
communicationsmedicine Article
A Nature Portfolio journal

https://doi.org/10.1038/s43856-025-01125-w

Update of a prediction model for
postoperative shoulder stiffness after
arthroscopic rotator cuff repair
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Abstract

Background Arthroscopic rotator cuff repair (ARCR) is a common procedure, and
postoperative shoulder stiffness (POSS) is one of its most frequent adverse events,
potentially necessitating individualized therapy.Our objectiveswere to update and internally
validate a model predicting the occurrence of POSS for patients undergoing an ARCR.
MethodsWe prospectively enrolled 973 patients undergoing primary ARCR included in the
ARCR_Pred dataset. A two-round Delphi survey with 53 surgeons established a consensus
definition of POSS within 6 months postoperatively and a ranking of candidate prognostic
factors. Treating surgeons estimated POSS risk immediately after surgery. We externally
validated an existing POSSmodel and developed updated multivariable logistic regression
models using complete-case and multiple imputed datasets.
ResultsWeachieved a high consensus (88%) on the POSSdefinition among 44 responding
shoulder surgeons,whoalso ranked the prognostic relevanceof 71 factors for theprediction
of POSS. The newly developedARCR_Pred-POSS included 7 factors (age, acromiohumeral
distance, symptom duration, baseline external rotation, active baseline abduction, baseline
Oxford Shoulder Score, and surgery duration) and demonstrated superior discrimination
(AUC = 0.735) and calibration (slope = 1.022) compared to the original POSS model
(AUC = 0.581, slope = 0.508). Surgeons tended to overestimate the risk of POSS in their
patients (AUC = 0.563, slope = 1.241).
Conclusions These findings support the continued development of prediction models and
provide valuable outputs for optimizing surgical timing, indications, and personalized
rehabilitation.

Clinical prediction models and their use place patients at the center of the
surgical decision-making process, by providing individualized and
evidence-based estimations of expected outcomes of surgical interventions1.
In orthopedic surgery, patients expect the highest level of safety and effec-
tiveness for their intervention. Relying on probabilities derived from pre-
diction models, surgeons and healthcare can target specific profiles of
patients at high risk of occurrence of adverse events (AE).

In this context, we initiated the ARCR_Pred study, a multicenter
cohort following patients two years after an arthroscopic rotator cuff
repair (ARCR), one of the main elective orthopedic procedures in
Switzerland2. The primary objectives of the ARCR_Pred study were to
develop and validate clinical predictionmodels for key outcomes after an
ARCR, such as the expected individual shoulder function improvement
and/or the occurrence of postoperative shoulder stiffness (POSS).
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Plain language summary

One of the most common shoulder surgeries
is called arthroscopic rotator cuff repair. It
helps many people recover from shoulder
injuries and improves shoulder function.
However, about 1 in 10 patients may
experience shoulder stiffness after the
surgery, which can make recovery more
difficult. This study looked at ways to predict
which patients are more likely to have this
problem. By using data from past patients,
researchers created a tool that helps doctors
identify individuals at higher risk. This tool can
guide decisions about when to perform
surgery, who might benefit most, and how to
personalize recovery plans. The results
showed that theseprediction toolsare reliable
and can help doctors make better clinical
decisions, ultimately leading to improved
outcomes for patients.
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Depending on the definition used, POSS is one of the most frequent AE
and occurs in 5 to 15% of patients within 6months after an ARCR3,4. The
occurrence of an early POSS is often perceived as a negative event by
patients, which limits them in performing daily life activities, leading to
prolonged rehabilitation or, in severe cases, to capsular release5,6. With
the identification of patients at high risk of occurrence of POSS,
recommendations for timing of surgery, surgical indications, and types
of rehabilitation could be drawn based on patient individualized risk,
which ultimately has the potential to maximize surgical outcomes. Yet,
evidence on the specification of a prediction model for POSS after an
ARCR is lacking7,8. A first model version was developed relying on
monocentric data and showed limited predictive ability, possibly due to
misspecifications9. We hypothesized that we could improve model
performance by updating the model using solely baseline and operation
variables.

The objective of the present studywas to update and internally validate
a model predicting the occurrence of POSS for patients undergoing
an ARCR.

Methods
ARCR_Pred study setting
A cohort of 973 primary ARCR patients was prospectively enrolled in 18
Swiss andoneGermanorthopedic clinics between June2020 andNovember
2021 and followed up to 24months postoperatively2. Ethics approval for the
ARCR_Pred study was obtained on April 1st, 2020, from the lead ethics
committee (EKNZ, Basel Switzerland; ID: 2019–02076, trial registration
number NCT04321005). All participants provided informed written con-
sent before enrollment in the study.

At baseline, patient demographics, psychological, socioeconomic, and
clinical factors, rotator cuff integrity, concomitant local findings, operative
details, and postoperative management factors were documented. Patient
clinical examinations at baseline, 6, and 12 months were performed by the
treating surgeon or study staff and included shoulder pain, active and
passive range of motion, and strength (Constant Score). Patient-reported
questionnaires at baseline, 6, 12, and 24 months were applied to determine
functional scores, anxiety, and depression scores, working status, sports
activities, quality of life, perceptionof improvement, and level of satisfaction.
AEs were documented according to a consensus Core Event Set10 and
graded according to their severity11.

Participants follow-ups
Weanalyzed data frombaseline forms and questionnaires, operation forms,
as well as 6-month follow-up forms and questionnaires.

Delphi process for outcome definition and prognostic factors
identification
We invited the 53 shoulder surgeons who performed at least one surgery in
the context of the ARCR_Pred study2 (more details regarding the surgeon-
level characteristics distribution in Supplementary Table 1) to fill out online
questionnaires in the context of a two-round Delphi exercise between
October 2021 and January 2022 (for more details, see Supplementary
Files 1 and 2) to agree on a consensus definition of POSS and a ranking of a
literature-based pre-established list of prognostic factors.

Suggested POSS definition. The level of agreement of participating
surgeons with a consensus definition of POSS, initially developed in the
context of shoulder arthroplasty, was collected12. POSS was defined as a
composite outcome (i.e.,meeting at least one of the following conditions):
1. Any restriction in passive range of motion occurring at least

3 months after the operation, implying a modification in the usual
patient’s care (e.g., physiotherapy, medication, manipulation under
anesthesia), or:

2. A persisting restriction in passive motion in at least two planes at
6 months post-ARCR (flexion, abduction, and external rotation in
zero-degree abduction). The assessment of the restriction in range of

motion has been done separately for each plane: Flexion: total motion
inferior or equal to 90°or glenohumeralmotion (fixed scapula) inferior
or equal to 80°. Abduction: total motion inferior or equal to 80° or
glenohumeral motion (fixed scapula) inferior or equal to 60°. External
rotation in zero-degrees abduction: glenohumeral (fixed scapula)
motion inferior or equal to 20° or inferior to 50% of the contralateral
side value.

Suggestedprognostic factors for ranking. Surgeons were also asked to
rank the prognostic importance of a list of 53 potential prognostic factors
on a five-item Likert scale (1: “Not important” to 5: “Highly important”)
relying on their clinical expertise. Of them, 22 were identified via sys-
tematic literature review13, and 31 were identified via screening of the
ARCR_Pred database by the core project team (TS, LA, CB, and AMM).
Baseline, operation, and six-week variables were assessed for prognostic
value, yet only baseline and operation-related prognostic factors were
considered for the update and development of the present
prediction model.

Surgeon’s estimation of POSS risk after surgery
After performing each surgery, surgeons were asked to estimate the prob-
ability of occurrence of POSS between 0 and 100%.

Data management
Study data were managed using the REDCap Electronic Data Capture
system14 and exported for variable transformation (including score calcu-
lations) using Stata, version 17 (StataCorp LP, College Station, TX, USA).
The statistical analysis was done using R. Additional data management and
analyses steps are described in Supplementary Methods (see Supplemen-
tary Data 1).

Statistical analysis methods
We followed the applicableTRIPOD+AI reporting recommendations (see
Supplementary File 3)15.

Handling of missing data. We performed and reported the whole
analysis using complete case andmultiple imputed data.We assumed the
dataweremissing at randomand generated ten imputed datasets using all
the variables used in the various prediction models to respect the prin-
ciple of congeniality1.

Multivariable regressionmodelling. As in the first version of the model
(then called KWS-POSS)9, we used multivariable logistic regression to
predict POSS occurrencewith two outcome possibilities: yes (“the patient
had aPOSSwithin 6months after the surgery”) or no (“the patient did not
experience a POSS within 6 months after the surgery). Model perfor-
mance was assessed using the following indicators: discrimination
(AUC) and calibration (slope and intercept).

External validation of KWS-POSSmodel . In the first step, we assessed
the KWS-POSS external model performance using the original set of
eight baseline and operation variables with original regression coeffi-
cients: sex, overweight status, preoperative passive abduction, trau-
matic onset, tear severity (based on operation report), any signs of
tendon degeneration, performance of an acromioplasty, and perfor-
mance of a capsulotomy. We also assessed the KWS-POSS model per-
formance after re-estimation of the coefficients on the new
ARCR_Pred data.

Model update and surgeon prediction. In the second step, we devel-
oped and assessed the performance of newmodels to investigate potential
improvement inmodel performance by using newly collected variables in
the context of the ARCR_Pred study. Bootstrap validation using 500
repetitions was used to estimate overfitting. We also reported the pre-
dictive ability of performing surgeons.
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Sample size requirements.We estimated that a seven-parametermodel
wouldminimize overfitting (less than 10%) and ensure precise estimation
of key parameters in the model16. We fixed the number of patients at
N = 973, an outcome prevalence of 10%, and an expected c-statistic of at
least 0.73, relying on previous related findings9.

Model building. Two variable selection procedures leading to seven and
eight-parameter models were compared: “expert” model (the seven
parameters with the highest predictive ability, as reported in the Delphi
survey) and least angle selection and shrinkage operator (“Lasso”)model.
In our case, we used Lasso as a variable selection procedure17. Lasso is a
linear regression method that automatically selects important variables
by shrinking the coefficients of less important ones towards zero. In short,
the aim of the variable selection procedure was to identify the most
important prognostic factors associated with the outcome.We combined
the information from both Expert-model and Lasso-model, and identi-
fied the “combined” model with seven parameters after (1) dropping
variables that contained redundant information, (2) identifying the set of
variables maximizing bootstrap validated performance metrics. A pen-
alty termwas then identified using the rms package, and led to themodel:
“combined (penalized)”18.

Model selection. The apparent and bootstrap-validated performance of
various models (in terms of overall performance, discrimination, inter-
cept, and slope for calibration) was reported and compared. The model
showing the best bootstrap-validated performance was selected and
reported in the next steps.

Clinical usefulness. Clinical usefulness refers to the ability to make
better decisions with the model. Usually, a cut-off is required to
classify the patients as high risk (a change of treatment is indicated)
or low risk (no change of routine treatment is indicated). This cut-off
is then a decision threshold. In our case, the prediction model for
POSS aimed to guide decisions in terms of pre-habilitation and/or
advocate for more intensive and/or early rehabilitation procedures
such as physiotherapy or water therapy. Four experienced surgeons
(AL, AMM, CB, and PM) defined three a priori risk probability
thresholds: 25%, 15%, and 10% based on the knowledge that the
overall risk of POSS is around 10%.

At these three risk probability thresholds, clinical usefulness of the final
prediction model was estimated by reporting the sensitivity (defined as the
proportion of true positive classifications among patients with the out-
come), the specificity (defined as the proportion of true negative classifi-
cations among patients without the outcome)1.

Model presentation. The final model was reported in a user-friendly
web-based application describing the risk of occurrence of POSS for a
new patient undergoing an ARCR. The predicted probability was high-
lighted in green if the predicted probability was below the risk probability
threshold of 10%, orange between 10 and 25%, and red above 25%.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Of the 973 patients included in the ARCR_Pred study, eight patients had
data collected outside of the expected follow-up ranges. After deletion of
these data, 85% of the included patients (N = 833) had complete data at the
6-month follow-up.

Delphi survey results
Thirty-nine of 44 responding surgeons (88%) agreed with the suggested
POSS definition. Three respondents (7%) independently suggested shifting
the first outcome condition time point from 3 to 6 months. The prognostic

value of 71 potential factors was assessed, 28% of whichwere considered for
inclusion in the first KWS-POSS version of our prediction model. After
reviewing the response from other surgeons, 31 surgeons (70%) decided to
revise their own ratings.

Outcome
Using the definition suggested by surgeons in the Delphi survey, 111
patients (13%) suffered fromPOSS, with 67 patients (60%)meeting the first
condition (occurrence of symptomatic stiff shoulder leading to a mod-
ification in the routine treatment between 3- and 6-month), and 63 patients
(56%) meeting the second outcome condition (persisting restrictions in
range of motion at 6-month).

Prognostic factors
In the present analysis, 41 baseline, composed of 30 patient-related and
11 diagnostic-related variables, and twelve operation variables were
identified in theDelphi process and individually described. Distribution,
percentage of missing values, prognostic value for the prediction of the
outcome (using theDelphi results), and univariable associationswith the
outcome were reported (see Supplementary Data 2 and Supplementary
Tables 2 and 3).

External model validation
Using the original regression coefficients, the model KWS-POSS showed
poor discrimination (AUC= 0.581) and calibration indicators (Inter-
cept =−1.269 and Slope = 0.508). After re-estimation of the coefficients on
the ARCR_Pred data, the model improved in terms of apparent dis-
crimination (AUC= 0.637), but performance dropped after bootstrap
validation (AUC = 0.587, Intercept =−0.564, Slope = 0.686). Surgeons
overestimated the risks of POSS for their own patients (Slope = 1.241) and
showed no discriminative ability (AUC = 0.563) (Table 1).

Model development, specification, and performance
Performance metrics are available for each model (Table 1). The “expert”
model was defined using the seven-parameters with the highest mean
prognostic value rating: baseline shoulder stiffness, diabetes status, baseline
Oxford Shoulder Score, baseline level of depression and anxiety, perfor-
mance of a capsulotomy, symptom duration, and tear etiology. The Lasso
procedure excluded tear etiology from that model. The “Lasso” procedure
selected the 8 following parameters: acromiohumeral distance, age at sur-
gery, baseline Oxford Shoulder Score, number of anchors used during the
surgery, surgery duration, baseline active abduction (from the affected side),
baseline passive abduction (glenohumeral—fixed scapula from the con-
tralateral side), baseline external rotation at 0° abduction (glenohumeral
passive - fixed scapula - affected side). The “combined”model was defined
using the following seven parameters: baseline external rotation (affected
side), baseline active abduction (affected side), baseline Oxford Shoulder
Score, symptom duration, age at surgery, acromiohumeral distance, and
operation duration. After penalization, the combined ARCR_Pred model
was similar in terms of model performance on complete-case and multiple
imputed data and had limited overfitting (Table 2).

Clinical usefulness
The combined ARCR_Pred-POSS model showed positive net benefit over
the “treat all” and “treat none” strategies for the whole range of predicted
probabilities (Fig. 1), even after bootstrap validation, while the surgeon
prediction was similar to a “treat all” strategy. The sensitivity of the pre-
diction model increased (31, 57, and 85%) with a decrease in the risk
probability threshold (25, 15, and10%), and the specificity decreased (91, 73,
and 52%, respectively) (Table 3).

Model presentation
The model is presented in Table 4 and was embedded into a web-based
responsive app, highlighting the predicted probability of occurrence of POSS
(https://arcrpred.shinyapps.io/ARCR_Pred-POSS-Logistic-Model/).
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Discussion
Based on a consensus definition of postoperative shoulder stiffness (POSS)
and a ranking of key prognostic factors, we developed a prediction model,
ARCR_Pred-POSS, which outperformed surgeons and an already existing
model in predicting the risk of POSS within 6 months after an ARCR. Our
model, incorporating seven baseline and operative variables, showed good
discrimination and calibration, and was made accessible through a user-
friendly app for educational and presentation purposes.

The rationale for the development of new prediction models was the
lack of discriminative ability of the KWS-POSS9 model on the ARCR_Pred
data (AUC= 0.58). Surgeons overestimated the risk of POSS for their own
patients (slope = 1.24). Surgeons had almost no discriminative ability in
predicting POSS (AUC = 0.56). The final model ARCR_Pred-POSS was
composedof sevenbaseline andoperationvariables, showing relatively good
performance on both complete-case (AUC= 0.735) and multiple imputed
datasets (AUC= 0.724), also after bootstrap validation (AUC= 0.718 and
AUC= 0.709, respectively). These metrics indicate small overfitting and
good potential for prediction accuracy in new patients. A penalty term
improved the calibration of the model.

The identification of factors specifying the prediction model has
important clinical implications. For instance, a reduced acromio-
humeral distance may indicate larger degenerative tears19–21, suggesting

the need for more complex reconstruction methods beyond ARCR.
Non-modifiable factors, such as age, should be considered when aiming
to prevent the occurrence of postoperative shoulder stiffness (POSS).
This finding is in line with the results of two studies included in our
recent review, synthesizing the evidence related to prognostic factors for
POSS4. Repairs of smaller, partial, and traumatic tears—which occur
more frequently in younger patients—have been shown to be associated
with higher rates of POSS in previous studies22. High incidence of pre-
operative rotator interval fibrosis observed in partial tears might partly
explain this puzzling association23. Additionally, younger patients are
more often affected by traumatic lesions, which are associated with early
intramuscular edema formation. Recent experimental studies have
demonstrated that this trauma-related edema leads to muscle fiber
disruption and progressive interstitial fibrosis, which may also con-
tribute to the higher rates of postoperative shoulder stiffness observed in
this population24. Partially modifiable factors, including surgery dura-
tion, symptom duration, and baseline functional scores, can potentially
be optimized to improve outcomes. While surgery should ideally be
scheduled early when clearly indicated, the optimal timing for surgery
remains uncertain and must balance the benefits of prehabilitation to
maximize preoperative functional scores. Interestingly, the number of
anchors used and surgery duration emerged as a factor associated with

Table 2 | Summary of ARCR_Pred-POSS model performance metrics

Complete case Multiple imputation

Aspect Measure Apparent (N = 833) Bootstrap validation (B = 500) Apparent (M = 10) Bootstrap validation (B = 50)

Overall performance R2 13% 12% 12% 11%

Discrimination AUC 0.735 0.718 0.718 0.702

Calibration Intercept .. 0.035 .. 0.012

Slope .. 1.02 .. 1.02

AUC area under the receiver operating characteristics curve.
This table shows the apparent and bootstrap-validated model performance metrics of the ARCR_Pred-POSS combinedmodel after application of a penalty term. A sensitivity analysis was conducted to
compare performance metrics on multiple imputed data. N represents the number of patients in the complete case analysis. B represents the number of bootstraps.M represents the number of imputed
datasets.

Table 1 | Model performance comparison

Apparent Bootstrap validationc

Model Discrimination Intercept Slope Discrimination Intercept Slope

Model KWS-POSS (original) 0.582 −1.269 0.508 . . .

Model KWS-POSS (recalibrated) 0.637 0 1 0.587 −0.565 0.685

Model KWS-POSS (recalibrated) | Multiple imputationa 0.623 0 1 0.576 −0.592 0.674

Surgeon prediction after surgery 0.563 −2.239 1.241 . . .

Model ARCR_Pred – Expert 0.669 0 1 0.648 −0.212 0.878

Model ARCR_Pred - Expert | Multiple imputationa 0.661 0 1 0.64 −0.201 0.882

Model ARCR_Pred – LASSO 0.733 0 1 0.711 −0.178 0.892

Model ARCR_Pred - LASSO | Multiple imputationa 0.661 0 1 0.64 −0.201 0.882

Model ARCR_Pred - Expert (reduced via LASSO) 0.67 0 1 0.654 −0.162 0.906

Model ARCR_Pred - Expert (reduced via LASSO) | Multiple
imputationa

0.662 0 1 0.647 −0.155 0.91

Model ARCR_Pred – Combined 0.735 0 1 0.716 −0.161 0.906

Model ARCR_Pred - Combined | Multiple imputationa 0.722 0 1 0.707 −0.125 0.927

Model ARCR_Pred - Combined (penalized) 0.735 0 1 0.718 0.035 1.022

Model ARCR_Pred - Combined (penalized)b | Multiple
imputationa

0.724 0 1 0.709 0.032 1.022

aMultiple imputation was performed using 10 datasets, reported model performance is the average performance across the 10 multiple imputed datasets.
bThe optimal penalty term was identified on each multiple imputed dataset and was averaged.
cBootstrap validation was performed only for newly developed prediction models using B = 500 repetitions for complete-case data, and B = 50 repetitions for multiple imputed data (hence leading to 50
repetitions * 10 datasets = 500 repetitions).
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worse outcome using our Lasso selection procedure. This finding is also
supported by another study for repair integrity outcome25. Surgery
duration is likely a proxy variable reflecting its association with other
factors that influence the occurrence of POSS.

Our findings support a transparent and evidence-based treatment
decision-making process, where individualized expected outcomes can be
shared with patients. We defined three risk probability groups (0–10%: low
risk, 10–25%: moderate risk, and 25–100%: high risk). For example, mod-
erate and high-risk patients could be suggested alternative and preventive
rehabilitation protocols, such as balneotherapy, recently shown to facilitate
the early post-operative range of motion recovery26.

These risk probability thresholds were not unanimously agreed upon
by all clinicians involved in the project. They should therefore be considered
illustrative at this stage. Their relevance and applicability will be further
assessed and validated once the prediction models are implemented in
clinical practice.

A user-friendly, responsive web-based app was created for educational
and demonstrative purposes and is publicly available.

While the identification of prediction models improving surgical
decision-making is a topic of rising interest in orthopedics27, these
should be implemented in clinical practice to drive effective changes for

0.00

0.05

0.10

0% 10% 20% 30% 40%
Threshold Probability

N
et

 B
en

ef
it

Treat All

Treat None

ARCR_Pred − Combined Prediction Model (Penalized) (bootstrap validation)

ARCR_Pred − Combined Prediction Model (Penalized)

Surgeon prediction

Fig. 1 | Clinical usefulness of the ARCR_Pred-POSS model. Note. This figure
shows the clinical usefulness of the ARCR_Pred-POSS model before (in green) and
after bootstrap validation (in blue) in comparison to the surgeon prediction (in pink)

and to the “treat all” (in red) and “treat none” (in dark green) strategies, over a range
of risk probability thresholds (0 to 40%). The ARCR_Pred-POSS model showed
superiority for clinical usefulness at various risk probability thresholds.

Table 3 | Sensitivity and specificity of the ARCR_Pred-POSS
prediction model at various risk probability thresholds

Risk
probability
threshold

ARCR_Pred-
POSS model

POSS No
POSS

Total Sensitivity/
Specificity

25% Predicted + 34 64 98 31% / 91%

Predicted − 77 658 735

15% Predicted + 63 195 258 57% / 73%

Predicted − 48 527 575

10% Predicted + 94 349 443 85% / 52%

Predicted − 17 373 390

Total 111 722 833

This table shows the predictive performance of the ARCR_Pred-POSS model across different risk
probability thresholds. For each threshold (25%, 15%, and 10%), the table shows the number of
events andnon-events correctly predicted by themodel. As the threshold decreases, the number of
predicted events increases while the number of predicted non-events decreases, reflecting the
trade-off between sensitivity and specificity in the model’s predictions.
POSS post-operative shoulder stiffness, Predicted+ The model predicted an event for the given
patient, Predicted− The model predicted a non-event for the given patient.
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patients. Such an app would profit after certification from a direct
integration within an electronic health record system, hence supporting
the decision-making on a day-to-day basis. Moreover, recent research
highlighted the existence of models that could be continuously updated
using Bayesian dynamic modelling28. The efficacy of clinical prediction
model tools should be assessed using a randomized controlled trial.
Recent research in the field of arthroplasty showed that the use of arti-
ficial intelligence-enabled decision aid tools ultimately improved patient
satisfaction with regards to decision quality and level of shared decision
making29,30. These findings were also supported by the results of a recent
review reporting that healthcare professionals and patients perceptions
in North America were mostly positive towards the utilization of arti-
ficial intelligence-enabled risk prediction models31. Yet, review authors
reminded that transparency and healthcare and patients preferences
should be considered, a statement supported by European researchers in
the field of outcome prediction in surgery32,33. Further research on the
implementation and efficacy of clinical prediction models’ tools is
needed.

The ARCR_Pred-POSS model was developed and validated using
multicenter data from 19 Swiss and German orthopedic clinics, with a
case-mix in baseline scores severity, and in patient profiles2. While we
assessed the selection bias of the ARCR_Pred study elsewhere34,
ARCR_Pred study patients were recruited and operated during the
COVID-19 pandemic. This specific patient selection might limit the
external validity of the ARCR_Pred-POSS model, which would remain
to be assessed in an external cohort. Additionally, participants from the
same study center are likely to have been subject to similar healthcare
processes, and in our case, surgical techniques, leading to correlations
between observations within centers and “clustering”. The ARCR_Pred-
POSS model performance at a cluster level remains to be assessed.
Indeed, prediction model performance usually varies across clusters.
Research guidance already exists in this area35. In the field of ARCR,
analysis of performance of prediction models at a study center level was,
to the best of our knowledge, not yet performed.

In the present study, we used a logistic regression model on a limited
sample size. Recent studies using artificial intelligence models for the pre-
diction of occurrence of AEs following an ARCR showed better model
performance36. However, in the medical literature, the relative contribution
of artificial intelligence models in comparison to regression models for

outcomeprediction tasks remains controversial37.More research identifying
optimal prediction models for outcome prediction in surgical patients is
needed. Of note, the variables suggested in the Delphi survey for the
assessment of prognostic relevance were identified using the findings of our
systematic review4. While seeking the surgeons’ expertise for the initial
variable selection was essential, the perspectives of patients and rehabilita-
tion professionals were not considered at that stage. Doing so may have
resulted in a different variable selection for the prediction model. In addi-
tion, thefinalmodel relied on shoulder surgeon expert knowledge andLasso
variable selection procedure only. The Lasso, while effective for variable
selection,may exclude variables with small but potentially clinically relevant
associations17, hence leaving room for further methodological comparison
across modern variable selection procedures, such as Bayesian predictive
projection38.

Conclusions
This study established a consensual approach among orthopedic surgeons
for the development of a prediction model for POSS within 6 months fol-
lowing an ARCR. The developed model, consisting of six baseline para-
meters and surgery duration, demonstrates superior performance in
comparison to existing models. Furthermore, our data demonstrated that
the treatingorthopedic surgeons areunable topredict the riskofPOSS.With
consensually defined risk probability groups and a user-friendly web app
interface, clinicians, healthcare, and patients are thought to make informed
decisions based on evidence. Yet, benefits of the use of such prediction
models on concrete patient outcomes remain an important area of research
for orthopedic patients.

Data availability
Following a period of embargo of at least two years after the end of the study
in September 2024, metadata describing the type, size, and content of the
dataset will be published along with the study protocol on the open repo-
sitory Zenodo (https://zenodo.org/). Researchers wishing to access the full
dataset will be able to file a request with the Data Access Committee of the
Medical Faculty of the University of Basel (MF-DAC – email: med-
dac@unibas.ch). The MF-DAC will act as an independent assessor of the
request and grant access to the dataset if all ethical, legal, and scientific
conditions are met.

Code availability
The statistical code produced to obtain the resultswas uploaded toZenodo39,
and will be made available upon request.
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