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A B S T R A C T   

Objective: To validated a classifier to distinguish the status of rotator cuff tear and predict post-operative re-tear 
by utilizing magnetic resonance imaging (MRI) markers. 
Methods: This retrospective study included patients with healthy rotator cuff and patients diagnosed as rotator 
cuff tear (RCT) by MRI. Radiomics features were identified from the pre-operative shoulder MRI and selected by 
using maximum relevance minimum redundancy (MRMR) methods. A radiomics model for diagnosis of RCT was 
constructed, based on the 3D volume of interest (VOI) of supraspinatus. Another model for the prediction of 
rotator re-tear after rotator cuff repair (Re-RCT) was constructed based on VOI of humerus, supraspinatus, 
infraspinatus and other clinical parameters. 
Results: The model for diagnosing the status of RCT produced an area under the receiver operating characteristic 
curve (AUC) of 0.989 in the training cohort and 0.979 for the validation cohort. The radiomics model for pre-
dicting Re-RCT produced an AUC of 0.923 ± 0.017 for the training dataset and 0.790 ± 0.082 for the validation 
dataset. The nomogram combining radiomics features and clinical factors yielded an AUC of 0.961 ± 0.020 for 
the training dataset and 0.808 ± 0.081 for the validation dataset, which displayed the best performance among 
all models. 
Conclusion: Radiomics models for the diagnosis of rotator cuff tear and prediction of post-operative Re-RCT 
yielded a decent prediction accuracy.   

1. Background 

Rotator cuff tear (RCT) is a common cause of shoulder dysfunction 
and pain, with rising incidence rate with age. Typically, about 50% of 
people over the age of 80 have suffered from rotator cuff tears.1 Various 
therapeutic modalities have been used for the treatment of rotator cuff 
injury, with open repair surgical techniques being considered the gold 
standard in the past. Arthroscopic rotator cuff repair (ARCR), which 

involve minimal surgical incisions but yield comparable therapeutic 
effects with open surgery, has now become a standard operation 
procedure.2,3 

The complications of ARCR, though, should not to be neglected. The 
incidence of rotator cuff re-tear (Re-RCT), is one of the most common 
complications, ranging from 4.5% to 94%,4,5 which mostly occurr dur-
ing the early post-operative period, especially within 3 months post--
surgery.6 Numerous patient factors result in failure.7–11 The experience 
of the surgical team and rehabilitation optimization also influence the 
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occurrence of post-operative re-tear.12,13 However, quantitative criteria 
for post-operative assessment are still lacking. 

Magnetic resonance imaging (MRI) is an essential non-invasive tool 
in diagnosis and treatment evaluation of rotator cuff injuries.14 The 
sensitivity and specificity rates of MRI in the diagnosis of rotator cuff 
injury are 98% and 79%.15–17 Sugaya classification based on 
post-operative MRI, showed favorable correlation with clinical out-
comes,18 and is commonly applied for assessment of the post-operative 
status of RCT.19 For the prediction of Re-RCT, experienced surgeons can 
also make a preliminary judgment on whether the patient is prone to 
re-tear from MRI. The size of the tear did not influence whether a re-tear 
would occur, but a common concept is that the larger the tear of the 
supraspinatus, the more difficult it is to repair.20 Besides, the repar-
ability is associated with Goutallier classification of the supraspinatus 
and infraspinatus muscles and the Patte classification.15 Although ra-
diologists are able to assess the probability of rotator cuff tear and 
post-operative re-tear using semantic or morphological MRI imaging 
features together with medical history in clinical practice, this method is 
still limited by subjectivity and imposed a heavy workload burden. 

Recently, radiomics have been widely used to improve the response 
prediction of clinical tasks via a non-invasive approach. Medical imag-
ing of tumors have extensively been applied in predicting the status of 
prognosis, grade of pathology and survival prediction, despite the het-
erogeneity of tumors. Previous studies have developed classifiers to 
discriminate multiple types of orthopedic diseases.21,22 These classifiers 
achieved promising predictive accuracies. However, the radiomics 
analysis in the domain of rotator cuff injury and prediction of 

post-operative re-tear for better clinical management, have not yet been 
thoroughly investigated. 

In this study, we aimed to generate and validate a classifier to 
distinguish the status of RCT by radiomics features derived from the 
supraspinatus region. We also evaluated the performance of the radio-
mics model for predicting re-tear. The re-tear model was also developed, 
based on radiomics features of the three regions involved: supraspinatus, 
infraspinatus and humerus. 

2. Methods 

2.1. Patients 

The workflow of analyses carried out in this study is summarized in 
Fig. 1. This retrospective study was approved by the Institutional Review 
Board of the Second Affiliated Hospital, Zhejiang University School of 
Medicine (Zhejiang, China). The signed informed consent forms were 
waived. This study was conducted according to the Declaration of Hel-
sinki. A total of 101 consecutive of patients from our institution who 
underwent arthroscopic rotator cuff treatment by a senior surgeon from 
June 2016 to December 2018 were included in this study. All of them 
received MRI before surgery and six to twelve months after surgery. 
Another 101 patients who underwent shoulder MRI due to discomfort of 
shoulder with no abnormality during the same period were randomly 
selected. The inclusion criteria for patients in this study included: (a) 
patients who underwent arthroscopic rotator cuff repair due to rotator 
cuff injury; (b) patients who had shoulder discomfort without significant 
abnormality in MR images; (c) patients operated by an experienced 
surgeon who had been performing shoulder arthroscopy for ten years; 
(d) patients undergoing surgery who received MRI for six to twelve 
months after operation. The exclusion criteria were as follows: (a) pa-
tients with other shoulder diseases; (b) Patients who had not undergone 
MRI in our institution within the allotted time. 

2.2. Image acquisition 

The MR images were performed based on two MR scanners including 
a 1.5 T scanners (SIEMENS MAGNETOM Aera 1.), and a 1.5 T MR 
scanner (MAGNETOM Avanto). Oblique coronal T2-weighted fat sup-
pression of shoulder MRI was used in this study. 

2.3. VOI segmentation and radiomics feature extraction 

The VOI of MR images was interpreted independently by a muscu-
loskeletal radiologist who had worked five years. The status of Re-RCT 
was evaluated by Sugaya typing in Fig. S1. Coronal T2 with fat 

Abbreviations 

MRI Magnetic resonance imaging 
RCT Rotator cuff tear 
MRMR Maximum relevance minimum redundancy 
VOI Volume of interest 
Re-RCT Rotator re-tear after rotator cuff repair 
AUC Area under the receiver operating characteristic curve 
ARCR Arthroscopic rotator cuff repair 
MLR Multiple regression logistic 
SVM Support vector machine 
RF Random forest 
ROC Receiver operating characteristic curve 
CI confidence interval 
AIC Akaike Information Criterion  

Fig. 1. The work flow of this study.  
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suppression was chosen for further assessment. The 3D VOI of supra-
spinatus in the oblique coronal position were independently and 
manually depicted by clinical radiologist using the ITK-SNAP soft-
ware.23 The VOI of humerus and infraspinatus were also depicted for 
101 patients with RCT for further improving the prognosis performance 
of the Re-RCT prediction model. These VOI regions were evaluated by 
another experienced radiologist independently to confirm the stability 
of VOI. To estimate the different results from various MRI machines, the 
pre-processing of the image was applied before the feature extraction 
process. 

After the delineation, we re-sampled the VOI pixels on the MATLAB 
2018b software. All pixels of images were re-sampled to the size of 1 ×
1× 1 mm3 voxel size and the gray level in all images were normalized to 
a scale of 1–64. A total number of 547 features including intensity fea-
tures, texture features, wavelet features and shape features were 
extracted based on MATLAB. 

2.4. Radiomics feature selection 

To decrease the errors of feature values due to different value scales, 
a normalization approach was utilized in this study before feature se-
lection. A two-step feature selection method was applied to picking up 
the optimal radiomics features which had the best capacity for model 
construction. Firstly, the Wilcoxon-test method was used to select the 
significant features that distinguished between patients with RCT or Re- 
RCT. Only the features with p-value<0.05 were retained. Secondly, the 
maximum relevance minimum redundancy (MRMR)24 algorithm was 
applied to assess the relevance and redundancy of each feature. The 
maximum relevance aimed to select the feature that has the highest 
correlation with the muscle status. The choice of minimum redundancy 
ensured that the selected features had minimum redundancy. 

2.5. Radiomics signature building and feature analysis 

To explore the prediction performance of radiomics features in RCT 
diagnosis and treatment, two models were constructed, based on RCT 
signature and postoperative Re-RCT signature, respectively. 

For the development of pre-operative RCT signature, two individu-
ally independent datasets were used to develop optimal classifiers for 
different status of pre-operative RCT. These datasets were separated 
according to diagnostic time. The training dataset involved 70 patients 
with RCT and 70 patients without RCT. The validation dataset contained 
30 patients with RCT and without RCT, respectively. A multiple 
regression logistic (MLR)25 method was used to develop the 
pre-operative RCT model. 

To predict the postoperative Re-RCT status, we developed a prog-
nostic signature among 101 patients with RCT to predict the post-
operative status of patients. Radiomics features extracted from three 
regions including supraspinatus, infraspinatus and humerus were used 
to improve the performance of this signature. Patients with RCT 
included 26 patients with Re-RCT and 75 patients without Re-RCT after 
surgery. Since statistics bias might occur due to imbalance in the dataset, 
we used a data balance method including oversampling, down-
sampling26 and data generation, which was conducted by deleting or 
adding data randomly and reasonably. Firstly, 10 patients with Re-RCT 
and 10 patients without Re-RCT from the origin dataset were randomly 
organized as an independent validation cohort. Then, the retained pa-
tients were subjected to oversampling or undersampling by balance al-
gorithm as a training cohort. A total of 65 patients without Re-RCT were 
undersampled to the amount of 50, and 16 patients with Re-RCT were 
oversampled to the amount of 50. Finally, a total of 100 people was used 
to develop the classifier. Ten-fold random experiments were employed 
to verify the stability of the results. The performance of this model 
developed by single type features and integrated features were also 
explored. 

To obtain the signature with the best performance, we explored the 

other two machine learning algorithms to construct the Re-RCT model 
involving the support vector machine (SVM)27 and random forest 
(RF).28 To consider the potential effectiveness of clinical characteristics 
for each patient, we built a clinical model and a nomogram model which 
combined the radiomics score and clinical factors. The backward search 
method with Akaike Information Criterion (AIC) were used to select the 
optimal clinical features in each test. The model with the lowest AIC 
value were selected as a model to classify patients with Re-RCT and 
without Re-RCT. The clinical features in each model were also recorded. 

2.6. Radiomics model evaluation and feature analysis 

For the pre-operative RCT prediction model, the performance of the 
prediction model was evaluated using area under the receiver operating 
characteristic curve (AUC). The AUC values were also reported with a 
95% confidence interval (CI). The calibration of the prediction models 
was detected by using calibration curves accompanied by the Hosmer- 
Lemeshow (H-L) test. The calibration curves measured the consistency 
between the RCT probability and the actual RCT probability.29 To 
explore the prediction performance of single features, univariate anal-
ysis was conducted and the nomogram was used to visualized the weight 
of selected features in the signature. 

For the post-operative model evaluation, the mean value and vari-
ance of the AUC from the 10 experiments were calculated. We recorded 
the number and frequency of features used in each experiment. The 
higher the frequency of the appeared feature, the higher the importance 
of that feature in model construction. 

2.7. Statistical analysis 

All statistical tests used in this study were executed on MedCalc 
Statistical Software V15.2.2 or R software V3.4.1. Univariate analysis for 
clinical features was implemented by using the Chi-squared test or 
Mann-Whitney U test, as appropriate. A p-value < 0.05 in two-tailed 
analyses was considered to be statistically significant. 

3. Results 

3.1. Patient population 

A patient dataset of 202 patients was used in this study, which 
included 101 patients with the status of normal rotator cuff tissue and 
another 101 patients with RCT. In the RCT dataset, 26 patients were 
diagnosed as Re-RCT after surgery. Non-significant clinical parameters 
were observed between the training cohort and validation cohort in the 
pre-operative data set, which ensured the uniformity of data distribu-
tion. The demographic characteristics of the subgroups classified by 
status of tear are summarized in Table 1. We evaluated whether there 
were statistically significant differences in the clinical parameters be-
tween the Re-RCT and recovery cohort by preoperative MRI (Table 2). 
Goutallier classification showed significant differences between patients 
with Re-RCT and recovery, while other clinical parameters showed non- 
significant differences between the two cohorts. 

Table 1 
The clinical characteristics of all patients.  

Demographic or 
clinicopathologic characteristic 

Training dataset 
(n = 140) 

Validation dataset 
(n = 62) 

p- 
value 

Age   0.629 
Range 19–78 18–79  
Mean ± Std 53.6 ± 12.6 52.6 ± 11.0  

Gender   0.589 
Male 62 30  
Female 78 32   
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3.2. Feature selection and feature evaluation 

To construct the classifier for RCT, a total of 410 radiomics features 
with statistically significant differences between the two groups were 
retained after univariate analysis. The MRMR algorithm was used to 
decrease the redundancy of the feature set and build the optimal subset 
of complementary predictive features. Four highest MRMR-ranked fea-
tures were selected to construct the preoperative RCT signature. Uni-
variate analysis indicated that the GLV_LLL feature showed the best 
performance with an AUC of 0.954 (95%CI, 0.929–0.980). Nomogram 
for radiomics features showed that the GLV_LLL feature occupied the 
highest weight. The univariate analysis and nomogram are shown in 
Fig. 2A and B. 

As for the classifiers of prognosis, Fig. 2C showed the number of 
features from the three regions involved in each experiment. Features 
extracted from the infraspinatus indicated the best performance in 

discriminating the status of Re-RCT. As Fig. 2D showed, we also calcu-
lated the frequency of each radiomics features in all ten-fold experi-
ments. The feature of SZE_HHH from the infraspinatus region had the 
most important weightage in predicting patients of Re-RCT. Wavelet- 
based features made the greatest contribution for model construction 
among all type of features. 

3.3. Performance of the RCT radiomics model 

When the proposed model was utilized in diagnosing the pre- 
operative status of RCT, promising performances were observed in 
both the training and validation cohorts. The signature produced an 
AUC of 0.989 (95%CI:0.954–0.999) in the training cohort and 0.979 
(95% CI:0.906–0.999) in the validation cohort by the MLR algorithm. 
The ROC curves of radiomics signature derived from the two data sets 
are shown in Fig. 3A and B. 

By H-L testing, the training and validation signatures showed non- 
statistical significance with p-value = 0.9999 and p-value = 0.9626, 
respectively. The calibration curve is shown in Fig. S2. The equation of 
the radiomics model is as follows: 

Radioscore= 1.5 + 0.0914 × GLV LLL + 0.0746 × inf 2 h LHH − 0.144

× corrp − 0.1864 × Skewness.

3.4. Performance of the prognosis-RCT radiomics model 

For the prognosis Re-RCT radiomics prediction model, the signature 
obtained from the humerus region features displayed an average AUC of 
0.662 ± 0.054 for the training cohort and 0.600 ± 0.064 for the vali-
dation cohort via ten-fold experiments. For the model developed by 
features derived from the supraspinatus region, better predictive per-
formance was observed than the model based on the humerus region 
features, with an AUC of 0.812 ± 0.050 for the training dataset and 
0.673 ± 0.089 for the validation dataset. The model generated by the 
infraspinatus region features also yielded satisfactory results in 
discriminating patient prognostic outcomes. The training data set yiel-
ded an average AUC of 0.879 ± 0.041, and an average AUC of 0.739 ±
0.069 for the validation dataset. The radiomics model based on multiple 
regions of interest, yielded the best performance amongst all models 
(training data set: 0.923 ± 0.017; validation data set: 0.790 ± 0.082). 
Based on the Student’s t-test, the integrated model showed statistically 

Table 2 
The clinical characteristics of RCT patients in preoperative MRI.  

Demographic or 
clinicopathologic 
characteristic 

Re-RCT dataset 
(n = 26) 

Recovery dataset 
(n = 75) 

p-value 

Age   0.773 
Range 49–78 43–79  
Mean ± Std 61.8 ± 7.7 61.3 ± 7.6  

Gender   0.899 
Male 9 27  
Female 17 48  

Retraction distance (mm)   0.379 
Range 5–42.6 8.3–47.5  
Mean ± Std 21.3 ± 9.1 19.5 ± 9.3  

Anteroposterior tear length 
(mm)   

0.376 

Range 2.2–30.6 3.1–35  
Mean ± Std 10.5 ± 9.1 19.5 ± 9.3  

Goutallier   <0.0001 
Grade 1 10 3  
Grade 2 7 32  
Grade 3 3 36  
Grade 4 6 1  

Patte   0.1660 
Grade 1 13 49  
Grade 2 7 19  
Grade 3 6 7   

Fig. 2. The figure of radiomics feature analysis. (A): AUC and the 95% confidence interval (CI) values of radiomics features which develop the RCT model; (B) the 
radiomics nomogram for the RCT model; (C) the number of features from different regions in Re-RCT model by 10-fold test; (D) the frequency of features used in Re- 
RCT model by 10-fold test. 
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significant improvement from the humerus model (p-value<0.001) and 
supraspinatus model (p-value<0.001), while non-significant differences 
were observed in the infraspinatus model (p-value = 0.12). The boxplot 
of ten-fold experiments AUC value in the three models were plotted in 
Fig. 3C and the detailed AUC values of each experiment are summarized 
in Table S1 and Table S2. 

The model developed by other machine learning algorithms also 
showed favorable results both in the training (SVM:0.901 ± 0.022; RF: 
0.969 ± 0.011) and validation cohorts (SVM:0.776 ± 0.081; RF: 0.734 
± 0.109). While, comparing the validation, the performance of models 
based on the MLR method yielded better results than other methods. The 
performances of the various models based on different machine learning 
algorithms are depicted in Fig. 3D. The model based on clinical factors 
yielded significantly (p-value<0.0001) lower performance (training 
dataset: 0.758 ± 0.063 l validation dataset: 0.675 ± 0.108) than the 
radiomics model. The clinical factors used in each experiment are shown 
in Fig. S2. The combined nomogram model showed a better performance 
in predicting the status of Re-RCT (training dataset: 0.958 ± 0.015; 
validation dataset: 0.812 ± 0.088) than the radiomics model, via inte-
grating both the radiomics score and clinical characteristics. However, 
there was non-significant improvement of the nomogram model versus 
radiomics model (p-value = 0.37). The AUC values of ten-fold experi-
ments for the above models are presented in the boxplot in Fig. 3E. The 
detailed AUC values for each experiment are presented in Table S3. 

4. Discussion 

In this study, we investigated the utility of our radiomics model in 
the diagnosis of RCT and pre-operative prediction of Re-RCT, which was 
a grand new application of radiomics in rotator cuff injuries. A four- 
feature-based radiomics signature was observed to be effective for 
diagnosis of RCT, and thus, demonstrated the capabilities in dis-
tinguishing rotator cuff in MRI. This model could classify patients into 
RCT and non-RCT with an AUC of 0.979 in validation cohort studies, 
which is comparable to the reported performance of experienced radi-
ologists.30 For the prediction model of post-operative re-tear, by ten-fold 
independent experiments, the signature based on three different regions 
of interest achieved a promising performance. Furthermore, upon 
combining with clinical factors, the nomogram model in validation 
achieved a better functioning. 

Radiomics methodologies have been widely applied in the diagnosis 
and prognosis of musculoskeletal tumors. Ritz et al. performed manual 
interpretation and textural analyses on MRI images of 116 cases of 
cartilage tumors to evaluate benign and malignant cartilage tumors.21 

Wu et al. combined CT image radiographic features and clinical pa-
rameters to develop a nomogram for predicting the survival of patients 
with high-grade osteosarcoma, which was superior to the clinical 
model.22 The favorable predictive performance of two models based on 
radiomics features thus demonstrated the applicability of radiomics 
methodology in sports medicine and musculoskeletal diseases. 

Clinicians often empirically evaluate rotator cuff injury by Fatty 

Fig. 3. The ROC curves of the rotator cuff features-based RCT classifier in the training dataset (A) and validation dataset (B). The boxplot of AUC between different 
Re-RCT predictive model. (C): The boxplot of AUC between different Re-RCT predictive model based on various VOI; (D): The boxplot of AUC between different Re- 
RCT predictive model based on various machine learning algorithm; (E): The boxplot of AUC between radiomics model, combined nomogram model and clin-
ical model. 
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infiltration, size of tear and other parameters from MRI when evaluating 
the repairability of the injury.31–33 Occasionally, surgeons need to 
confirm the elasticity and quality of the tendon by pulling the torn 
tendon with a grasper during surgical operations, before deciding the 
method of repair.34 In our study, the proposed radiomics model with 
promising performance could significantly improve the accuracy and 
speed in distinguishing torn tendon from healthy tendon. The accurate 
pre-operative prediction of Re-RCT prognosis is likely to lead to a better 
organized and more appropriate operation plan. For example, per-
forming superior capsular reconstruction, or the transfer of latissimus 
dorsi muscle should be considered for patients with predicted poor 
prognosis from the model, to reduce the occurrence of re-tears and risks 
of a second operation.35,36 

In the optimization process of MRMR methodology for radiomics 
feature selection, wavelet-based features had the highest importance in 
the two prediction models, suggesting the vital role of wavelet-based 
features in the domain of RCT diagnosis and Re-RCT prediction. The 
consistent results have been proven in previous studies on radiomics 
model construction.37 The wavelet transformation splits imaging data 
into different frequency components on the three axes of the rotator cuff 
region, which may further explain the spatial heterogeneity at multiple 
scales within rotator cuff tissue. The GLV_LLL feature showed the best 
performance in classifying the status of RCT, which would have the best 
capacity to analyze the 3D structure of the tear region. 

As for the Re-RCT model, we explored the prediction performance of 
radiomics features from three different rotator cuff regions. We observed 
that features from the infraspinatus yielded the best performance in 
predicting the prognosis status, which indicates that the status of 
prognosis were strongly correlated with the infraspinatus. This result 
was consistent with the study of Kim et al., which demonstrated that 
fatty infiltration of the infraspinatus, rather than of the supraspinatus or 
the subscapularis, led to poor muscle quality, which indicates poor 
prognosis.38 By combing the features extracted from the infraspinatus 
and supraspinatus, the model showed better prediction performance 
which would further explain the correlation of prognosis status with 
rotator cuff spatial arrangement. To further improve the predictive ca-
pacity, some clinical parameters were also incorporated into the model. 
In the statistical analysis of clinical features, anteroposterior tear length 
and Goutallier classification factors were frequently used to construct 
the clinical model. This result confirmed the importance of ante-
roposterior tear length and Goutallier classification factors in predicting 
Re-RCT, despite the relatively poor performance of our clinical model 
compared to previous research.15,39 Furthermore, the method of inte-
grating other clinical parameters provided a feasible way to improve the 
performance of the radiomics model. The combined nomogram with a 
favorable performance provided us a brand-new and efficient diagnostic 
methodology for predicting prognostic status of Re-RCT. 

Nevertheless, our study still had some limitations. Firstly, all patients 
with rotator cuff injury included in this study had surgical indications, 
which made it easier to distinguish the patient with RCT or not. Sec-
ondly, patients with RCT underwent ARCR from one experienced doctor, 
and data from only two MRI machines were included in the study, which 
lacked external verification. Although we conducted a data-balance 
method to correct for the data distribution, the relatively low number 
of only 26 patients with Re-RCT could also bring about some prediction 
error. In the future, we would verify the proposed model at multiple- 
centers with sufficient sample sizes. 

5. Conclusion 

This study developed and validated two models to classify the 
diagnosis of RCT and pre-operative prediction of Re-RCT. The radiomics 
model developed by four radiomics markers from the infraspinatus 
yielded a favorable performance in classifying RCT. The combined Re- 
RCT prognosis model developed using radiomics score and clinical pa-
rameters yielded better prediction accuracy than the clinical model and 

radiomics alone. These newly-developed models could play a vital role 
in RCT diagnosis and Re-RCT prediction, which would guide clinicians 
in making individualized surgical decisions in the future. 
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