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The emergency department is an environment with a potential risk for diagnostic errors during trauma
care, particularly for fractures. Convolutional neural network (CNN) deep learning methods are now
widely used in medicine because they improve diagnostic accuracy, decrease misinterpretation, and
improve efficiency. In this study, we investigated whether automatic localization and classification
using CNN could be applied to pelvic, rib, and spine fractures. We also examined whether this fracture
detection algorithm could help physicians in fracture diagnosis. A total of 7664 whole-body CT axial
slices (chest, abdomen, pelvis) from 200 patients were used. Sensitivity, precision, and F1-score

were calculated to evaluate the performance of the CNN model. For the grouped mean values for
pelvic, spine, or rib fractures, the sensitivity was 0.786, precision was 0.648, and F1-score was 0.711.
Moreover, with CNN model assistance, surgeons showed improved sensitivity for detecting fractures
and the time of reading and interpreting CT scans was reduced, especially for less experienced
orthopedic surgeons. Application of the CNN model may lead to reductions in missed fractures from
whole-body CT images and to faster workflows and improved patient care through efficient diagnosis
in polytrauma patients.

The emergency department is an environment with a potential risk for diagnostic errors during trauma care,
particularly for fractures. Diagnostic errors and serious complications occur in patients with polytrauma for a
number of reasons, including insufficient medical history, severity and complexity of the injury, and because the
clinician is responsible for multiple simultaneous tasks. Furthermore, some of medical staff working at Level 1
trauma centers may be less experienced in managing polytrauma patients' . Another major reason that misin-
terpretations frequently occur is due to the crucial need for a rapid diagnosis to start treatment, and an extended
interpretation time is required for the large number of whole-body computed tomography (CT) images that
are obtained for polytrauma patients’. For such patients, misinterpretation of fractures may result in delayed
treatment and poor outcomes®. Therefore, physicians in the emergency department must assess patients with
polytrauma in a systematic, concentrated, accurate and rapid manner.

In the primary management of patients with multiple traumas, whole-body CT scanning is recommended
as a standard of care®. It is well established that CT scanning is superior to plain radiographs in the evaluation
of fractures. Nonetheless, missed diagnoses are common and in whole-body CT performed overnight and on
weekends for patients with multiple trauma, 12.9% of injuries were overlooked at the initial interpretation®. For
fractures specifically, the rate of a missed lumbar spine fracture diagnosis on abdominal and pelvic CT images
was 23.2% at a Level 1 trauma center’. In another study, 20.7% of rib fractures were missed on initial chest CT
evaluation®. Therefore, there is a great demand to improve the accuracy of clinical diagnoses and reduce the
incidence of missed fractures®.

Convolutional neural network (CNN) deep learning methods are now widely used in medicine because
they improve diagnostic accuracy, decrease misinterpretation, and improve efficiency®'’. Indeed, the number
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Patients were collected
from September 2013 to April 2021

Inclusion criteria
1) Patients who were diagnosed as
pelvic fractures, rib fractures,
and/or spinal fractures
2) Patients who underwent CT
within 7 days of trauma history

Exclusion criteria
1) Images with significant artifacts
2) Fracture due to the bone tumor
| 3) Occult fractures
4) Epiphyseal line is not closed
5) Death within few hours from transport
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Figure 1. Flow chart showing the overall study process. CT, computed tomography.

of clinical uses for CNN in the fields of orthopedic surgery and traumatology is increasing!!~**. New CNN algo-
rithms reduce human workload and can extract features that are difficult for humans to recognize. Some studies
have reported fracture identification using CNN on radiographs and CT scans'*~'”. However, to our knowledge,
automatic localization and classification of fractures in CT using CNN methods have only been reported for rib
and pelvic fractures and each model can detect only a single type of fracture'®!”.

The emergency department is an environment in which fractures of the pelvis, ribs, and spine can be missed,
leading to delayed treatment and poor prognosis. CNN models might be a great potential to reduce these missed
fractures. In this study, we investigated whether automatic localization and classification using CNN could be
applied to pelvic, rib, and spine fractures. We also examined whether this fracture detection algorithm could
help orthopedic surgeons in fracture diagnosis by comparing the sensitivity, precision, and diagnostic time of
the orthopedic surgeons with and without CNN model assistance.

Materials and methods

Patients. The study protocol was approved by the local institutional review board of the Graduate School of
Medicine, Chiba University. (Reference number 3329) The requirement for informed consent was waived by the
local institutional review board of the Graduate School of Medicine, Chiba University because of the retrospec-
tive analysis. All procedures for human participants adhered to the 1964 Declaration of Helsinki and subsequent
amendments. All images were collected anonymously to ensure that no private information (such as patient
name, gender, and age) was revealed.

We retrospectively reviewed the medical records of patients who had been transported to the emergency
room for trauma at our hospital between September 2013 and April 2021. The inclusion criteria were as follows:
(1) patients who were diagnosed with pelvic fractures, rib fractures, and/or spine fractures, (2) patients who
underwent CT (either plain or contrast-enhanced examination) within 7 days of trauma. The exclusion criteria
were as follows: (1) images with significant artifacts affecting the diagnosis, (2) fractures due to a metastatic bone
tumor, (3) occult fractures that can only be confirmed by MRI, (4) patients before epiphyseal closure, (5) patients
who died within a few hours of transport. In this study, fractures of the cervical vertebrae were not included
because of their unique shape compared to the thoracolumbar spine and their smaller size compared to the slice
thickness of the CT scan. In addition, this study did not include clavicle, scapula, humerus, sternal, and femoral
fractures due to the small proportion of these fractures present in this study cohort. The analysis included a total
of 200 patients. Figure 1 shows the flow chart of the study process.

Datasets. A total of 7664 whole-body CT axial slices (chest, abdomen, pelvis) from 200 patients were used.
CT scans were performed according to our standard protocol for whole-body trauma CT: the scan extended
from the skull vertex to the upper thighs. The peak kilovoltage was 120 kVp, and an automatic tube current
modulation was performed. The CT axial slices used in this study were bone (width, 1900-2000; level, 200-500)
window images, in which the slice thickness was 0.5 to 5 mm. CT from digital imaging and communications in
medicine (DICOM) files were exported in “JPG” format from the picture archiving and communication systems
in our hospital. Each CT axial slice was digitized, saved as a "JPG" format image file with a specific identification
code in a size of approximately 512 x 512 pixels, and removed the black background and trimmed to include the
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Figure 2. A screenshot of the image annotation process. We removed the black background and trimmed to
include the area of the patient’s trunk. A rectangular bounding box covering the minimum area of the fracture
site was then drawn on every fracture of the CT slice and was labeled as spine fractures, pelvic fractures, or
rib fractures using labellmg (version: 1.8.1, available at https://github.com/tzutalin/labellmg). CT, computed
tomography.

area of the patient’s trunk. We used 189 patients for the training and validation datasets and selected 19 patients
for the testing dataset. CT axial slices from patients were divided into training, validation, and testing datasets
for analysis. The CNN was trained on 4174 axial slices, with 1043 axial slices held out for validation and 2447
axial slices for testing. Training and validation datasets contained only annotated images and no fracture-free
images. The testing dataset encompassed a series of CT axial slices (5-mm slice thickness) of the patient’s entire
chest to pelvis, including unfractured images.

Imaging annotation and preprocessing. The annotation process is shown in Fig. 2. The ground truth
was determined by two experienced orthopedic surgeons. Namely, the CT axial slices with fractures were anno-
tated by a board-certified orthopedic surgeon (TI, 8 years of experience) and checked by a senior board-certified
orthopedic surgeon (SM, 15 years of experience). If the conclusion was inconsistent between the two surgeons,
we referred to the radiology report and confirmed images in coronal and sagittal planes of the fracture.

CNN model construction. For the neural network model, we selected an object detection tool package
based on TensorFlow (https://github.com/tensorflow/models/tree/master/research/object_detection), which is
one of the most advanced object detection algorithms for multiple categories. Faster R-CNN, a state-of-the-art
object detection framework, is at the core of the model in this tool package, and the base CNN used in our model
was a Faster-RCNN-Inception-V2-COCO. Faster R-CNN is based on a CNN with additional components for
detecting, localizing, and classifying objects in an image. A set of 5217 annotated CT axial slices was used to
train the object recognition Faster R-CNN. The training parameters were assigned as follows: a batch size of 1;
a total of 200,000 iterations; and an initial learning rate of 0.0002. The training process was executed on a GPU
(GeForce RTX 2060, NVIDIA, USA). The Python programming language, version 3.6.7 (https://www.python.
org) and Google’s open source deep learning framework Tensorflow, version 1.14.0 (https://www.tensorflow.org)
were used to construct the CNN architecture. The operating system was Windows 10. Figure 3 shows a sample
image of the testing dataset annotated correctly by the neural network.

Performance evaluation. In our study, we investigated the performance of the CNN model itself and
compared diagnostic capabilities among orthopedists with or without assistance by the CNN model. To objec-
tively evaluate the performance of the Faster R-CNN, three evaluation indicators (sensitivity, precision, F1-score)
were calculated as follows: sensitivity=true positive/(true positive +false negative); precision=true positive/
(true positive + false positive); and F1-score =2 x sensitivity x precision/(sensitivity + precision). True positive
denotes fractures that were correctly identified both by classification and location. False positives indicate frac-
tures whose classification or location was not correctly identified or whose anatomically normal structures had
been detected as fractures. If fractures were not detected, the examination was classified as a false negative. It
was not possible to define a true negative due to the nature of this task, as multiple objects could be detected
for every image. To compare diagnostic capabilities among orthopedic surgeons with or without assistance by
the CNN model, sensitivity, precision, and diagnosis time were judged for each image. Firstly, three orthopedic
surgeons (with 3, 3, and 8 years of experience, respectively) reviewed the CT axial slices without the support of

Scientific Reports |

(2022) 12:16549 | https://doi.org/10.1038/s41598-022-20996-w nature portfolio


https://github.com/tensorflow/models/tree/master/research/object_detection
https://www.python.org
https://www.python.org
https://www.tensorflow.org
https://github.com/tzutalin/labelImg

www.nature.com/scientificreports/

Figure 3. Sample CT images correctly annotated by neural networks on the testing dataset. (A and D) Pelvic
fracture. (B and E) Rib fracture. (C and F) Spine fracture. The CNN model also generated a confidence score for
each of the detected points as continuous values of a range from 0 to 100%). CT, computed tomography; CNN,
convolutional neural network.

Tl ini gand 1id Linnj 'y "t
No. of patients 181
Age, mean = SD 54.3+20.8

Sex (male: female) 117:64
No. of CT images 5217

No. of annotations 6357

Pelvic fracture 2014
Rib fracture 1897
Spine fracture 2446

Table 1. Demographic data of patients included in the training and validation dataset. Data are shown as n
and mean * standard deviation. CT computed tomography, No. number, SD standard deviation.

the CNN. Example ground truth annotations in the images of the training and validation datasets were shown to
the orthopedists, from which they learned how to annotate. The orthopedists were required to read and record
the localization of the fracture using the bone window with whole-body CT axial slices. The second test was
conducted two months later with the support of the CNN. The diagnosis time for the first and second tests was
recorded using a stopwatch.

Statistical analysis. We conducted statistical analyses using JMP (version 15, SAS Institute). The sensitiv-
ity of the orthopedic surgeons’” diagnostic performance with or without assistance from the CNN model was
compared using a McNemar test. The orthopedic surgeon’s time to diagnosis with or without CNN model assis-
tance was compared using paired f test. A p value <0.05 denoted a significant difference. It was not possible to
compare the precision because the number and location of false positives was inconsistent between the orthope-
dic surgeons with and without the support of the CNN model.

Results

Patient characteristics. The mean age of the 200 patients included in this study was 54.0 £20.6, and the
male:female ratio was 130:70. Demographic data of the patients included in the training and validation data-
sets are presented in Table 1. The demographic data of the patients included in the testing dataset are shown
in Table 2. A total of 2447 images were used in the testing dataset, with an average of 129 images per patient.
Among all the images used in testing dataset, we included 143 pelvic fractures, 87 rib fractures, and 136 spine
fractures. The prevalence of each fracture among all the images used in testing dataset was 5.8% for pelvic frac-
tures, 3.6% for rib fractures, and 5.5% for spine fractures.
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Testing dataset
No. of patients 19
Age, mean +SD 51.2+£19.2
Sex (male:female) 13:6
No. of CT images 2447
No. of fractures (per view)
Pelvic fracture 143
Rib fracture 87
Spine fracture 136
Prevalence (%)
Pelvic fracture 5.8
Rib fracture 3.6
Spine fracture 5.5

Table 2. Demographic data of patients included in the testing dataset. Data are shown as n and
mean * standard deviation. CT computed tomography, No. number, SD standard deviation.

‘ Pelvic fracture ‘ Rib fracture ‘ Spine fracture ‘ Mean
CNN
Sensitivity (%) 0.839 0.713 0.780 0.786
Precision (%) 0.645 0.602 0.683 0.648
F1-score (%) 0.729 0.652 0.729 0.711

Table 3. Performance of the CNN model. CNN convolutional neural network.

Performance of the CNN model. The sensitivity, precision, and F1-score of the CNN model are shown
in Table 3. For pelvic fractures, the mean sensitivity was 0.839, the mean precision was 0.645, and the mean
F1-score was 0.729. For rib fractures, the mean sensitivity was 0.713, the mean precision was 0.602, and the
mean F1-score was 0.652. For spine fractures, the mean sensitivity was 0.780, the mean precision was 0.683, and
the mean F1-score was 0.729. For the grouped mean values for all three types of fractures, the sensitivity was
0.786, precision was 0.648, and F1-score was 0.711. Representative images of true positive, false positive, and
false negative are shown in Fig. 4.

Comparison of diagnostic capabilities of orthopedic surgeons with and without CNN model
assistance. The sensitivity and precision of the diagnostic ability of the orthopedic surgeons with and with-
out CNN model assistance are shown in Tables 4 and 5. The sensitivity of orthopedic surgeons increased after
CNN model assistance for pelvic fractures, rib fractures, and spine fractures. This was particularly the case for
the less experienced orthopedic surgeons (orthopedic surgeons 1 and 2), where the sensitivity was statistically
significantly increased after using the CNN model. In contrast, the precision remained the same with or without
CNN assistance. In comparing the diagnostic time of orthopedic surgeons with and without CNN, the time was
significantly reduced when using the CNN model (Table 6).

Discussion

In the present study, we applied a CNN model to automatically localize and classify fractures on whole-body
CT scans of patients from the emergency room with multiple traumas. The CNN model demonstrated good
sensitivity in detecting three different types of fractures (pelvic, rib, and spine). In addition, with CNN model
assistance orthopedic surgeons showed improved sensitivity for detecting fractures and spent less time to reach
a diagnosis, and this was especially true for less experienced orthopedic surgeons.

Here, we applied an object detection algorithm, which is a computer vision task using deep learning, to frac-
ture detection on whole-body CT images of patients with polytrauma. Several previous studies have reported
promising results using object detection for specific fractures. Thian et al. trained a CNN model with 7356 radius
and ulna fractures on wrist radiographs and reported that the per-image sensitivity was 0.957 for the frontal view
and 0.967 for the lateral view; the per-patient sensitivity was 0.981, and the per-image specificity was 0.825 for the
frontal view and 0.864 for the lateral view; the per-patient specificity was 0.729'. Other studies have also used
a CNN model to diagnose rib fractures on CT images'®!**. Kaiume et al." reported that the sensitivity of the
CNN model to detect rib fractures on CT was significantly higher than that of two resident doctors; the sensitivity
was 0.645 for the CNN model, 0.313 for resident doctor A, and 0.258 for resident doctor B. Furthermore, Zhou
et al.'® demonstrated in another CNN model to diagnose rib fractures on CT images that the mean sensitivity
was 0.832 (0.861, 0.859, and 0.775 for fresh, healing, and old of rib fractures, respectively) and the mean preci-
sion was 0.824 (0.841, 0.857, and 0.774 for fresh, healing, and old of rib fractures, respectively). Additionally,
these authors examined whether a CNN model could achieve accurate anatomical localization (right 1st-12th
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Figure 4. Representative images of true positive, false positive, and false negative. (A-C) CT axial slices
detected and diagnosed correctly by the CNN model for three fractures (true positive). (D-F) CT axial slices

of a misdiagnosed fracture (false positive). The vascular groove was mistaken for a pelvic fracture (D); The
boundary between costal cartilage and rib was mistaken for a rib fracture (E); The vascular groove was mistaken
for a spine fracture (F). (G-I) CT axial slices of a missed fracture (false negative were indicated by arrowheads).
CT, computed tomography; CNN, convolutional neural network.

and left 1st-12th ribs) and classification (fresh, healing, and old fractures) of rib fractures, and showed that the
sensitivity reached 0.971 and 0.949 on the right and left ribs, respectively?’. Ukai et al.!” proposed an automated
method to detect pelvic fractures in the 3D fracture region obtained by integrating multiple 2D fracture candi-
dates, and reported that sensitivity was 0.805 and precision was 0.907. The ability of the CNN model in our study
to automatically localize and classify fractures in whole-body CT axis slices of pelvic, rib, and spine fractures
was comparable to that of previous CT studies. We found that our CNN model was able to detect and classify
pelvic, rib, and spine fractures on whole-body CT with good sensitivity (pelvic 0.839, rib fracture 0.713, spine
fracture 0.780). However, the precision for this study was lower than that observed in previous studies. One
possible reason to explain this is that the proportion of fractures among the total number of CT axial slices was
low (6%). It is known that the precision decreases as prevalence decreases. A second possible reason is that our
model frequently misdiagnosed osteophytes and vasculature as new fractures. Nonetheless, previously reported
models to automatically localize and classify in CT scans can only detect one specific fracture, the advantage of
the model in this study is that it can detect fractures of multiple anatomical parts, including pelvic, rib, and spine
fractures on whole-body CT scans with good sensitivity.

With the assistance of a CNN model, orthopedic surgeons can achieve an improved sensitivity for fracture
detection and a reduced the time to read and interpret CT scans. In a previous fracture classification study of
480 patients, CNN model assistance for radiographic reading by six types of readers (emergency physicians,
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Sensitivity (%) ‘ Without CNN model assistance | With CNN model assistance | p value
Pelvic fracture

Orthopedic surgeon 1 | 0.822 0.892 0.0158*
Orthopedic surgeon2 | 0.808 0.893 0.0060*
Orthopedic surgeon 3 | 0.853 0.881 0.0184*
Rib fracture

Orthopedic surgeon 1 | 0.580 0.747 0.0006*
Orthopedic surgeon2 | 0.596 0.729 0.0093*
Orthopedic surgeon 3 | 0.651 0.719 0.1573
Spine fracture

Orthopedic surgeon 1 | 0.649 0.814 0.0023*
Orthopedic surgeon2 | 0.676 0.795 <0.0001*
Orthopedic surgeon 3 0.762 0.838 0.0143*
Mean

Orthopedic surgeon 1 | 0.697 0.829 <0.0001*
Orthopedic surgeon2 | 0.676 0.818 <0.0001*
Orthopedic surgeon 3 | 0.764 0.826 0.0003*

Table 4. Comparison of sensitivity for orthopedic surgeons with and without CNN model assistance.
Orthopedic surgeon 1 and 2 had 3 years of experience. Orthopedic surgeon 3 had 8 years of experience. CNN,
convolutional neural network. *p <0.05.

Precision (%) Without CNN model assistance | With CNN model assistance
Pelvic fracture

Orthopedic surgeon1 | 0.957 0.976
Orthopedic surgeon 2 | 0.974 0.976
Orthopedic surgeon 3 | 0.961 0.947
Rib fracture

Orthopedic surgeon1 | 0.962 0.942
Orthopedic surgeon 2 | 0.949 0.885
Orthopedic surgeon 3 | 0.935 0.984
Spine fracture

Orthopedic surgeon1 | 0.977 0.940
Orthopedic surgeon2 | 0.952 0.956
Orthopedic surgeon 3 | 0.961 0.950
Mean

Orthopedic surgeon 1 | 0.965 0.955
Orthopedic surgeon2 | 0.961 0.948
Orthopedic surgeon 3 | 0.955 0.956

Table 5. Comparison of precision for orthopedic surgeons with and without CNN model assistance.
Orthopedic surgeon 1 and 2 had 3 years of experience. Orthopedic surgeon 3 had 8 years of experience. CNN,
convolutional neural network.

Without CNN model assistance (s) | With CNN model assistance (s) | p value
Orthopedic surgeon 1 | 278.4 162.3 <0.0001*
Orthopedic surgeon 2 | 205.2 144.5 <0.0001*
Orthopedic surgeon 3 | 233.7 155.5 <0.0001*

Table 6. Diagnosis time of orthopedic surgeons with and without CNN model assistance. Orthopedic surgeon
1 and 2 had 3 years of experience. Orthopedic surgeon 3 had 8 years of experience. CNN, convolutional neural
network. *p <0.05.
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orthopedists, radiologists, physician assistants, rheumatologists, family physicians) showed a 10.4% improve-
ment in fracture (thoracolumbar spine, rib cage, hip and pelvis, shoulder and clavicle, elbow and arm, hand and
wrist, knee and leg, and foot and ankle) detection sensitivity (0.752 vs 0.648; p <0.001 for superiority) without a
reduction in specificity (0.956 vs 0.906, p=0.001 for noninferiority), and the diagnosis time was shortened by an
average of 6.3 s per patient with CNN model assistance (p =0.046)*!. Furthermore, Sato et al. developed a CNN
classification model from a relatively large dataset of hip fractures on plain radiographs. The CNN model itself
achieved a high diagnostic performance and improved the diagnostic performance of resident doctors (sensi-
tivity of 0.834 without aid to 0.906 with aid p <0.01; accuracy of 0.847 without aid to 0.912 with aid; p<0.01)%.
In a previous automatic localization and classification study of rib fractures (1079 patients) on CT images, the
precision of five radiologists improved from 0.803 to 0.911, the sensitivity increased from 0.624 to 0.863, and the
diagnosis time was reduced by an average of 73.9 s with artificial intelligence-assisted diagnosis'®. In the current
study, the sensitivity for orthopedic surgeons improved when assisted by our CNN model (especially for the less
experienced orthopedic surgeons), but no reduction in precision was observed. Moreover, CNN model assistance
significantly shortened the CT image reading time. This suggests that the deep learning object detection network
for pelvic, rib, and spine fractures has good screening ability, as in previous reports.

In a busy emergency department, the great advantage of CNN is that it can serve as a triage system. If the
CNN can detect a fracture before orthopedic surgeons or radiologists have a chance to review the images, the
suspected fracture image can become a high priority in the worklist. If the physician can prioritize interpretation
of images with potentially positive findings, delays in diagnosis can be minimized, thereby improving patient
care. Another potential benefit of using CNNs is shorter read times. Even though each examination takes just a
few minutes, a reduction in reading time has a significant impact for emergency staff who make multiple clinical
decisions each day. Emergency physicians and radiologists on long shifts may experience fatigue and oculomotor
strain, resulting in a reduced ability to focus and to detect fractures?*-%". Fracture recognition using CNN is not
only able to detect subtle findings that are difficult for inexperienced physicians to diagnose but also prevents
cognitive errors due to human fatigue and biased image interpretation. In summary, application of the CNN
model may lead to reductions in missed fractures from whole-body CT images and to faster workflows and
improved patient care through efficient diagnosis of polytrauma patients.

The object detection model is not considered an “explainable” type of artificial intelligence, but it does offer
some explainability for fracture detection when compared to a classification model that distinguishes between
the presence and absence of fractures. Deep learning-based algorithms are often referred to as a “black boxes”
because there is no rationale available for their diagnosis. That is, the decision process is not intuitively under-
stood because millions of learned parameters (weights of connections in the network) determine the output of
a CNN. This is challenging for clinicians as they tend to make decisions using data acquired with technology
that they can understand and trust®®. Thus, explainability of the algorithm is important in order for users to take
informed actions®.

We acknowledge that there are several limitations to this study. The first limitation is that we examined only
axial slices, not sagittal or coronal images. In the future, the application of 3D object detection models should
be considered. Nonetheless, CT images in the axial orientation can be read without reconstruction. Second, this
CNN model was validated under conditions different from clinical conditions. It has been validated in a workflow
for research purposes and cannot be immediately integrated into the clinical environment. Third, all CT axial
slices were read without relevant clinical information. That is, in a clinical setting, emergency physicians and
orthopedic surgeons obtain a detailed medical history and examine the patient before interpreting the CT images,
which improves the sensitivity and precision of diagnosis. Nevertheless, blinded reading in this study can reflect
patients who are unconscious or those whose medical history cannot be fully obtained in the emergency room.
Fourth, this study did not investigate fractures of the cervical vertebrae, clavicle, scapula, humerus, sternum, or
femur. This is because the proportion of these fractures observed in this study was small. In future work, we will
develop a multiplanar object detection model or a 3D object detection model that can diagnose fractures of any
anatomical site and validate the model on external dataset.

Conclusion

We applied a CNN model to the automatic localization and classification of fractures on whole-body CT images
from patients in the emergency department with multiple traumas. The CNN model demonstrated good sensitiv-
ity in detecting pelvic, spine, or rib fractures. On the other hand, the precision of the CNN model was lower than
previous studies. With CNN model assistance, surgeons showed improved sensitivity without loss of precision
in detecting fractures and the time of reading and interpreting CT scans was reduced, especially for less expe-
rienced orthopedic surgeons. Moreover, the precision reduction was not observed with CNN model assistance.

Data availability

The datasets collected and analyzed in this study are not open to the public because they contain information
that could compromise the privacy of research participants. However, data are available from the corresponding
author upon reasonable request.
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