurate”
performance metric used in evaluating the degree and number of
different fresh rib fractures was defined as follows: when a patient
has no FP and FN results for all ribs, the patient is predicted to
be correct, otherwise incorrect. Finally, “completely accurate”
performance metric was calculated as the number of patients
predicted to be correct divided by the total number of patients.
The fracture degree was divided into “non-displaced”, “slightly
displaced” and “severely displaced” categories.'®!?

Li et al

Statistical analysis

SPSS 25.0 software (IBM Corp., Armonk, NY) was used to
perform statistical analysis. For internal test set, 9874 fresh rib
fractures were included in the 1612 chest CT scans. In internal
test set, the GT labeling included 13,524 fresh rib fractures and
all rib positions in the 2319 chest CT scans. Sensitivity, preci-
sion, F1-score, and FP values were calculated for the detection of
fresh rib fractures at the lesion level. At the rib- and patient-level,
the sensitivity, specificity, precision, and F1-scores were calcu-
lated. To verify the robustness of the model, the x* test was used
to compare the differences in the detection performance of Al
under different CT parameters (such as slice thickness, model,
and reconstruction convolution kernel) of fresh rib fractures.
Furthermore, in different degrees and numbers of rib fractures,
the x° test was used to compare the differences in the detection
performance between Al and radiologists to verify the value of
the FRF-DPS in clinical practice. p < 0.05 indicated a statistically
significant difference.

RESULTS

Performance of FRF-DPS in multicenter evaluation
Table 2 lists the statistical results of the FRF-DPS on internal test
set. The statistical analysis on fresh rib fractures was performed
at the lesion- and examination-levels, respectively. For the lesion-
level, the sensitivity was 0.933 [95%CI, 0.916-0.949], and the FPs
was 0.5 [95%CI, 0.397-0.583]. The sensitivity was 0.993 [95%CI,
0.984-1.000], and the specificity was 0.934 [95%CI, 0.916-0.949]
at the examination-level.

Performance comparison between FRF-DPS and
radiologists

For the external test set, the FRF-DPS outperformed the
radiologists to detect fresh rib fractures at the lesion-, rib- and
examination-level (Table 3). As shown in Figure 3, among
the fresh rib fractures detected by FRF-DPS, 1968 cases were
not detected by the Rlat the lesion-level, 1190 cases were not
detected at the rib-level, and 80 cases were not detected at the
examination-level. However, among the fresh rib fractures
detected by the R1, only 346,235, and 2 were not detected by the
FRF-DPS. In the 13,524 fresh rib lesions, the FRF-DPS system
detected 1968 new lesions out of lesions that had already been
identified by radiologists, with only 177 FPs reported. Of the
10,312 ribs with fresh rib fractures, 1190 new ribs were identified
by the FRF-DPS system, with only 79 FPs. Among 2147 exam-
inations with fresh rib fractures, 80 new TP were detected by
the FRF-DPS system, with only 6 additional FPs. Figure 4 shows
some cases that were detected by both the FRE-DPS and the R1.

Table 2. FRF-DPS evaluates performance in fresh rib fracture detection on the internal test set

Sensitivity [95% CI]

Specificity [95% CI] FPs [95% CI]

Lesion-level 0.933 [0.916, 0.949]

- 0.500 [0.397,0.583]

Examination-level 0.993 [0.984, 1.000]

0.934 [0.916, 0.949] -

Cl, confidence interval; FN, false-negative; FPs, false-positive per scan; FRF-DPS, fresh rib fracture detection and positioning system; TN, true-

negative; TP, true-positive.
Sensitivity = TP/(TP+FN); Specificity = TN/(TN+FP);
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Table 3. Comparison of the detection performance of the FRF-DPS and the R1 model at three levels on the external test set

Lesion-level

Reader Sensitivity [95% CI] Precision [95% CI] Fl1-score [95% CI] FPs [95% CI|
Al 0.909 [0.883, 0.926] 0.937 [0.913, 0.956] 0.923 [0.902, 0.941] 0.379 [0.303, 0.422]
Rl 0.789 [0.766, 0.807] 0.902 [0.877, 0.921] 0.842 [0.821, 0.860] 0.496 [0.383, 0.571]
P <0.001*** 0.003** 0.002** 0.001**

Rib-level

Reader Sensitivity [95% CI] Precision [95% CI] Fl1-score [95% CI] Specificity [95% CI]
Al 0.922 [0.904, 0.939] 0.950 [0.932, 0.966] 0.936 [0.911, 0.955] 0.989 [0.981, 1.000]
Rl 0.831 [0.814, 0.848] 0.917 [0.901, 0.939] 0.872 [0.854, 0.889] 0.983 [0.977, 0.996]
P <0.001*** <0.001*** 0.002** 0.019%

Examination-level

Reader Sensitivity [95% CI] Precision [95% CI] F1-score [95% CI] Specificity [95% CI]
Al 0.989 [0.982, 1.000] 0.986 [0.979, 0.998] 0.987 [0.980, 1.000] 0.822 [0.801, 0.843]
R1 0.953 [0.936, 0.969] 0.972 [0.955, 0.989] 0.962 [0.943, 0.978] 0.661 [0.639, 0.689]
P 0.005** 0.029* 0.016* 0.004**

Al, artificial intelligence; Cl, confidence interval; FN, false-negative; FPs, false-positive perscan; FRS-DPS, fresh rib fracture detection and positioning
system; R1, Radiologist; TN, true-negative; TP, true-positive.
Sensitivity = TP/(TP+FN); Precision = TP/(TP+FP); Fl-score = 2*Sensitivity*Precision/(Sensitivity+Precision); Specificity = TN/(TN+FP); *P value <

0.05.

The detection performance of the R1 and the FRF-DPS in
different degrees and numbers of rib fractures was analyzed
further. As shown in Table 4, for patients with 1-2 fresh rib frac-
tures, the “completely accurate” performance metric values of the
FRF-DPS for non-, slight-, and severe-displaced fractures were
11.2-14.2% higher than those of the R1 (all p < 0.05). Similarly,
for patients with 3-5 fresh rib fractures and those with more
than 5 fresh rib fractures, the FRF-DPS outperformed (p < 0.05).
Specifically, for 769 patients with severe displacement, the sensi-
tivity value of the FRE-DPS was about 94.3%, i.e. 114 cases more
were detected than R1.

Performance of FRF-DPS for different CT
parameters

Next, we evaluated the generalizability of FRF-DPS for the detec-
tion of fresh rib fractures by CT kernel, CT dose index (CTDI),
gender, age, CT manufacturer, and slice thickness on the external
test set, as FRF-DPS could be applicable in diverse clinical
fields. FRE-DPS exhibited a robust performance, with sensi-
tivity values 0.894-0.927 and p-values >0.05 at the lesion-level
(Figure 5). This performance was not affected by medications,
imaging settings, or participants’ demographic characteristics.
The detailed performance metrics for the different subgroups are
presented in Supplementary Material 1.

Comparison of rib position performance between
FRF-DPS and radiologists

Herein, the rib position performance of the FRF-DPS and R1 was
assessed on the external test set (Table 5). Of the 13,524 fresh
rib fractures (GT), the FRF-DPS had only 38 fresh rib fractures
(accuracy: 0.997 [95%CI, 0.992-1.000]), wherein the rib position
was incorrectly labeled, while R1 had 247 fractures. In terms of

time consumption, the average duration from the detection of
each fresh rib fracture to the determination of its rib position by
FRF-DPS was <3s, while that of R1 was about 60s. In addition,
we also calculated the performance of FRE-DPS and R1 detec-
tion of FP in the rib position. Among the 816 FP detected by
FREF-DPS, except for 10 FP not detected on the rib, the FRF-DPS
only had 3 FP with wrongly labeled rib positions, while R1 had
33 such FP. Among the 1114 FP detected by R1, except for 12 FP
not detected on the rib, the FRF-DPS only had 2 FP with wrongly
labeled rib positions, while R1 had 17 such FP. The detailed
performance metrics for the different subgroups are presented in
Supplementary Material 1.

DISCUSSION

Chest CT identifies many injuries that chest X-rays may miss,
including lung contusions, hemothorax or pneumothorax, and rib
fractures. Therefore, CT examination is often the first choice for
patients with thoracic trauma. Rib fractures were considered indi-
cators of severe trauma.*’ Traditional detection methods require
careful evaluation of the entire data set of the CT scans in sequence,
which is time-consuming and error-prone. Moreover, the number
of rib fractures and the degree of dislocation were related to the
plan of follow-up treatment, especially the choice of drugs and
surgery planning.*"** Thus, a definite diagnosis of a fresh rib frac-
ture, the detection of the extent of the fracture, and positioning of
the ribs were essential. Especially in emergency scenarios, it was
crucial to promptly detect and locate fresh rib fractures, while
detecting old fractures was not necessary. Therefore, we developed
adeep learning-based FRF-DPS for fresh rib fractures, using 14,241
CT scans for model development, and evaluation of 3931 CT scans.
The results showed that FRF-DPS efficiently and quickly detected
fresh rib fractures and determined the position of the rib harboring
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Figure 3. Comparison of TP, FP, TN, and FN between the FRF-DPS and R1 models at the lesion-, rib-, and patient-level. Among
these, in the middle area on each level map, the same color represents cases with FRF-DPS and R1 model. For example, in the
lesion-level, in the middle reddish area, 10,327 identical fresh rib fractures were correctly detected by Al and R1. In three light blue
areas: 346 identical fresh ribs were correctly detected by R1 but missed by the FRF-DPS; 1968 identical fresh ribs were correctly
detected by FRF-DPS but missed by R1; 883 identical fresh ribs were missed. In the light green area, 639 identical sites were falsely
detected as fractures. The remaining 177 and 298 are the number of FRF-DPS and R1 independent false detections, respectively.
FRF-DPS, fresh rib fracture detection and positioning system; FN, false-negative; FP, false-positive; TN, true-negative; TP, true-
positive.

3% FFR-DPS 2 R
Lesion-Level

10327 1968 346 883 177 639 298

Rib-Level
8318 1190 235 549 44216 545 118
o 1 79
o ——— i
[}

O I — -

Examination-Level

2042 80 2 109 30 6

i, 21 1 29
e | — ||

-}
O | I
B B N TN B rr

the fracture. In addition, we compared the performance of FRE- According to previous reports, some models based on DL model
DPS with that of radiologists, and the results showed that FRE-DPS have been used to diagnose, classify, and locate rib fractures.''>%
outperformed the radiologists. However, these studies were difficult to verify the performance

Figure 4. Cases detected by FRF-DPS and the R1 model. (a) Detection by both the RF-DP FRF-DPS and R1 model; (b) Detection
by only the FRF-DPS; (c) Detection by only the RT model; (d) No detection. FRF-DPS, fresh rib fracture detection and positioning
system.

Left 3rd rib fracture Left dthrib fracture SFieft Sth rib fractur Left 2nd Tibfracture
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Right 3rd rib fracture: Right 3rd rib'fracture
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Table 4. Completely accurate statistics of the FRF-DPS in Number of fresh rib fractures per CT and degree of displacement

Number of fresh rib Completely accurate
fractures per CT Degree of displacement AT [95% CI] R1 [95% CI] P
1-2 Non-displaced 0.831 (304/366)[0.811, 0.852] 0.689 (252/366) 0.002**
[0.661,0.725]
Slightly displaced 0.934 (184/197)[0.906, 0.961] 0.822 (162/197) 0.005**
[0.791, 0.850]
Severely displaced 0.960 (72/75)[0.929, 0.992] 0.840 (63/75) 0.002%*
[0.807,0.874]
3-5 Non-displaced 0.825 (213/258)[0.802, 0.848] 0.663 (171/258) 0.001**
[0.639, 0.688]
Slightly displaced 0.923 (265/287)[0.902, 0.944] 0.812 (233/287) 0.004**
[0.791, 0.833]
Severely displaced 0.945 (239/253)[0.922, 0.967] 0.837 (212/253) 0.003**
[0.820, 0.856]
6-24 Non-displaced 0.807 (67/83)[0.771, 0.846) 0.578 (48/83) <0.001%%*
[0.539, 0.619]
Slightly displaced 0.917 (176/192)[0.901, 0.938] 0.682 (131/192) <0.001%*
[0.660, 0.701]
Severely displaced 0.938 (414/441)[0.922, 0.953] 0.762 (336/441) 0.001**
[0.749, 0.770]

Al, artificial intelligence; Cl, confidence interval; FRS-DPS, fresh rib fracture detection and positioning system; R1, Radiologist.

Data in parentheses are percentages; *p-value < 0.05.

and generalizability of the models due to the small amount of data.
In addition, they did not use the data set to objectively assess the
performance of rib positioning. Wu et al** validated the perfor-
mance of the DL-based rib detection model using a large amount
of data and evaluated the performance of rib segmentation, but
the rib location was not clearly defined, and the rib positioning
was not evaluated. Besides, the rib fractures detected by this study
include fresh fractures and old fractures. Unlike previous studies,

our system aimed to quickly detect fresh rib fractures and locate
its rib positioning. In the actual emergency clinic, it was necessary
to quickly detect fresh rib fracture and locate its rib position, but
the old fracture did not be required to be detected because it did
not need treatment. Therefore, our study was more in line with the
actual clinical needs. We used a large amount of multicenter data
to verify the efficiency of our study, fresh rib fractures and posi-
tions. From the analysis of the results, it can be concluded that the

Figure 5. Histogram distribution of the sensitivity of FRF-DPS among different subgroups. FRF-DPS, fresh rib fracture detection

and positioning system.
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Table 5. Comparison of rib position performance between FRF-DPS and radiologists

Accuracy Time(/s) of per lesion

Al [95% CI] R1 [95% CI] p Al R1
GT 0.997 [0.992, 1.000] 0.981 [0.969, 0.996] <0.001* 2.97 60.12
RRF-DPS FP 0.996 [0.990, 1.000] 0.959 [0.944, 0.973] <0.001* 3.01 61.37
AIFP 0.998 [0.995, 1.000] 0.984 [0.973, 0.998] <0.001* 2.94 59.84

Al, artificial intelligence; Cl, confidence interval; FP, false-positive; FRS-DPS, fresh rib fracture detection and positioning system; GT, ground-truth.

FRF-DPS can assist physicians in improving the rib fracture detec-
tion rate and speed without misleading them to add FP cases. In
addition, the FRE-DPS can greatly improve the speed and accuracy
of rib position positioning.

To date, although several studies have used DL to detect rib frac-
tures with promising sensitivity,”>*® precise positioning of the
ribs was rarely performed; thus, in clinical practice, positioning of
the ribs was essential. The FRF-DPS provided 99.7% rib localiza-
tion while precisely detecting rib fractures. In the current study,
the detection performance of the FRF-DPS was further analyzed
at different degrees and numbers of rib fractures. Importantly,
FRE-DPS achieved a “completely accurate” performance of >91%
for different numbers of rib fractures in both mildly displaced
and severely dislocated patients. Although the “completely accu-
rate” performance was lower on well-aligned fractures, it was
>80% and it was at least 15% more than that of the RI. Specif-
ically, in patients with severe dislocation of more than three rib
fractures, the performance of the FRF-DPS could reach 94.1%.
We also observed that the FRF-DPS efficiently detects the degree
of displacement and the number of rib fractures and could be
advantageous for the formulation of treatment plans, which has
great significance in clinical practice.

Nevertheless, the present study has several limitations. One of
the main improvements is that the performance verification of
radiologists with FRF-DPS in detecting rib fractures. Although a
senior radiologist was recruited to compare the radiologist’s find-
ings with those achieved by the FRE-DPS, no comparison of the
detection performance between the FRE-DPS+physicianand the
FRF-DPS was made, and the number of physicians also needs to
be increased. Therefore, the application of the FRF-DPS in clin-
ical practice requires multicenter data and multiple physicians’
feedback.

CONCLUSION

In conclusion, FRF-DPS showed promising performance and
robustness in the automatic detection of fresh rib fractures and
rib localization, indicating its potential in the clinical practice.
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