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ABSTRACT
Introduction Shoulder instability is a common injury, 
with a reported incidence of 23.9 per 100 000 person- 
years. There is still an ongoing debate on the most 
effective treatment strategy. Non- operative treatment 
has recurrence rates of up to 60%, whereas operative 
treatments such as the Bankart repair and bone block 
procedures show lower recurrence rates (16% and 2%, 
respectively) but higher complication rates (<2% and 
up to 30%, respectively). Methods to determine risk of 
recurrence have been developed; however, patient- specific 
decision- making tools are still lacking. Artificial intelligence 
and machine learning algorithms use self- learning 
complex models that can be used to make patient- specific 
decision- making tools. The aim of the current study is to 
develop and train a machine learning algorithm to create 
a prediction model to be used in clinical practice—as 
an online prediction tool—to estimate recurrence rates 
following a Bankart repair.
Methods and analysis This is a multicentre retrospective 
cohort study. Patients with traumatic anterior shoulder 
dislocations that were treated with an arthroscopic Bankart 
repair without remplissage will be included. This study 
includes two parts. Part 1, collecting all potential factors 
influencing the recurrence rate following an arthroscopic 
Bankart repair in patients using multicentre data, aiming 
to include data from >1000 patients worldwide. Part 2, 
the multicentre data will be re- evaluated (and where 
applicable complemented) using machine learning 
algorithms to predict outcomes. Recurrence will be the 
primary outcome measure.
Ethics and dissemination For safe multicentre data 
exchange and analysis, our Machine Learning Consortium 
adhered to the WHO regulation ‘Policy on Use and Sharing 
of Data Collected by WHO in Member States Outside the 
Context of Public Health Emergencies’. The study results 
will be disseminated through publication in a peer- 
reviewed journal. No Institutional Review Board is required 
for this study.

INTRODUCTION
Anterior shoulder dislocation is a common 
injury, with a reported incidence of 23.9 per 
100 000 person- years.1 Shoulder dislocations 
limit patients in their daily routine and partic-
ipation in sports, cause irreversible damage 
to the shoulder joint and are associated with 
high costs.2 3 There is an ongoing debate 
on the most effective treatment strategy to 
prevent recurrence. Non- operative treatment 
of first- time dislocations has recurrence rates 
of up to 60%, whereas operative treatment 
such as the arthroscopic labrum repair and 
bone block procedures have lower recurrence 
rates (16% and 2%, respectively).4 5 However, 
the complication rates for bone block proce-
dures compared with arthroscopic labrum 
repair (up to 30% and <2%, respectively) 
are higher and therefore preoperative 

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ Data will be obtained from global databases of all au-
thors included in the Machine Learning Consortium, 
aiming to include data from over 1000 patients.

 ⇒ Retrospective studies are less suitable to train ma-
chine learning algorithms than prospective studies 
due to missing data through incomplete record 
keeping and possible confounding factors.

 ⇒ Studies with different designs will be included. By 
combining data gathered by different studies to cre-
ate one database, definitions may differ and, there-
fore, make it impossible to pool some of the data.

 ⇒ Due to the collection of individual patient data by 
previously published studies, variation in definitions 
may cause a significant source of bias.
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counselling with determination of the most suitable treat-
ment is important in avoiding unnecessary risk of compli-
cations.6 7 Methods to determine risk of recurrence have 
been developed, including the instability severity index 
score (ISIS), glenoid morphology (ie, concavity, version, 
inclination), an off- track Hill- Sachs lesion and transla-
tion of the humeral head.8–12 However, a patient- specific 
decision- making tool is still lacking.

The self- learning complex models used by artificial 
intelligence (AI) and machine learning (ML) algorithms 
express high levels of intelligence without human error 
and are therefore highly suitable to be used for interpre-
tation of images, pathology slides and patient- specific 
decision- making tools.13–17 Hendrickx and colleagues 
recently developed a prediction model based on ML 
algorithms to estimate acute and late complications after 
intramedullary nailing of a tibial shaft fracture.16 In other 
words, the authors were able to use the computationally 
intensive methods of ML, to go from the ‘traditionally’ 
reported overall complication rate of a cohort to calcu-
late the probability of a specific patient complication rate. 
This study resulted in an online prediction tool.

Aim and objectives
The aim of the current study is to develop and train a 
ML algorithm to create a prediction model to be used 
in clinical practice—as an online prediction tool—to 
estimate recurrence rates following a Bankart repair. No 
studies have yet been published applying ML algorithms 
to systematically reviewed/collected data in this field.

METHODS AND ANALYSIS
Study design
This multicentre retrospective cohort study includes two 
parts.

Part 1 — Collecting data
Part 1 involves collecting individual patient data of 
published studies that evaluated potential factors predis-
posing recurrence following an arthroscopic Bankart 
repair without remplissage. The authors of these studies 
will be contacted by email and will be included in the 
Machine Learning Consortium when they provide the 
original patient data of their cohort. Through this process, 
we aim to combine the individual patient data from the 
published studies and create an international cohort of 
over 1000 patients. The current study will use the collected 
patient data to create a ML algorithm that can estimate 
the probability of recurrence for an individual patient. 
To make a reliable algorithm, it is estimated that the data 
should include at least 100 recurrences. With a recurrence 
rate of 12% following arthroscopic Bankart repairs, it was 
estimated that a minimum of 1000 patients would be suffi-
cient.18 To identify relevant studies, a systematic approach 
was used searching PubMed, Embase/Ovid, Cochrane 
Database of Systematic Reviews/Wiley, Cochrane Central 
Register of Controlled Trials/Wiley, CINAHL/Ebsco and 

Web of Science/Clarivate according to the search terms 
used in Verweij et al (see online supplemental appendix 1 
for the search strategy) from inception up to July 2021.19 
The systematic review by Verweij et al is completed and 
submitted for publication separately. All studies reporting 
on risk factors for recurrence following Bankart repairs 
were included. Studies published in languages other 
than English, Dutch and French were excluded. The 
inclusion criteria are patients treated with arthroscopic 
Bankart repair without remplissage for traumatic anterior 
shoulder instability with a minimum of 2- year follow- up. 
Shoulder instability is defined as either a complete 
dislocation or subluxation.20 Exclusion criteria include 
patients who underwent previous stabilisation procedures 
or other surgical procedures to the ipsilateral shoulder 
than arthroscopic Bankart repair and patients with poste-
rior, multidirectional or voluntary habitual instability.

Part 2 — Machine learning
Part 2, the multicentre data will be re- evaluated (and 
where applicable complemented) using ML algorithms to 
predict outcomes. The statistician who performs the ML 
analysis will be blinded to the origin of the data.

Training data and test data
Eighty percent (80%) of all (>1000) patients included 
in the Machine Learning Consortium Database will be 
randomly allocated to the training data set and 20% to 
the test data set.

Output variables
Each ML algorithm will be trained to recognise patterns 
related to recurrence rates.

Input variables
For the primary outcome, a Random- Forest algorithm will 
be used to identify the variables with the highest predic-
tive value from all available data points in the Machine 
Learning Consortium Database. The data points available 
include demographics (age, sex and ethnicity aiming to 
include >1000 patients with balanced demographics), 
patient- specific factors (eg, preoperative Body Mass 
Index, comorbidity, dominance), disease- specific factors 
(eg, affected side, number of preoperative dislocations, 
associated lesions) and surgical characteristics (eg, time 
from injury to surgery, surgeon level) (see online supple-
mental appendix 2 for the complete list of factors that will 
be collected from the electronic medical records).

Algorithms to be trained
It is not possible to know what ML algorithm will be most 
suitable to calculate recurrence following an arthroscopic 
Bankart repair.21 However, based on previous studies, the 
following algorithms will be tested as prediction models 
for recurrence rates: Decision Tree Models; Support 
Vector Machine; Neural Network; Bayes Point Machine; 
Logistic Regression.16 22–27
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Training and testing of the algorithms
For each ML algorithm, 10- fold cross- validation will be 
repeated three times on the training data set (80%), to 
train the algorithms in recognising patterns related to 
recurrence following an arthroscopic Bankart repair, 
and to subsequently assess their predictive performance 
based on the following performance characteristics: area 
under the receiver operating characteristic (ROC) curve, 
calibration (calibration slope, calibration intercept) and 
Brier score will be calculated.28 The model’s predicted 
probability is plotted against the actual observed proba-
bility to calculate calibration of a model. Perfect models 
will have calibration intercepts of 0, and calibration slopes 
of 1.29 The overall performance of the model will be 
assessed with the Brier score. A perfect Brier score, indi-
cating total accuracy, is a score of 0. The lowest possible 
score is a Brier score of 1.28 The remaining 20% of the 
data will be used as a test set to assess the performance 
of the best performing ML algorithms based on ‘unseen’ 
data. The technical appendix, statistical code and data set 
will be published.

External validation of the best-performing algorithm
Before incorporation into an online open access decision- 
making tool, the best- performing algorithm will be externally 
validated in a prospective database. The same performance 
metrics will be calculated as described above.

Open-access clinical prediction tool
An open- access clinical prediction tool will be developed 
using the best performing algorithm.

Patients and public involvement
Patients and the public were not involved in the making 
of this protocol.

Current status
Currently, the study is at the finishing stage of collection data 
from global databases. Re- evaluation of the data using ML 
algorithms to predict outcomes will start in March 2022. The 
expected time of completion is by the end of 2022.

ETHICS AND DISSEMINATION
For safe multicentre data exchange and analysis, our 
Machine Learning Consortium adhered to the WHO 
regulation ‘Policy on Use and Sharing of Data Collected 
by WHO in Member States Outside the Context of Public 
Health Emergencies’.30 The study results will be dissemi-
nated through publication in a peer- reviewed journal. No 
Institutional Review Board is required for this study.

DISCUSSION
Operative treatment significantly reduces the risk of 
recurrent shoulder instability compared with non- 
operative treatment.31 Patients with first- time dislocations 
who receive operative treatment are most often treated 
with labrum repair.31 Risk factors associated with failure 

of an arthroscopic Bankart repair include young age 
(≤30 years), participation in competitive sports, multiple 
preoperative dislocations, >6 months surgical delay from 
first- time dislocation to surgery, ISIS >3 and associated 
lesions (Hill- Sachs, glenoid bone loss and anterior labrum 
periosteal sleeve avulsion (ALPSA) lesions.19 It is impos-
sible to take all these risk factors into account and make 
an objective decision on what treatment is most suitable. 
Several prediction tools have been developed to help 
counselling patients; however, these tools only provide 
an indicative overall score and are not patient specific.8–12 
AI and ML algorithms have shown potential to make 
a patient- specific decision tool.16 Creating an online 
prediction tool for recurrence following an arthroscopic 
Bankart repair can help guide surgeons in selecting 
patients who benefit from this procedure. Patients with 
first- time anterior shoulder dislocations receive proper 
evidence- based information only in 29% of the cases.32 
An online prediction tool might elevate these numbers 
and makes it possible for shared decision- making based 
on objective measures.

The strength of this study is the great amount of 
data that will be gathered. Data will be obtained from 
global databases of all authors included in the Machine 
Learning Consortium, aiming to include data of >1000 
patients. This study does have the limitation of being 
retrospective and therefore the study is dependent on the 
recordkeeping of each individual hospital. This may lead 
to a variance in listed variables per database, resulting in 
missing data. In addition, blinding of participants and 
personnel may have been addressed differently in every 
institute. Moreover, only risk factors that were identified 
in the literature were included.
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