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Background: The application of artificial intelligence (AI) is growing rapidly in many fields, and the
medical field is no exception. The amount of information we collect before, during, and after surgery is
growing exponentially, making the opportunity for AI applications to be integrated into our daily practice
more and more apparent.
Methods: A literature search was conducted in January 2024 using PubMed (MEDLINE), SCOPUS, and
EMBASE databases. A critical analysis of the relevant literature on AI technology in shoulder arthroplasty
was conducted.
Results: In the field of shoulder arthroplasty, recent literature reports the predictive value of AI models
in predicting length of hospital stay and health-care costs, predicting clinical outcomes and complica-
tions, and identifying implants. By leveraging machine learning before, during, and after surgery, sur-
geons can make clinical decisions, predict possible problems, estimate resources needed and clinical
outcomes, and ultimately personalize care for each patient.
Conclusion: AI technology is becoming more and more advanced, especially in the medical field. By
leveraging machine learning before, during, and after surgery, surgeons can make clinical decisions,
predict possible problems, estimate resources needed and clinical outcomes, and ultimately personalize
treatment for each patient. Because this technology is still in its infancy, there are several limitations to
bringing it into the real-world clinical setting. However, it is advancing at a rapid pace, and therefore as a
shoulder surgeon, you need to understand and be interested in AI technology.

© 2024 The Authors. Published by Elsevier Inc. on behalf of American Shoulder and Elbow Surgeons.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).
The use of artificial intelligence (AI) is growing rapidly in many
industries, and health care is not an exception. AI is a term created
by John McCarthy, who theorized the replication of human intel-
ligence through computers.14 The modern definition of AI is the use
of complex algorithms to solve problems without human
cognition.15,35

Once the stuff of science fiction movies, AI technology has
become commonplace in everyday life, and many people would be
surprised to learnhowcommon it is in ourdaily lives. Fromtheuseof
AI-powered “Google Search” features that predicted search patterns
and preempted active searches 25 years ago, to social media
advertisement (Facebook, Instagram), online purchase recommen-
dation (Amazon), video streaming recommendations (Netflix), and
d for this narrative review.
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self-driving automobile (Tesla), AI technology is becoming an inte-
gral part of modern society. According to Gallup survey, 85% of
Americans report using at least one AI-related product or service.9

While still in its infancy, the application of AI to orthopedics is
an inevitable trend. While orthopedic surgeons have long been
proud of their clinical skills and knowledge based on experience,
we can no longer ignore the advances in technology that are
occurring around the world. As the amount of information we
collect before, during, and after surgery grows exponentially, there
are more and more opportunities to integrate AI applications into
our daily work. In addition, the need for AI technology is becoming
more critical as innovative technologies such as navigation
guides,16 robotic-assisted surgery21 and augmented reality
guides22,39 are being developed.

The purpose of this review article is to provide the clinical or-
thopedic surgeon with a definition and basic understanding of AI,
and to describe its use in orthopedic surgery, especially in the field of
reverse total shoulder arthroplasty. This review also explores the
limitations of current AI technologies and discusses future directions.
r and Elbow Surgeons. This is an open access article under the CC BY-NC-ND license
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Figure 1 Comprehensive overview of artificial intelligence (AI) and its subfields.
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What is artificial intelligence?

AI can be thought of as an umbrella term that encompasses a
variety of subfields, including machine learning (ML), which in-
cludes a subfield called deep learning (DL).35 (Fig.1). AI refers to any
technology that enables machines to perform tasks in a human-like
manner. This includes tasks like planning, language understanding,
pattern recognition, learning, and problem solving. The most
important characteristic of AI is that it constantly changes its al-
gorithms as it learns from its mistakes, which is similar to how
humans learn.

Machine learning

ML was introduced shortly after AI as a way to achieve AI.35 ML
is an algorithm designed to help computers learn from data and
improve their performance at specific tasks over time without
being explicitly programmed. ML models are built using inputted
features (data), which are divided into 2 separate groups: a training
set, which is used to build the mathematical model, and a testing
set, which is used to assess the model’s performance. In ML,
“learning” is done by tuning hyperparameters, such as the learning
rate or choice of optimizer, which specifies details of the learning
process, to optimize the model's performance.32,41

Traditional statistics and ML represent distinct paradigms in
data analysis.27 Traditional statistics focuses on inferring popula-
tion parameters from samples through probability-based methods,
making assumptions about data distribution and emphasizing hy-
potheses testing. In contrast, ML builds algorithms to predict out-
comes without explicit programming, with less concern for strict
data distribution assumptions. Traditional statistics relies on
theoretical model specification, exploring relationships and
providing interpretable results. ML prioritizes prediction accuracy,
sacrificing interpretability, and is often more robust to noise.
Traditional statistics can work with any reasonable set, while ML
requires big data (Table I).

The ML training process can either be supervised or unsuper-
vised.8 In supervised learning, an algorithm is trained on a set of
labeled data, and each example of the training data is paired with a
989
corresponding output or target variable.7 The algorithm learns the
relationship between the input features and the target variable
during the training process. For example, if an ML algorithm is
tasked with predicting scapular notching after reverse total
shoulder arthroplasty, dataset including input features (i.e., pre-
operative range of motions, patient reported outcome measures,
comorbidities, demographics, radiologic measurements etc.) and
output labels (whether this patient has scapular notching or not) is
required. With supervised ML, inaccurate labeling of data can lead
to bias and error.

In contrast, in unsupervised learning, the algorithm is given data
without explicit labels or target variables.1,23 The system must look
for patterns, relationships, or structures within the data without
any guidance on the output. The algorithm tries to find clustering or
self-organization of the given data in a way that can give rise to so-
called black box phenomena. The black box phenomenon occurs
when an algorithm detects potentially anomalous patterns that are
incomprehensible to human logic, making the results of a model's
retrospective performance evaluation difficult for humans to
understand.

Deep learning and neural networks

DL is a more sophisticated form of ML. DL can perform unsu-
pervised learning on unstructured and unlabeled inputs and filter
input data from variables that are less relevant to the prediction of
interest. DL focuses on using artificial neural networks (ANNs),
which are computational models inspired by the structure and
function of the human brain. It consists of interconnected nodes,
called neurons, organized in layers. Each connection between
neurons has an associated weight, and each neuron applies an
activation function to theweighted sum of its inputs.15 The depth of
the network allows it to learn complex features and patterns,
making DL particularly effective for tasks such as image and speech
recognition, natural language processing, and more. Popular DL
architectures include Convolutional Neural Networks for image-
related tasks and Recurrent Neural Networks for sequence data.

AI in shoulder arthroplasty: where are we now?

While AI in orthopedics is still considered a new field, its
application is growing inmany areas (Fig. 2). The vast accumulation
of patient data, patients' increasing expectations of postoperative
outcomes, and surgeons' desire to improve postoperative outcomes
have created many opportunities to leverage AI. In the field of
shoulder arthroplasty in particular, recent literature reports the
predictive value of AI models in predicting length of hospital stay
(LOS) and health-care costs, predicting clinical outcomes and
complications, and identifying implants (Table II).

Length of hospital stay (LOS) and health-care cost prediction

Using AI to predict postoperative LOS and health-care costs for
patients undergoing shoulder arthroplasty can help optimize
value-based care and develop patient-specific pricing for govern-
ments and insurance companies.3,13,19,30 Accurately predicting
patient LOS allows hospitals to make the most efficient use of
health-care resources when assigning inpatient beds.37 It also
allows surgeons to explain to patients before surgery the length
and cost of their postoperative hospital stay. Predicting long-LOS
patients can also be recognized and intervened upon early, allow-
ing for faster recovery plans and providing better care. Predicting
high-cost patients allows hospitals to devote additional resources
to at-risk patients to prevent anticipated complications and reduce
overall costs.



Table I
Difference between Machine Learning (ML) and statistics.

Machine learning (ML) Statistics

Subfield Artificial Intelligence Mathematics
Purpose Optimization: Prediction accuracy Inferences: Relationship between variables
Focus Predict outcomes without explicit programming Inferring population parameters, hypothesis testing
Data Size Any Reasonable Set Big Data
Interpretability High Low

Figure 2 Possible applications of artificial intelligence in shoulder arthroplasty.

Table II
Literature review on the application of artificial intelligence in shoulder arthroplasty.

Author, year Purpose Input variable Study population Figure of merit

Gowd et al, 20224 LOS and cost prediction 12 variables ACS-NSQIP database
16,993 aTSA, 32,361 rTSA

AUC 0.66~0.87

Karnuta et al, 20205 LOS and cost prediction 39 variables NIS database
68,743 aTSA, 22,047 rTSA

Total cost: Accuracy 76.5%, AUC 0.75
LOS: Accuracy 91.8%, AUC 0.89

Biron et al, 20201 LOS prediction 13 variables ACS-NSQIP database
4500 aTSA

AUC 0.77

Kumar et al, 20207 Clinical outcome prediction 291 variables Multicenter database
1895 aTSA, 2887 rTSA

MCID: Accuracy 90~95%, AUC 0.84~0.91

Kumar et al, 20216 Clinical outcome prediction 19 variables Multicenter database
2153 aTSA, 3621 rTSA

MCID: Accuracy 84~97%, AUC 0.72~0.94

McLendon et al, 20219 Clinical outcome prediction 12 variables Single-center database
431 aTSA, 41 rTSA

ASES score improvement: Accuracy 0.71 ~ 0.95

Polce et al, 202110 Clinical outcome prediction 10 variables Single-center database
225 aTSA, 188 rTSA

Satisfaction at postoperative 2 years: AUC 0.65 ~ 0.8

Gowd et al, 20193 Complication prediction 22 variables ACS-NSQIP database
17,119 TSA

Any adverse effect: Accuracy 92.1~95.4%

Geng et al, 20232 Implant identification 10 implants Single-center database
696 TSA

Accuracy 93.9%

Kunze et al, 20238 Implant identification 22 implants Multicenter database
3060 TSA

Accuracy 97.1%, AUC 0.994 ~ 1.000

Yi et al, 202011 Implant identification 5 implants Multicenter database
482 TSA

Distinguish between aTSA vs rTSA: AUC 0.97
Classify 5 specific TSA models: AUC 0.86 ~ 1.0

LOS, Length of Hospital Stay; ACS-NSQIP, The American College of Surgeons National Surgical Quality Improvement Program; NIS, National Inpatient Sample; ASES, American
Shoulder and Elbow Surgeons; aTSA, Anatomic total shoulder arthroplasty; rTSA, Reverse total shoulder arthroplasty; AUC, Area under curve; MCID; Minimal clinically
important difference.
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Karnuta et al reviewed 111,147 patients undergoing primary
shoulder replacement and developed an ML model using 39 pre-
operative variables to predict LOS, discharge disposition, and
inpatient charges for primary anatomical total, reverse total, and
hemi-shoulder arthroplasty. ML algorithm achieved accuracies of
76.5%, 91.8% and 73.1% for total cost, LOS, and disposition, respec-
tively.19 Another similar study has also developed ML model using
random forest algorithm predicting short stay or outpatient
990
shoulder arthroplasty and reported fair diagnostic performance
with area under curve of 0.77.3

Outcome prediction

The performance of ML in predicting patient outcomes after
shoulder arthroplasty has been published by several
authors.24,25,33,36,38 Outcome prediction can help in the
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collaborative decision-making process between the orthopedic
surgeon and the patient, especially in determining whether the
procedure meets the patient's expectations. Early identification of
patients who will have low postoperative patient-reported
outcome measures (PROMs) also allows for closer postoperative
patient follow-up and optimizes preoperative decision-making.

Several studies have developed models to predict the minimum
clinically important difference after surgery, which is the amount of
improvement in PROMs needed for a patient to judge that they
have improved after surgery. ML algorithms developed by Kumar
et al were shown to have fair to good performance to predict 1 to 5
year postoperative minimum clinically important difference for
shoulder specific PROMs and range of motion.25 They also
compared the accuracy with full model comprising 291 parameters
and minimal-feature set model comprising 19 features to predict
clinical outcomes after shoulder arthroplasty. Results showed that
the full and abbreviated models achieved similar accuracy in pre-
dicting clinical outcomes.24 Another outcome measure used to
evaluate the efficacy and value of the intervention is postoperative
patient satisfaction. Recent study by Polce et al also found that
supervised ML was able to predict satisfaction at 2 years following
total shoulder arthroplasty with 10 preoperative variables, so that it
could help in optimizing preoperative health, improving patient
selection, education, and satisfaction.36

Gowd et al did a retrospective cohort study of 17,119 patients
undergoing total shoulder arthroplasty.12 They developed an su-
pervised ML algorithms in predicting complications, including
transfusion, extended LOS, surgical site infection, return to the
operating room, deep vein thrombosis or pulmonary embolism.
Each ML algorithm was compared with one another and with
baseline model using American Society of Anesthesiologists
classification. ML algorithms outperformed American Society of
Anesthesiologists classification for predicting complications.
Accurate prognostic information obtained by this algorithm can aid
preoperative decision-making and enhance postoperative care.

Implant identification

When planning revision surgery for a patient who had primary
surgery at another hospital, it is important to identify the manu-
facturer and type of implant, but this could be difficult to identify
for some instance. DL algorithm has been shown good to excellent
performance to recognize implant manufacturer and design in
shoulder arthroplasty.10,26,42 A recent study by Kunze et al showed
that their DL algorithm was able to distinguish between 22
different reverse and anatomic shoulder prosthesis from eight
implant manufacturers with 97.1% accuracy and AUROC of 0.994-
1.000 simply by evaluating single anteroposterior view radiograph
image.26

AI in shoulder arthroplasty: what is expected in future?

Rehabilitation and postoperative care

Newer technologies to monitor and improve rehabilitation after
shoulder arthroplasty will provide more objective outcome mea-
sures compared to traditional patient-reported activity question-
naires. Wearable devices can record the movement profile of
patients postoperatively, which can be used to assess their func-
tional recovery.2,4 Continuous data from the device can be analyzed
by ML algorithms which can lead to reliable measurement of
functional outcomes after shoulder arthroplasty. Furthermore,
surgeons could also evaluate rehabilitation compliance of patients
after surgery. Chen et al applied awearable motion sensor device to
assist patients conduct home-based exercises to improve training
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compliance and the accuracy of exercises for patients with adhesive
capsulitis of shoulder.5 Motion sensor-assisted rehabilitation group
exhibited better shoulder mobility and functional recovery and
higher exercise completion rate than home-based exercise group.

AI for surgical robotics

Robotic-assisted surgery improves surgeons' ability to perform
more precise and accurate surgeries more consistently, following a
patient-specific plan.18 AI can improve the ability of surgical robotic
systems to recognize complex environments, make predictions,
make decisions, and perform desired tasks with improved preci-
sion, safety, and efficiency, with or without human control.

Orthopedic robotic platforms have grown substantially in
popularity in recent years, with several different commercially
available systems currently being used for hip and knee joint
replacement in clinical practice.6,28 In shoulder arthroplasty, it is
thought that such a system would help to accurately prepare the
bone and precisely cut the humeral head to place the implant in an
optimal position, but no such system exists yet.

Clinical decision making

By leveraging AI's ability to process and optimize large, complex
data sets, surgeons can select patients who need surgery, create
patient-specific surgical plans, predict clinical outcomes and
implant survival, and identify patients at high risk for complica-
tions.31 Especially, choosing the surgical strategy that will result in
the best clinical outcome is an unsolved problem for shoulder
surgeons. For example, whether to do a total or reverse shoulder
arthroplasty, whether to choose a medialized or lateralized glenoid
and humeral implant, the optimal glenoid version, inclination, and
humeral retroversion for each patient, and optimal joint tension are
still controversial topics. Given the rapid technological advance-
ments, it is expected that in the future, AI technologies will be able
to analyze large volumes of data with a high degree of precision to
support better personalized decision-making processes.

Limitation of AI

While AI appears to be omniscient, there are currently limita-
tions to its application. Because the data it is trained on may not be
representative of the entire population, developed ML can intro-
duce bias in practice settings other than the one it was developed
in.40 Training data should be representative of the general popu-
lation independently from gender, race, and cultural and economic
backgrounds.29 To avoid bias in the algorithm, the data it is trained
on should be multinational and multicenter data that is well
representative of the population, and once the algorithm is devel-
oped, it should be validated on a sample population in the region
where it will actually be used.20

Sharing data across organizations to ensure that Train data is
representative of the population can lead to privacy and data pro-
tection issues. What if a ML algorithm was used as a proxy for
determining surgeon competence, licensure and credentialling?
This prospect is likely to stimulate interest in the ensuring the
appropriate and secure development and training of ML algo-
rithms. AI developers need to protect personal information and
other information that could harm patients.11 There are also unique
challenges and risks associated with cybersecurity threats.37

Black-box and responsibility are other issues.11,34 Some ML al-
gorithms have a black box phenomenon, a characteristic that
makes it difficult to logically explain how an algorithm's pre-
dictions are generated. Additionally, there are no laws in place to
determine medical liability in the event of misjudgment.17 If an
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algorithm can't explainwhy and how it makes certain decisions, it's
hard to gain trust with patients, and it can be difficult to get their
consent to use AI.34 Explainable and interpretable algorithms are
necessary not only to detect bias, but also to build transparent and
trustworthy AI systems.11,34

Conclusions

Along with other technological advancements, AI technology is
becoming more and more advanced, especially in the medical field.
Numerous papers have been reported utilizing AI in the field of
shoulder arthroplasty. By leveraging ML before, during, and after
surgery, surgeons can make clinical decisions, predict possible
problems, estimate resources needed and clinical outcomes, and
ultimately personalize treatment for each patient. Because this
technology is still in its infancy, there are several limitations to
bringing it into the real-world clinical setting. However, it is
advancing at a rapid pace, and therefore as a shoulder surgeon, you
need to understand and be interested in AI technology.
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