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Background: Rotator cuff injury is a common cause of shoulder pain. Precise and efficient measurement 
of morphological parameters is necessary in the clinical diagnosis and evaluation of shoulder disorders. 
However, manual measurement is a time-consuming and labor-intensive task, with low inter-observer 
reliability. The automatic measurement of radiographic parameters in supraspinatus outlet radiographs has 
not been reported yet. Thus, the objective of this study was to use a cascaded High-Resolution Net (HRNet) 
model based on deep learning (DL) algorithms to automatically measure morphological parameters from 
supraspinatus outlet radiographs and assess its performance. It was intended for use in early screening of 
patients with rotator cuff disease and to guide them to further consultation.
Methods: This cross-sectional study collected 1,668 supraspinatus outlet radiographs from the picture 
archiving and communication system of Gansu Provincial Hospital of Traditional Chinese Medicine and the 
Affiliated Hospital of Gansu University of Chinese Medicine. Among them, 521 images were provided for 
test datasets and 1,147 images were provided for a model training dataset and validation dataset. Landmarks 
were annotated for acromio-humeral interval (AHI), acromial tilt (AT), and 3 lines in Park’s acromial 
classification (line huo-acrf, line acro-acro1, and line huo-acro1). R4 radiologist reviewed the means of 3 
radiologists as a reference standard. Model performance was assessed by calculating the percentage of correct 
key points (PCK), intra-class correlation coefficients (ICCs), Pearson’s correlation coefficients, mean absolute 
error, and root mean square error. The reliability of R1, R2, R3, AI with R4 and inter-observer reliability of 
R1, R2, and R3 for acromial morphology classification were assessed by Cohen’s kappa coefficient.
Results: Within the 3-mm threshold, the PCK of the model ranged from 74% to 100%. Compared to the 
reference standard, the model had reliable measurement of AHI, AT, line huo-acrf, line acro-acro1, line huo-
acro1 (ICC =0.73–0.94) and moderate reliability of acromial morphology classification (k=0.50–0.56). 
Conclusions: The cascaded HRNet developed in this study can automatically measure morphological 
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Introduction

Lifetime prevalence of shoulder pain has been reported to 
be as high as 67% in the general population (1). Rotator 
cuff-related injuries are common causes of shoulder pain 
including subacromial impingement syndrome, rotator cuff 
tears, and subacromial pain syndrome, which may restrict 
activities of daily living, and contribute to loss of function 
and even disability (2,3). Imaging has played an important 
role in shoulder disorders, clinical decision, and prognostic 
assessment. X-rays are simple, have high spatial resolution, 
and are usually used as the preferred examination for 
shoulder pain. Measurement of morphological parameters 
from supraspinatus outlet radiographs, including acromio-
humeral interval (AHI), acromial tilt (AT), and acromial 
morphology, has clinical significance for screening of rotator 
cuff disease, surgical options, and postoperative evaluation 
(4-6). Some studies have shown that supraspinatus 
outlet radiographs were superior to magnetic resonance 
imaging (MRI) for determination of acromial shapes and 
measurement of radiographic parameters (7,8). However, 
manual measurement is a time-consuming and labor-
intensive task; in addition, there are some subjective errors 
of consistency and accuracy among different observers. 
Consequently, there is an urgent need for a new technology 
to solve the manual measurement challenge and improve 
disease detection rates.

Artif icial  intel l igence (AI) has been computer-
programmed to think and reason, and focuses on 
automatically solving intellectual tasks normally performed 
by the human brain (9). Deep learning (DL), as a branch of 
AI, can understand and imitate more complex processes due 
to its multi-hidden layers (10), and has gained great interest 
in the past few years, especially in the field of medical image 
analysis. It has laid a technical foundation for automatic 
measurement and has been initially explored in the field of 
shoulder, mainly focusing on shoulder image segmentation, 
disorders detection, and implant detection (11-13). The 
automatic measurement of radiographic parameters in 

supraspinatus outlet radiographs has not yet been reported. 
The aim of this study was to construct a model based on 
the DL algorithm for fully automatic measurement of 
morphological radiographic parameters in supraspinatus 
outlet radiographs and to evaluate its performance. We 
present this article in accordance with the STROBE 
reporting checklist (available at https://qims.amegroups.
com/article/view/10.21037/qims-24-1373/rc).

Methods

Dataset preparation

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The study 
was approved by the Ethics Committees of Gansu 
Provincial Hospital of Traditional Chinese Medicine 
(No. 2024-046-01) and the Affiliated Hospital of Gansu 
University of Chinese Medicine {No. [2024] 101}. Due 
to the retrospective inclusion of imaging data from 
picture archiving and communication system (PACS), the 
requirement for patients’ informed consent was waived by 
the respective ethics committees. From August 2017 to 
August 2023, a total of 2,107 supraspinatus outlet radiograph 
X-ray images and clinical data were collected in Gansu 
Provincial Hospital of Traditional Chinese Medicine; 234 
supraspinatus outlet radiograph X-ray images and clinical 
data were collected in the Affiliated Hospital of Gansu 
University of Chinese Medicine. The inclusion criteria were 
as follows: (I) patients with complete epiphyseal closure; 
(II) cases in the positive test set were those with rotator cuff 
disease diagnosed by shoulder MRI. After assessment, 1,668 
supraspinatus outlet radiograph X-ray images were finally 
included. The reasons of exclusion for 673 images were as 
follows: (I) irregularities in X-ray (n=458); (II) obscured 
landmarks and external body interference (n=187); (III) 
history of fractures, surgery, tumors, and tuberculosis (n=28). 
The data from Gansu Provincial Hospital of Traditional 
Chinese Medicine hospital were used for model training, 

parameters of the shoulder. It may aid early clinical screening for shoulder disorders and assist physicians in 
treatment decisions.
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validation, an internal test set, and a positive test set, and 
the data from the Affiliated Hospital of Gansu University 
of Chinese Medicine Hospital were used for an external 
test set. A total of 215 (13%) cases were randomly assigned 
to the internal test set, 148 (9%) cases with rotator cuff 
disease diagnosed by shoulder MRI were assigned to the 
positive test set, and 158 (9%) cases were assigned to the 
external test set. The remaining 1,147 cases were randomly 
divided in a 3:1 ratio to form the training (n=899, 54%) and 
validation sets (n=248, 15%), respectively (Table 1).

Landmark annotation and parameter measurement

In this study, each radiograph has 8 landmarks named 
huo, hup, hup1, acro, acro1, acre, acrf, and cord (Figure 1). 
We measured 5 imaging parameters commonly used in 
supraspinatus outlet radiographs, including AHI, AT, and 
3 lines of Park’s acromial morphology (14), which were 
defined, respectively, as follows: AHI was the shortest 
distance between the inferior surface of the acromion 
and the head of the humerus; AT was angle between the 
line connecting the most anterior and last points of the 
subacromial surface and the line connecting the most 
anterior point of the subacromial surface and the lowest 
point of the coracoid; line huo-acrf; line acro-acro1; line 
huo-acro1. Type I acromion was defined as landmark acro 
coinciding with landmark acro1; type II acromion, the 
length of line huo-acrf, the same or longer than that of the 
line huo-acro1; type III acromion, the length of line huo-
acrf, shorter than that of the line huo-acro (14) (Figure 1).

A total of four radiologists were involved in the data 
labelling and reviewing: 3 radiologists (R1, R2, and R3) 
labeled landmarks and R4 reviewed the finished labelled 
data using the JPHV-specific software (annotation 1.0.0; 
http://47.110.61.145/). A total of 1,147 radiograph were 

used to train and validate the model, from which R1 
manually annotated 9,176 landmarks, and R4 reviewed. 
All test sets were annotated independently by R1, R2, and 
R3, with the average of the 3 radiologists’ measurements 
reviewed by R4 as the reference standard to analyze the 
consistency of the model with the reference standard and to 
assess the overall performance of the model. R1 re-labeled 
the internal test dataset after 4 weeks and analyzed the 
intra-observer reliability.

Data preprocessing

Data preprocessing adopted a 2-stage method. During the 2 
stages of the model training phase, the data were augmented 
by random rotation (−10° to +10°), random scaling (0.8 
times), and horizontal flipping to increase the diversity of 
the data and improve the robustness of the model.

Model establishment and prediction

In this study, the cascaded High-Resolution Net (HRNet) 
model was trained to detect each key point, and the relevant 
parameters were calculated by coordinates of the key points. 
The HRNet used a 32-layer structure. The input channel 
input the images, which included 3 channels. The output 
of the model was 8 channels, with each channel outputting 
a heat map of 1 key point. The learning rate was initially 
set to 0.001 and decayed at 170th, 200th rounds to 0.0001. 
Optimization was performed with Adam optimizer, weight 
decay was set to 1e−5, and loss function was conducted 
using MSELoss. During the model training phase, the 
original image was augmented, and then resized to 640×640 
pixels for HRNet training in the first stage. Based on the 
coordinates of key points predicted by the first stage model, 
the minimum horizontal and vertical coordinates (min_x, 

Table 1 Characteristics of patients in the training, validation, and test sets 

Characteristic Training set Validation set Internal test set Positive test set External test set

Total 899 [54] 248 [15] 215 [13] 148 [9] 158 [9]

Male 370 [41] 103 [42] 96 [45] 50 [34] 53 [33]

Female 529 [59] 145 [59] 119 [55] 98 [66] 105 [67]

Age (years) 53 [47, 60] 55 [48, 62] 52 [46, 58] 57 [50, 63] 56 [49, 63]

Male 52 [42, 58] 52 [47, 59] 51 [41, 58] 58 [49, 64] 57 [49, 63]

Female 54 [49, 61] 57 [50, 65] 53 [48, 59] 56 [50, 62] 56 [49, 63]

Data are expressed as numbers of patients with percentages or median, quartiles.
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min_y) were ascertained, as were the maximum horizontal 
and vertical coordinates (max_x, max_y). The region of 
interest (ROI; min_x-200: max_+200, min_y-200: max_
y+200) was cut out from the original image. The ROI was 
also augmented, and then resized to 640×640 pixels for the 

second-stage model training.
During the model inference phase, the whole image 

was resized to 640×640 pixels as the input for the first 
stage model to detect each key point, and 8 heatmaps with 
160×160 pixels were output. The coordinates with the 

Figure 1 Schematic diagram of each landmark annotation and parameters measurement in supraspinatus outlet radiographs. (A) The 
specific name and anatomical location of each landmark. (B) Acromial tilt, the angle between the line acre-acrf and the line acre-cord. (C) 
Acromio-humeral interval, the distance between hup and hup1. (D) Line huo-acrf, the distance between huo and acrf. (E) Line acro-acro1, 
the distance between acro and acro1. (F) Line huo-acro1, the distance between huo and acro1. acre, the most posterior on the inferior 
cortex of the acromion; acrf, the most anterior on the inferior cortex of the acromion; acro, the center of line acre-acrf; acro1, the point that 
the perpendicular line from acro with the anteroinferior cortex of the acromion; huo, the center of the humeral head; hup, the apex of the 
humeral head; hup1, the point that the perpendicular line from hup with the cortex of the acromion; cord, the point on the lowermost edge 
of the coracoid.

A B C

D E F
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highest values were taken from each heatmap and resized 
to the original size to get the coordinates. Based on the 
coordinates of the key points predicted in the first stage, 
the ROI was cut out and resized to 640×640 pixels for the 
second stage model prediction to get the coordinates, and 
then resized to the original image size to obtain the final 
coordinates (Figure 2).

Statistical analysis 

The data were analyzed using Python (scipy.stats, bland-
altman, sklearn. metrics. regression, etc.) (Python Software 
Foundation, Wilmington, DE, USA) Microsoft Excel 2021 
(Microsoft Corp., Redmond, WA, USA), and SPSS 26.0 
(IBM Corp., Armonk, NY, USA). The differences were 
considered statistically significant with a P value <0.05. If 
the data followed normal distribution and homogeneity 
of variance, the paired t-test was used for comparison 
between groups, otherwise the rank-sum test was used. 
The distribution of information such as age and gender of 
the patients in the training, validation, and test sets were 
statistically described using medians and percentages.

Reliability of landmark annotations 

The percentage of correct key points (PCK) within the 
1-, 2-, 3-, 4-, and 5-mm key point-to-key point distance 
thresholds were calculated to assess intra- and inter-

observer image annotation consistency.

Landmark performance

The PCK was used to access the performance of the 
model in predicting all landmarks. PCK (15) was defined 
as the proportion of computationally detected key 
points for which the corresponding normalized distance 
between reference standards was less than a set threshold 
value.

Comparison of convolutional neural networks

To further compare the accuracy of the models in predicting 
key points, the cascaded HRNet was compared with  
HRNet (16), self-calibrated convolutions (SCNet) (17), and 
U-Net (18). For objective and fair comparisons, the same 
data training and strategies were used for all models.

Model measurement performance 

This study used the average of the 3 radiologists’ 
measurements reviewed by R4 as the reference standard, 
and calculated measurements from R1, R2, R3, R4, and 
model predictions. We compared the model with the 
reference standard and each radiologist separately. To 
evaluate the overall performance of the cascade HRNet, the 
intra-class correlation coefficient (ICC), Pearson correlation 

Image augmentation 
& preprocessing

Coordinate 
restoration

HRNet

Stage 1

HRNet
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Image augmentation & 
preprocessing
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Figure 2 Model prediction process. HRNet, High-Resolution Net.
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coefficient (r), mean absolute error (MAE), and root mean 
square error (RMSE) were compared between the reference 
standard and model predictions from test sets. ICC was 
used to measure and evaluate the consistency between the 
reference standard and model predictions, with ICC ≥0.75 
indicating excellent reliability. |r|≥0.7 indicated high 
correlation. MAE was defined as:

1

1MAE i i

n

i
observed predicted

n =

−= ∑ 	 [1]

and RMSE was defined as:

( )2

1

1RMSE i

n

i
iobserved predicted

n =

= −∑ 	 [2]

where i denotes reference and predicted values for the ith 
image, and n is the number of images.

In addition, Bland-Altman plots showed the mean 
difference, standard deviation (SD), and 95% limit of 
agreement (95% LoA) between the reference standard 
and the model measurements. In order to compare the 
performance of the model with each radiologist, the mean 
of each of these 2 radiologists was made a paired difference 
with the model and the third radiologist’s measurements, 
respectively. Paired t-tests were performed on the paired 
differences between the 2 groups in order to compare these 
MAEs and determine statistical differences.

Reliability analysis of acromial morphology classification

According to the Park’s criteria, this study calculated 
acromial morphology in the internal test set and positive 
test set based on the line acro-acro1, huo-acrf, and huo-
acro1 values measured by R1, R2, R3, R4, and the model. 
Kappa test was used to analyze the acromial morphology 
consistency of AI with R4 and inter-observer consistency 

of R1, R2, and R3. The differences were considered 
statistically significant when P<0.05.

Results

Reliability of landmark annotation

Intra- and inter-observer consistency analysis showed that 
the intra- and inter-observer PCK were greater than 85% 
within the 3 mm distance threshold (Table 2). 

Landmark performance 

The PCK at the 3 mm distance threshold were 74–100%, 
with the largest PCK for acro and the smallest PCK for 
cord (Table 3, Figure 3). Heat maps of model prediction are 
shown in Figure 4.

Comparison of CNNs 

The PCK of our model within the 3 mm threshold range 
was greater than that of HRNet, SCNet, and U-Net, 
especially between the 1 and 2 mm threshold ranges (Table 4, 
Figure 5). 

Model measurement performance 

The results of paired t-tests of the model predictions and 
reference standard showed that in all test sets, the AT and 
acro-acro1 distance were not significantly different from 
the reference standard (P>0.05), AHI, huo-acrf, huo-acro1 
showed statistically significant differences (P<0.05) (Table 5).

To further assess the overall performance of the model, 
the model showed an excellent ICC ranging from 0.73 to 
0.94, high correlation (r) ranging from 0.73 to 0.95, MAE 
ranging from 0.58 to 1.70, and RMSE ranging from 0.78 to 
2.16 (Table 5). Correlation scatter plots and Bland-Altman 
plots showed the difference between model and reference 
standard (Figure 6).

In addition, we compared the model’s differences with 
each radiologist. For AHI and AT, the MAEs predicted 
by the model were significantly less than the MAEs of 3 
radiologists (P<0.05). For line acro-acro1, the MAEs of 
the model were significantly less than R3 (P<0.05) and 
comparable in performance to R1 (P=0.18) and R2 (P=0.05). 
For line huo-acrf, the MAEs of the model were significantly 
less than R1 and R2 (P<0.001). For line huo-acro1, the 
MAEs of the model were significantly higher than R1 

Table 2 The intra- and inter-observer reliability of landmark 
annotation (%)

Radiologist
Threshold (mm)

1 2 3 4 5

Inter-observer 63 84 92 96 98

Intra-observer

R1 vs. R2 70 90 96 98 99

R2 vs. R3 47 72 85 92 96

R3 vs. R1 51 74 87 93 96
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(P<0.001), less than R2 (P<0.001), and with R3 were not 
statistically significant (Table 6).

Reliability of acromial morphology classification

The standard reference of acromial morphology was 
calculated by R4’s measurements. In the internal test set, 
the agreement rating of R1 and R2 were 83% and 87%, 
respectively. R1 and R2 had good reliability with R4, and 
kappa values of 0.66 and 0.74, respectively. The agreement 
ratings of R3 and model were 67% and 75%, respectively. 
R3 and model had moderate reliability with R4, and kappa 

values of 0.42 and 0.50, respectively (Table 7). R3 had 
general reliability with R1 and R2, with kappa values of 0.38 
and 0.32, respectively. R1 had good reliability with R2, with 
a kappa value of 0.63 (Tables 7,8).

In the positive test set, the agreement rating of R1, 
R2, and R3 were above 80%, all with good reliability and 
kappa values of 0.76, 0.74, and 0.68, respectively (Table 7). 
The agreement rating of the model was 80%. The model 
had moderate reliability with R4, and a kappa value of 0.56  
(Table 7). R1, R2, and R3 inter-observer kappa values were 
also all above 0.50 (Table 8).

Discussion

There are few studies on DL in the field of automatic 
measurement in shoulder X-ray radiography. We explored 
methods to automatically measure supraspinatus outlet 
radiographs parameters based on DL. The cascaded HRNet 
model performed better than other models, automatically 
identified landmarks, and measured parameters more 
accurately. In addition, the cascaded HRNet could 
accurately measure AHI, AT, huo-acro1, acro-acro1, and 
huo-acrf (ICC =0.73–0.94). Minelli et al. (19) measured 
the critical shoulder angle (CSA) on radiographs based on 
Inception V3 coupled with a spatial to numerical transform 
layer, and the model predicted CSA at a median error of 
0.95° with a standard deviation of 0.97°. Furthermore, some 
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Figure 3 The ability of cascaded HRNet to predict each landmark. 
acre, the most posterior on the inferior cortex of the acromion; 
acrf, the most anterior on the inferior cortex of the acromion; acro, 
the center of line acre-acrf; acro1, the point that the perpendicular 
line from acro with the anteroinferior cortex of the acromion, huo, 
the center of the humeral head; hup, the apex of the humeral head; 
hup1, the point that the perpendicular line from hup with the 
cortex of the acromion; cord, the point on the lowermost edge of 
the coracoid. HRNet, High-Resolution Net.

Table 3 The PCK values of landmarks at the 1–5 mm threshold (%)

Key point
Threshold (mm)

1 2 3 4 5

L

acre 51 78 89 96 98

acrf 64 90 95 97 97

acro 60 92 100 100 100

acro1 55 87 97 99 100

cord 39 62 74 86 92

huo 23 66 88 95 97

hup 54 80 91 97 100

hup1 29 60 76 87 92

R

acre 53 84 92 98 98

acrf 63 89 95 97 98

acro 61 95 99 100 100

acro1 56 83 96 98 99

cord 39 67 75 88 90

huo 21 70 89 96 96

hup 53 77 91 96 100

hup1 33 65 82 88 92

acre, the most posterior on the inferior cortex of the acromion; 
acrf, the most anterior on the inferior cortex of the acromion; 
acro, the center of line acre-acrf; acro1, the point that the 
perpendicular line from acro with the anteroinferior cortex of the 
acromion, huo, the center of the humeral head; hup, the apex 
of the humeral head; hup1, the point that the perpendicular line 
from hup with the cortex of the acromion; cord, the point on the 
lowermost edge of the coracoid. PCK, percentage of correct 
key points; L, left shoulder; R, right shoulder.
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studies have also used DL techniques to diagnose relevant 
diseases in radiographic images with computed tomography 
(CT) or MRI as the gold standard. For example, some 
researchers developed DL models to diagnose COVID-19 

disease symptoms on chest X-rays and achieved high 
sensitivity and specificity (20). Chen et al. (21) used MRI as 
the reference standard and showed that DL models could 
identify fresh vertebral compression fractures from lumbar 
X-rays. Most of these DL algorithms were for automatic 
classification, which lacked precise quantitative assessment. 
The cascaded HRNet could provide actual values for 
surgeons to perform more objective assessment. If the 2 kinds 
of models were combined, automatic diagnosis of diseases 
as well as numerical assessment of severity may be achieved, 
and this represents a topic for future exploration. 

The great performance of our model is relevant with 
image quality control, pre-processing, data set allocation, 
and model construction. In order to ensure the quality of the 
training data and to accurately label landmarks, this study 
strictly followed the quality control criteria. In the data pre-
processing, the augmentation approach in this study could 
make the best use of limited data and increase the number 
and diversity of images (22). In the data set allocation, 
the training and validation sets contain multiple diseases, 
including healthy individuals, rotator cuff tendon tear, 
subacromial impingement syndrome, and so on, as well as a 
wide age range. Thus, the model has better application for 
complex clinical situations with higher robustness (23). In 
addition, data from other hospitals were collected to assess 
the model’s generalization ability, and the model predictions 
also had good performance (ICC =0.73–0.93). Contrastingly, 
Kufel et al. (24) used natural language processing to extract 
disease classifications via text from relevant radiology reports. 
This method enabled the collection of general disease and 
reduced workload while improving efficiency, which is an 
advantageous method for collecting diseases in the future.

Figure 4 Cascaded HRNet model prediction heatmap. acro1, the point that the perpendicular line from acro with the anteroinferior cortex 
of the acromion; cord, the point on the lowermost edge of the coracoid; hup1, the point that the perpendicular line from hup with the cortex 
of the acromion. HRNet, High-Resolution Net.

Table 4 Comparison of prediction of landmarks by cascaded 
HRNet, HRNet, SCNet, U-Net (%)

Model
Threshold (mm)

1 2 3 4 5

HRNet 33 71 86 93 96

SCNet 28 65 84 93 97

U-Net 37 71 86 94 96

Cascaded HRNet 47 75 86 93 96

HRNet, High-Resolution Net; SCNet, self-calibrated convolutions.
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Figure 5 The comparison of the landmark prediction by U-Net, 
HRNet, cascaded HRNet, SCNet. PCK, percentage of correct 
key points; HRNet, High-Resolution Net; SCNet, self-calibrated 
convolutions.
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Table 5 The comparison of model and the standard reference 

Parameter R4 Model t P value ICC r MAE RMSE

Internal test set

AHI (mm) 8.79±1.88 9.18±1.87 2.10 0.04* 0.92 0.94 0.58 0.78

AT (°) 37.04±5.57 36.56±5.78 −0.83 0.41 0.94 0.94 1.53 2.03

acro-acro1 (mm) 3.98±1.70 3.79±1.49 −1.17 0.25 0.83 0.84 0.72 0.94

huo-acrf (mm) 30.86±3.05 31.92±2.91 3.56 <0.001* 0.83 0.88 1.38 1.81

huo-acro1 (mm) 29.01±2.94 30.02±2.64 3.62 <0.001* 0.82 0.88 1.35 1.74

Positive test set

AHI (mm) 8.66±1.78 9.08±1.72 1.97 0.05* 0.91 0.93 0.59 0.78

AT (°) 36.85±5.62 36.55±5.34 −0.45 0.65 0.94 0.95 1.41 1.84

acro-acro1 (mm) 4.07±1.65 4.08±1.41 0.02 0.99 0.79 0.80 0.74 1.00

huo-acrf (mm) 30.27±2.53 31.19±2.40 3.08 0.002* 0.78 0.84 1.30 1.69

huo-acro1 (mm) 28.89±2.27 29.91±2.18 3.75 <0.001* 0.75 0.83 1.28 1.65

External test set

AHI (mm) 8.52±1.93 9.07±1.81 2.49 0.01* 0.87 0.91 0.75 0.98

AT (°) 38.22±5.61 37.93±5.50 −0.44 0.66 0.93 0.93 1.68 2.11

acro-acro1 (mm) 3.92±1.43 3.96±1.26 0.22 0.83 0.73 0.73 0.77 1.00

huo-acrf (mm) 30.77±2.86 32.26±2.88 4.38 <0.001* 0.78 0.88 1.61 2.06

huo-acro1 (mm) 28.52±3.14 30.05±2.81 4.35 <0.001* 0.77 0.88 1.70 2.16

R4 is the reference standard. Model is the parameter measured by the model. The values are presented as means ± SD. *, P(paired t-test)<0.05 
indicates statistical significance between the model and the reference standard. acro, the center of line acre-acrf; acro1, the point that the 
perpendicular line from acro with the anteroinferior cortex of the acromion; acrf, the most anterior on the inferior cortex of the acromion; 
huo, the center of the humeral head. ICC, intra-class correlation coefficient; r, Pearson correlation coefficient; MAE, mean absolute error; 
RMSE, root mean square error; AHI, acromio-humeral interval; AT, acromial tilt; acro-acro1, line acro-acro1; huo-acrf, line huo-acrf; huo-
acro1, line huo-acro1.

In terms of model selection, U-Net, SCNet, HRNet, 
and cascaded HRNet were selected for training on the 
same portion of data, and the above models showed great 
performance in other tasks (25-27). The best performing 
cascaded HRNet model was selected based on model 
predictions. Cascaded HRNet is based on HRNet and 
uses a 2-stage approach to predict key points. HRNet uses 
multi-resolution subnetworks to maintain high resolution 
throughout the process (16). Considering the overlapping of 
skeletal images, a cascaded design could gradually improve 
the precision of key points prediction.

This study set an independent positive test set, which 
could verify whether the model could accurately measure the 
imaging parameters of rotator cuff tear. The results suggested 
that the model predictions were in good agreement with the 
reference standard (ICC: 0.75–0.94) but were slightly lower 
than those in the internal test set. The reason may be that 

there were less data of severe rotator cuff tear in the training 
set, which led to the model’s insufficient learning for these 
images. The mean of AT in the positive test set was 36.85°, 
which was less than 37° and was consistent with the findings 
of previous studies (6,28,29). However, the mean of AHI 
was 8.66 mm, which was higher than the cutoff of 7 mm in 
previous studies, but less than 10 mm. The narrowing of the 
subacromial space in some patients with rotator cuff tears 
are not significant. Therefore, we should be wary of rotator 
cuff tears or subacromial impingement when AHI is less 
than 10 mm (30,31).

Accuracy of landmark prediction is the main cause of 
parameter measurement errors. In the present study, inter-
observer PCK within the 3 mm threshold was above 84%, 
indicating that our 3 radiologists were relatively reliable. 
The model was able to predict most of the key points. 
However, cord, hup1, and huo were relatively poorly 
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Figure 6 Comparison of our model prediction with the reference standard, the Bland-Altman plots on the left, the correlation scatter plots on the right. (A) AHI; (B) AT; (C) 

line acro-acro1; (D) line huo-acrf; (E) line huo-acro1. acro, the center of line acre-acrf; acro1, the point that the perpendicular line from acro with the anteroinferior cortex of 

the acromion; acrf, the most anterior on the inferior cortex of the acromion; huo, the center of the humeral head. AHI, acromio-humeral interval; AT, acromial tilt.
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Table 6 Comparisons of each radiologist and the model for supraspinatus outlet parameters

Parameter Mean of R2 and R3 Mean of R1 and R3 Mean of R1 and R2

AHI (mm)

R* 2.07 2.11 2.05

Model 2.07 0.57 0.58

P value 0.03* 0.001* 0.002*

AT (°)

R* 6.70 6.54 6.74

Model 6.50 1.48 1.71

P value 0.02* 0.03* 0.001*

acro-acro1 (mm)

R* 1.94 1.96 1.92

Model 1.81 0.76 0.82

P value 0.18 0.05 <0.001*

huo-acrf (mm)

R* 3.26 3.17 3.53

Model 3.21 1.03 1.46

P value <0.001* <0.001* 0.25

huo-acro1 (mm)

R* 3.02 3.07 3.28

Model 3.06 1.12 1.37

P value <0.001* <0.001* 0.34

*, P<0.05 indicates a statistically significant inter-observer difference. R* represents the third radiologist. acro, the center of line acre-acrf; 
acro1, the point that the perpendicular line from acro with the anteroinferior cortex of the acromion; acrf, the most anterior on the inferior 
cortex of the acromion; huo, the center of the humeral head. AHI, acromio-humeral interval; AT, acromial tilt; acro-acro1, line acro-acro1; 
huo-acrf, line huo-acrf; huo-acro1, line huo-acro1.

Table 7 The reliability of R1, R2, R3, AI with R4 on the internal and positive test set 

Data sets
R4 vs. R1 R4 vs. R2 R4 vs. R3 R4 vs. model

Agreement k Agreement k Agreement k Agreement k

Internal test set 83% 0.66 87% 0.74 67% 0.42 75% 0.50

Positive test set 88% 0.76 87% 0.74 84% 0.68 80% 0.56

Table 8 The inter-observer reliability of acromial morphology 
classification on the internal and positive test set 

Data sets R1 vs. R2 R1 vs. R3 R2 vs. R3

Internal test set 0.63 0.38 0.32

Positive test set 0.72 0.56 0.52

predicted. The reasons may be as follows: (I) for huo, it was 
obscure because of the overlapping relationship between 
scapula and humeral head. In addition, it was stated in the 
center of humeral head instead of clear marker of bone. (II) 
Acromial morphology varied widely in some individuals to 
lead great variation for hup1. Secondly, the acromion and 
the humeral head are subcurved in the type II acromion, 
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which means that each distance between humerus head and 
inferior surface of the acromion are similar. The model fails 
to identify the corresponding hup and hup1, which may 
lead larger AHI. (III) The cord may overlap with outer edge 
of the ribs, which increases challenge for identification. 

In all test sets, measurement of the model was consistent 
and relevant with the standard reference (ICC =0.73–0.94, 
r=0.73–0.95). However, the results of paired t-tests showed 
that AHI, huo-acrf, and huo-acro1 of the model were 
significant with the standard reference (P<0.05), and Bland-
Altman plots indicated that several data were exceeding the 
95% limit of agreement. It may be related with the moderate 
accuracy of hup1 and huo’s predictions. In addition, the 
distance between hup and hup1 in patients with a severely 
narrow subacromial space was closer, which may increase 
the demand for measurement precision. Thus, even slight 
landmarks errors impact on parameter measurement. 
On further analysis of the model with each radiologist’s 
variance, it was found that most of the model’s MAEs were 
significantly smaller than those of the radiologists, suggesting 
that the model performed close to the radiologists. Kufel  
et al. (32) used transfer learning techniques to automatically 
detect chest X-ray abnormalities. The advantage of transfer 
learning techniques is that it could improve accuracy for 
model application in small sample disease. In the next 
stage of optimizing model performance, it could be used to 
improve the model’s accuracy of the automatic measurement 
in rotator cuff disease data with significant narrowing AHI. 

The most common acromial morphology classification 
was proposed by Bigliani et al., describing a flat (type-I), 
curved (type-II), or hooked (type-III) morphology. It is 
a qualitative assessment with subjective errors among 
observers, especially for type II and III acromion (7). In 
this study, we used Park’s criteria, which is able to classify 
the acromion more accurately by quantifying the inter-
anatomical distances (14). It is more suitable for DL to 
classify acromial morphology. According to Park’s approach 
for type I, it is impossible that acro coincide completely with 
acro1 because of a slight error in manual annotation. Chen 
et al. (33) reported that a landmark-to-landmark distance 
of 2.98 mm for inter-observer observations was acceptable. 
Thus, we defined that line acro-acro1 being shorter or equal 
to 1.5 mm constituted as type-I, and only that longer than 
1.5 mm would be classified type II or type III. The poor 
interobserver agreement of Bigliani’s criteria was reported 
in a previous study (34). In the present study, R1 and R2 
had good reliability with R4, with the kappa values all above 
0.6 in the positive and internal test sets. The reliability of 

R3 with R1, R2, and R4 was poor to moderate, and the 
kappa value of model was higher than that of R3, indicating 
that the model reduced subjective error to a certain extent.

Some data were inconsistent for type II and III. In some 
images, partial overlap of the clavicle with the acromion 
leads to difficulty in locating acrf, affecting the measurement 
of the line huo-acrf. In addition, several data showed a 
hierarchical leap. For example, when 3 radiologists classified 
type I, another classified type II or type III. This may have 
been caused by inaccurate measurements of line acro-acro1 
due to the mistake of acro1. During the labelling process, 
we found that the location of acro was different in 3 cases, 
including on the edge of cortical bone, outside the bone, 
and on the bone. For the first and second cases, the location 
of acro1 are better determined. When the acro is located 
on the bone, there may be a divergence in the labelling of 
acro1 on the undersurface of the acromion, which can lead 
to a large difference in acromial morphology.

This study has some limitations. Firstly, the training datasets 
only included 899 images, which is relatively small for training 
a model. Secondly, some difference remained in the external 
dataset compared to internal dataset. Future studies will be 
planned to incorporate more disease types, expand the sample 
size, and improve the accuracy and applicability of the model 
to empower clinical diagnosis and treatment. Secondly, we 
will improve Park’s approach according to reality and develop 
a suitable labelling method for our requirements. Finally, we 
will analyze the association between diseases and parameters. 
The model will gradually apply to the clinical environment to 
provide structured reports of quantitative parameters.

Conclusions

The impressive results obtained by our model suggest its 
usefulness in the automatic measurement of morphological 
parameters from supraspinatus outlet radiographs, including 
classification of acromial morphology, which could help 
early clinical screening of rotator cuff disease and assist 
doctors in treatment decision-making.
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