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H I G H L I G H T S

• The CNN model improved diagnostic accuracy for scapular fractures to 97.78% with orthopedist input vs. 82.95% without.
• CNN model with clinical expertise showed higher predictive value than traditional methods in distinguishing scapular fractures.
• The study highlights the CNN model’s potential to enhance clinicians’ ability to diagnose scapular fractures.
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A B S T R A C T

Objective: This study aims to establish a diagnostic model for scapular fractures using a convolutional neural 
network (CNN) and to discuss the clinical advantages of this model in diagnosing such complex conditions.
Methods: Computed tomography (CT) images of 90 patients with scapular fractures were collected. A faster R- 
CNN-based recognition model was developed and compared with manual diagnosis. External validation was 
conducted to evaluate the model’s accuracy, sensitivity, specificity, positive predictive value, and negative 
predictive value.
Results: The CNN model, when combined with medical expert interpretation, demonstrated significantly higher 
specificity and positive predictive value compared to orthopedist-independent interpretation and algorithm- 
independent prediction (P < 0.05). The area under the curve (AUC) value of the combined approach was 
significantly higher than that of orthopedist-independent interpretation and algorithm-independent prediction 
groups, with statistically significant differences (P < 0.05). The accuracy of the CNN algorithm model combined 
with orthopedist interpretation was 97.78 %, significantly higher than orthopedist-independent interpretation 
(82.95 %) and CNN algorithm-independent prediction (92.05 %) (P < 0.05).
Conclusions: The CNN-based recognition model for scapular fractures can assist clinicians in improving their 
diagnostic accuracy and precision in identifying such fractures on CT images.

1. Introduction

Scapular fracture is a low-incidence fracture type, accounting for 
about 7–25 % of the total body fractures [1], mainly due to direct 
violence, and high-energy trauma, accompanied by other tissue injuries 
[2,3]. If it is not timely and effective treatment, it is easy to cause 
shoulder joint and upper limb dysfunction, which seriously affects the 
health of patients [4]. X-ray examination is the preferred method for 
clinical diagnosis of scapular fracture, but the tissue and anatomical 
position around the scapula are complicated, and X-ray can not clearly 

and comprehensively show the specific condition of the fracture, which 
is easy to miss and misdiagnose [5,6]. With the development of medical 
technology, multi-slice spiral CT has been widely used in clinical prac
tice, which can accurately display the specific conditions of fractures 
[7]. For the bone injury of the fine structure of the scapula, although 
high-resolution CT is available, some concealed scapular fractures are 
still easy to miss and misdiagnosed in practice [8]. In addition, the 
interpretation of scapular radiographs requires a lot of time and requires 
the expert to have rich experience in reading the radiographs [9]. 
Therefore, finding an examination protocol with a high fracture 
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recognition rate has an important impact on the treatment of this 
disease.

Fracture analysis [10], which includes procedures such as stiffness 
evaluation [11], or structural integrity [12–14], is crucial for evaluating 
the health of bones prior to surgical planning. The convolutional neural 
networks (CNN) model in deep learning is first tried and applied in the 
field of image classification and target recognition [15]. Due to its 
characteristics based on semantic recognition, the CNN model is grad
ually applied in imaging diagnosis [16,17]. In recent years, the study of 
fracture diagnosis using CNN model has been carried out constantly 
[18]. The CNN is a kind of feedforward neural network with convolu
tional computation and deep structure, which is one of the representa
tive algorithms of deep learning and is widely used in the medical field 
because of its help in accurate diagnosis, reducing medical errors, and 
improving productivity [19]. In addition, the CNN has been successfully 
applied to the automatic classification of chest and limb CT [20,21].

Medical imaging of the human physiology has been a common 
practice for clinical diagnosis, and includes the analysis of these struc
tures leading to more appropriate surgical plannings [22–25]. The im
aging modalities involved computed tomography, magnetic resonance 
imaging, ultrasound, etc, and are usually coupled with image processing 
techniques [26–29] to enhance the diagnosis accuracy. Orthopedic 
fracture analysis, combined with CT-based multi-view semantic align
ment [30,31] and deep incompleteness factorization techniques [32], is 
crucial for accurately assessing bone structural integrity and formulating 
treatment plans before surgery. The purpose of this study was to 
establish a fracture calibration and recognition model based on the CNN 
algorithm for scapular CT images and to explore its application value in 
assisting and improving diagnostic efficiency and accuracy. To assist 
surgeon in shortening the time of reading film, to improve diagnostic 
accuracy and work efficiency.

2. Materials and methods

2.1. Subject of study

The DICOM format images of shoulder CT scans of shoulder blade 
fractures admitted to our hospital from January 2020 to July 2023 were 
collected. After screening, 90 cases of data were selected for study. The 
patients ranged in age from 27 to 81 years. All patients signed informed 
consent forms. Fracture types of scapulars were recorded for all patients, 
including scapular neck, coracoid process, glenoid, acromion, scapular 
body, and scapular spine.

2.2. Imaging examination

All the images for training and testing in this study were collected by 

multi-slice spiral CT equipment in our hospital. The CT scan protocol 
was as follows: Patient was supine, spiral scan, scan area of the shoulder. 
Tube voltage 100 ~ 120 kV, tube current 50 ~ 200 mAs, scanning 
thickness 16 × 0.50 ~ 16 × 0.75 mm, pitch 0.7 ~ 0.9. The thinnest 
allowable layer thickness is 0.70 mm, and the recombination spacing is 
0.35 mm (overlapping 50% recombination).

2.3. Construction of model

The CNN model adopts the classical Faster R-CNN network structure. 
The network structure of Faster R-CNN is divided into four parts: 
convolution layers (Conv) and region proposal network (region proposal 
network). RPN ROI pooling layer and classifier [33]. Faster R-CNN uses 
VGG16 with regular network structure. The workflow of target detection 
is shown in Fig. 1.

In Faster R-CNN, the role of ROI Pooling is to pool the corresponding 
area into a fixed-size feature map according to the position coordinates 
of the pre-selected frames, so as to facilitate subsequent classification 
and bounding box regression operations. The ROI Pooling operation 
involves two quantization of a decimal. After two quantifications, there 
is a certain deviation between the selection box and the original posi
tion. The ROI Align operator cancels the double integer operation and 
retains the decimal. For each decimal position, bilinear interpolation 
method is used to obtain the value of the feature graph whose co
ordinates are floating-point numbers, thus transforming the whole 
feature aggregation process into a continuous operation [33]. This 
avoids the bias of candidate bounding boxes in different feature 
extraction stages. The whole feature aggregation process after ROI Align 
replaces ROI Pooling is shown in Fig. 2. ROI Align eliminates the 
misalignment caused by quantization in ROI Pooling, leading to more 
accurate feature extraction, which is especially crucial for detecting fine- 
grained anatomical structures of the scapula.

The fracture location label file and JPG format image data converted 
from DICOM format data were imported into the CNN algorithm 
framework. The detection frame information obtained by the model is 
converted into the coordinate information on the original image, and the 
redundant prediction frame is cleared by the intersection ratio threshold 
detection and non-maximum suppression. After the first model con
struction, the recognition image of scapular fracture was obtained 
(Fig. 3).

After the initial modeling, the accuracy of recognition is not ideal. In 
order to optimize the model, two times of modeling were carried out. 
The model optimization process involves selecting the appropriate 
hyperparameters to achieve the best performance. Mesh search and 
random search techniques are used to optimize the parameters, aiming 
to balance training speed and model accuracy [34]. We also performed 
K-break cross-validation (k = 5) to evaluate the generalization ability of 

Fig. 1. Workflow diagram of object detection for Faster R-CNN.
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the model under different hyperparameter configurations, ensuring a 
consistent performance of the model over a diverse dataset, thereby 
improving the predictive power of the model (Fig. 4). The form of the 
standard binary cross entropy loss function is: 

L(p,y) = − [ylog(p)+ (1 − y)log(1 − p) ] (1) 

After splitting the function, define a new variable pt to express the 
form of the function: 

pt =

{
py = 1

1 − py = 0 (2) 

The binary cross entropy loss function is succinctly defined as: 

L(p,y) = − log(pt) (3) 

Softmax classification function is: 

Pi =
exi

∑
jexj

(4) 

Fig. 2. Feature aggregation flow chart after ROI Pooling is replaced by ROI Align.

Fig. 3. The scapular fracture labeling and recognition images obtained after the initial modeling. A: Fracture labeling image. B: The model recognizes frac
ture images.

Fig. 4. Recognition image of scapular fracture after model optimization. The red wire frame is the fracture area outlined by the medical expert. The yellow wire 
frame is the fracture area identified by the prediction model. The green wire frame is the nmal area identified by the prediction model.
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where x represents the unnormalized calculated value of the last clas
sified output layer. Show the final class probability calculation value. I 
indicates the class of the calculated object

In summary, the standard cross entropy loss function based on 
Softmax classification is as follows: 

Pt =
ex[cls]
∑

jex[j] (5) 

L(x, cls) = − log
ex[cls]
∑

jex[j] (6) 

To solve the imbalance problem of positive and negative samples, the 
usual practice is to introduce the weight factor α. When the class label of 
the sample is positive, the weight factor given is α. When the class label 
is negative, the weight factor is 1-α. It can be represented by αt. 

αt =

{
αy = 1

1 − αy = 0 (7) 

At this time, the cross entropy loss function based on Softmax clas
sification is: 

L(x, cls) = − αtlog
ex[cls]
∑

jex[j] (8) 

A new dynamic modulation factor (1-pt)β was used in this paper to 
reduce the weight of easily distinguishable samples and to solve the 
imbalance problem of difficult and easy samples. Finally, the new dy
namic modulation cross entropy loss function based on Softmax classi
fication can be expressed as: 

L(x, cls) = − (1 − Pt)
βlog

ex[cls]
∑

jex[j] (9) 

2.4. Construction of fracture recognition method

Three different methods were used to detect scapular fractures on 
shoulder CT. Method 1: The medical expert read the film independently, 
and the intermediate orthopedist read the transverse image indepen
dently. Method 2: CNN algorithm model was used to identify scapular 
fractures. Method 3: The CNN algorithm combined with the orthope
dist’s radiography to conduct a comprehensive examination of the 
fracture detection.

The fracture areas detected in each group were recorded, and the 
scapular CT images of 90 patients were simultaneously reviewed and 
analyzed by two associate chief physicians who had been engaged in 
imaging diagnosis for more than 15 years. The physicians perform image 
analysis according to the interpretation guidelines for scapular fractures, 
and the orthopedist’s level of experience and understanding of different 
anatomical structures have a significant impact on the identification 
results. In order to improve the recognition efficiency and accuracy of 
orthopedic surgeon , we use image enhancement software to adjust the 
image contrast and enhance the edge. In case of disagreement, a unified 
diagnosis is reached after discussion and used as the gold standard.

2.5. Evaluation of fracture identification methods

The 95 % confidence interval was calculated using the normal dis
tribution test to evaluate the diagnostic accuracy, sensitivity, specificity, 
positive and negative prediction rates of three different identification 
methods. The area under the curve (AUC) area was calculated using the 
receiver operating characteristic (ROC) curve to assess diagnostic 
reliability.

2.6. Statistical analysis

The research data were collected, and SPSS 25.0 statistical software 

was used for statistical analysis. The counting data is represented by [n 
(%)]. P < 0.05 was considered statistically significant.

3. Results

3.1. Efficacy evaluation of fracture recognition model

The diagnostic sensitivity, specificity, positive predictive value and 
negative predictive value of the CNN algorithm model combined with 
physician interpretation method for scapular fracture were 95.78, 
93.75, 97.9, and 81.74, respectively. The specificity and positive pre
dictive value of the CNN algorithm model combined with medical expert 
interpretation method are significantly higher than the results of med
ical expert interpretation and algorithm independent prediction (P＜ 
0.05, Table 1).

The AUC curve for scapular fractures identified by CNN algorithm 
model and doctor group was 0.866 (95 %CI: 0.791 ~ 0.942). The AUC 
predicted by physician independent interpretation and algorithm inde
pendent prediction were 0.787 (95 %CI: 0.702 ~ 0.872) and 0.837 (95 
%CI: 0.754 ~ 0.919), respectively. The AUC value of the CNN algorithm 
model combined with doctor group was significantly higher than that of 
orthopedist independent interpretation and algorithm independent 
prediction group, and the difference was statistically significant (P <
0.05). Detailed results are shown in Fig. 5.

3.2. Detection rate of fracture area

The recognition results of scapular fractures between six sites by 
three different fracture recognition methods are shown in Table 2. The 
body of scapula, neck of scapula, and acromion are the most commonly 
identified areas of scapular fracture. In addition, the accuracy of the 
CNN algorithm model combined with orthopedist identification method 
was 97.78 %, which was significantly higher than the accuracy of 
orthopedist-independent interpretation (82.95 %) and algorithm- 
independent prediction (92.05 %) (P＜0.05).

4. Discussion

The scapula is a triangular-like flat bone located behind the thorax. It 
has a complex and irregular anatomy and is the starting or attachment 
point of many muscles [6]. Due to the particularity of the structure and 
position of the scapula, the occurrence of fractures and other types of 
lesions in this part may lead to the dysfunction of the shoulder joint and 
the upper limb of the patient [3]. If effective treatment is not taken in 
time, it is easy to lead to irreversible changes such as disability of the 
affected side of the patient’s upper limb, which will affect the daily life 
and work of the patient, resulting in a decline in the quality of life of the 
patient [4,35]. The recognition accuracy of different regions of scapula 
is different, mainly because the anatomical structure of the neck of 
scapula is complicated and often coexists with the scapula body fracture, 
which makes the recognition difficulty increased. The overlap of 
shoulder blades with soft tissues (e.g., muscles) and other bone struc
tures (e.g., ribs, clavicle) further increases the difficulty of image anal
ysis [36]. Timely and effective treatment can accelerate the recovery of 
patients and reduce the damage of fractures [9,37].

Table 1 
Comparison of diagnostic value of three different methods to identify scapular 
fracture (100%).

Evaluation index Team P

Doctor Algorithm Combination

Sensitivity 77.68 86.90 95.78 <0.05
Specificity 80.65 89.24 93.75 >0.05
Positive predictive value 93.50 96.96 97.90 >0.05
Negative predictive value 47.00 84.54 81.74 <0.05
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In this study, a diagnostic model of scapular fracture was constructed 
based on the CNN algorithm. The model enables fully automated, end- 
to-end imaging diagnosis of scapular fractures and provides fracture 
recognition probabilities [18]. The CNN model can recognize the com
mon DICOM format file of the CT image and has high universality [38]. 
At the same time, the model is simple to operate and the recognition 
speed is fast [39]. The auxiliary diagnosis of a scapular fracture can not 
only improve the identification efficiency but also the interpretation 
results are not affected by human factors [12,40,41,42]. It avoids 
missing diagnoses and misdiagnoses caused by manual interpretation 
due to lack of experience and other reasons.

Based on the included CT data of 90 scapular fractures, we con
structed three different fracture identification methods. In terms of 
diagnostic efficacy, the sensitivity, specificity, positive predictive value, 
and negative predictive value of scapular fracture were the highest in 
the combination of then CNN algorithm model and physician interpre
tation method. In addition, the specificity and positive predictive value 
of the algorithm model recognition method were significantly higher 
than the prediction results of orthopedist-independent interpretation (P 
< 0.05). It shows that the CNN model has robust performance in the 
interpretation of different CT image materials, so it can obtain more 
reliable results than manual interpretation. The AUC curve for scapular 
fractures identified by the algorithm model and the doctor team was 
0.866 (95 % CI: 0.791 ~ 0.942). The AUC predicted by physician in
dependent interpretation and algorithm independent prediction were 
0.787 (95 % CI: 0.702 ~ 0.872) and 0.837 (95 % CI: 0.754 ~ 0.919), 
respectively. The AUC value of the algorithm model combined with the 
doctor group was significantly higher than that of the doctor indepen
dent interpretation and algorithm independent prediction group, and 
the difference was statistically significant (P < 0.05). Guermazi et al, 
[43] demonstrated that AI-assisted examination can improve the sensi
tivity of fracture diagnosis and even improve the specificity of fracture 
detection by radiologists and non-radiologists, but it does not extend the 
reading time. The diagnostic results of the algorithm model combined 

with doctors have higher accuracy, sensitivity, and specificity than those 
of the independent identification method. Therefore, AI-model-assisted 
diagnosis has the potential to minimize the gap in scapular fracture 
recognition between less experienced physicians and more experienced 
physicians [44]. It can be seen that the CNN algorithm model signifi
cantly improves the diagnostic accuracy of radiologists in the detection 
of scapular fractures. It is an effective way for doctors to reduce the 
missed diagnosis of rib scapula fracture by carefully reading the film 
with the help of the CNN algorithm model.

Among the three different detection methods, the accuracy of the 
algorithm model combined with the orthopedist-identification method 
was 97.78 %, the accuracy of the orthopedist independent interpretation 
was 82.95 %, and the accuracy of the CNN algorithm recognition was 
92.05 %. The results showed that the ability of orthopedic surgeon to 
detect fractures was insufficient, which may be related to the lack of 
sufficient knowledge of orthopedist to distinguish minor fractures. 
Previous studies have shown that the higher the accuracy, the lower the 
false positive rate of fracture recognition by the model [45]. It is 
considered that the main reason for the false-positive results in this 
study model is that the number of some types of fractures is small and 
the feature learning is insufficient in the learning process [46]. In the 
training process, the model confused the non-fracture image with the 
fractured image, and identified the non-fracture site, resulting in false 
positives [47]. In addition, in the practical application of the CNN 
model, all the DICOM format data of the evaluated shoulder CT will be 
input into the model [48]. Some of the scapulas at the sagittal level 
showed similar walking and morphological features to the cross- 
sectional scapulas and were identified as fractures [49].

There are some limitations in this study. First of all, the number of 
samples is relatively small, which makes it difficult to further improve 
the algorithm recognition accuracy. In the future, better algorithm 
models can be trained by increasing the sample size to achieve better 
accuracy. Secondly, the CNN network structure can be further optimized 
to increase the depth of the CNN network structure, which may enhance 
the learning ability of the algorithm to recognize the model and obtain a 
better training model. In future implementations, we will utilize more 
advanced algorithms and models from the cybernetical intelligence 
perspective [50] in order to improve our target detection performance.

5. Conclusion

In summary, the intelligent recognition model of scapular fracture 
based on the CNN algorithm was established in this study, and it was 
confirmed that this model had excellent performance in recognizing 
scapular fracture CT images. This model can assist clinicians in 
improving their diagnostic ability and accuracy in locating scapular 
fractures on CT images.

Fig. 5. ROC curves of three different methods for identifying scapular fractures.

Table 2 
Comparison of fracture area of three different methods to identify scapular 
fracture.

Fracture location Identification method

Doctor team Algorithm team Combination team

Scapular neck 15 17 18
Coracoid process 9 10 11
Glenoid 5 6 7
Acromion 10 11 12
Scapular body 27 29 30
Scapular spine 7 8 10
Accuracy 82.95 % 92.05 % 97.78 %
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