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Abstract— Demand for shoulder arthroplasty is rising at a
faster rate than hip and knee arthroplasty, driven by an
increasingly aging yet active population. Joint registries are
playing an increasingly critical role in tracking the long-term
success of shoulder arthroplasty, identifying failure
mechanisms, and shaping clinical best practices but current
classification procedures are often performed by non-medically
trained encoders leading to error. This study examines the use of
machine learning in techniques to classify four broad categories
of shoulder arthroplasty technique from postoperative x-rays.
Data from the Scottish Arthroplasty Project, was used to create
a balanced dataset of 1000 samples. A 10-fold cross validation
was used for the training of 4 neural network models commonly
used for classification of x-ray data. InceptionV3 model achieved
the highest overall performance with an accuracy of 93.85%
after cross validation, while EfficientNet demonstrated the
highest individual classifier accuracy of 99% suggesting the
potential to increase accuracy further in future studies.

Clinical Relevance— This research highlights the potential of
machine learning to enhance the accuracy of joint registry data
encoding. Facilitating evidence-based improvements in implant
design and surgical approaches through the use of more accurate
data on implant survival, and revision rates.

I. INTRODUCTION

Shoulder arthroplasty is increasingly used for the treatment of
degenerative and traumatic conditions affecting the
glenohumeral joint. The primary indications include
osteoarthritis, rotator cuff arthropathy, inflammatory arthritis,
and complex fractures. The goal of this procedure is to
alleviate pain and restore joint function. The main types of
shoulder arthroplasty include anatomic total shoulder
arthroplasty (TSA), reverse shoulder arthroplasty (RSA),
hemiarthroplasty, and resurfacing shoulder replacement. TSA
replicates the native joint anatomy and is preferred in patients
with an intact rotator cuff, whereas RSA is indicated for those
with rotator cuff deficiency, exploiting altered shoulder
biomechanics to enhance stability and function.
Hemiarthroplasty, which involves replacing only the humeral
head while preserving the native glenoid, was historically
used for fractures and arthritis but has largely been replaced
by RSA. Resurfacing arthroplasty is a bone-preserving
technique where the prosthesis caps the humeral head. This is
less commonly done but may be beneficial for younger
patients with focal cartilage damage. The key difference
between hemiarthroplasty and resurfacing arthroplasty is the
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presence of a stem in the former. While stemmed implants
provide strong fixation, they can compromise bone stock,
making future revisions more complex. This consideration is
particularly important when selecting a procedure for younger
patients, where preserving bone stock for potential future
surgeries is important.[1, 2]

A. Increasing Demand and the Role of Joint Registries

The use of shoulder arthroplasty is rising at a faster rate than
hip and knee arthroplasty, driven by an increasingly aging yet
active population, expanding indications, and technological
advancements. Among these, RSA has experienced the most
significant growth due to its effectiveness in treating
conditions that were previously considered difficult to
manage.[3] International joint registries have documented this
trend, with a study from the United States reporting a
substantial increase in the prevalence of shoulder arthroplasty
over the past two decades. Since 1995, the prevalence has
risen by approximately 730% (from 0.031%) and by 210%
since 2005 (from 0.083%).[4]

Joint registries play a critical role in tracking the long-term
success of shoulder arthroplasty, identifying failure
mechanisms, and shaping clinical best practices. There are
some challenges to accuracy that exist, these including data
entry errors at source or from non-medically trained coders.
The Scottish Arthroplasty Project’s coding of procedures has
been validated, demonstrating a data accuracy of 93% (NHS
National Services Scotland 2007)[5]. This aligns with other
joint registries, but given that complications from arthroplasty
are rare, ensuring the highest level of accuracy is crucial. Even
minor discrepancies in data can have an amplified impact on
clinical decision-making and research outcomes. Ensuring
registry accuracy is essential, as complications and failure
rates vary based on implant type and design. Radiographic
verification of implants, while labour-intensive, could
significantly improve data accuracy. Machine learning (ML)
presents a promising solution for automating this process,
reducing human error, and enhancing the reliability of registry
data.

B. Machine Learning in Implant Identification

Machine learning (ML) is becoming increasingly integrated
into orthopaedic surgery for tasks such as the identification
and classification of arthroplasty implants, fractures, and
tumours. A systematic review published in the Bone and Joint
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Journal in February 2025 evaluated 10 studies on the use of
ML for implant identification in shoulder arthroplasty. These
studies primarily focused on identifying specific brands and
models of total shoulder arthroplasty (TSA) and reverse
shoulder arthroplasty (RSA). The mean number of
radiographs used for training and testing the ML models
across these studies was 942, with a minimum of 72 and a
maximum of 3060.[6]

Sultan et al. developed an initial DenseNet model that
achieved 85.92% accuracy, later refining it into a DRE-Net
model with an improved accuracy of 89.09% for identifying
different TSA and RSA brands. This work used 597 images
representing four different implant manufacturers. To
augment the training set, rotationally invariant augmentation
was employed. The images were rotated and recaptured at 10-
degree intervals from 0° to 360°, effectively increasing the
training set size by a factor of 36.[7]

Geng et al. introduced a model that achieved 93.9% accuracy,
with an average precision, recall, and F1-score of 94% for
identifying 10 different types of TSA and RSA.[8] Yi et al.
created a model to determine the presence of an implant, the
implant brand, identify the manufacturer, and distinguish
between TSA and RSA. The report accuracy for the different
implants ranged from 86% to 100%.[9]

Yang et al. developed a multi-task model that achieved 99.1%
accuracy across three classification tasks: laterality, TSA vs.
RSA, and XR projections (AP, lateral, or axillary views).
Their algorithm demonstrated accuracy scores of 99.2%,
100%, and 100%, respectively.[10]

Kunze et al. trained convolutional neural networks (CNNs) to
identify 22 different types of TSA and RSA from eight
manufacturers. Using 2448 training images and 612 test
images, they achieved accuracy rates of 97.1% for
manufacturer identification and 99.4% for implant type. A
key point to note is that the Zimmer Comprehensive System
accounted for 62.8% of the training data, which may
introduce bias toward this implant design.[11]

A limitation observed in the reviewed studies is the exclusive
focus on stemmed TSA and RSA implants for training and
testing. Given the rising popularity of stemless implants, this
may constitute a methodological flaw in the current research.
Additionally, none of the studies examined the identification
of hemiarthroplasty or resurfacing implants.

C. Study aims

The aim of this research is to fill a gap in the literature by
using machine learning (ML) to identify the four broad
categories of shoulder arthroplasty implant design, using data
collected from the Scottish Arthroplasty Project. Joint
registries rely on precise implant data to track long-term
outcomes, implant survival, and failure mechanisms. This is
particularly important when considering revision surgery as
the correct identification of implants is crucial for surgical
planning.

As ML technology advances, it has the potential to greatly
improve the accuracy of implant identification, guide surgical
decision-making, and provide insights into implant
performance. This research will contribute to improving joint
registry data accuracy, helping to ensure the successful

tracking of implants and ultimately improving patient
outcomes in shoulder arthroplasty.

II. METHODOLOGY

A. Dataset

This study uses machine learning to classify four different
shoulder arthroplasty procedures from post operative x-rays,
these being: a) Hemiarthroplasty (Hemi), b) Resurfacing, c)
Reverse Shoulder Prosthesis (RSP) d) Total Shoulder
Replacement (TSR) (as seen in Figure 1).

Figure 1: Post operative x-rays showing based upon surgical procedure
examples of surgical procedure classifications used in this study: a) Hemi,
b) Resurfacing, ¢) RSP d) TSR.

The images used in this paper were collected as part of a
retrospective study of shoulder arthroplasty and were supplied
fully anonymized. These images were collected by a
Orthopaedic Registrar with over 4 years of training
experience. Because this dataset was sampled from a much
larger database of x-rays it was possible to maintain a balanced
training dataset of 250 per class for a total dataset size of 1000
X-rays.

In order to expand the size of this dataset and ensure that
training was agnostic to the shoulder side, the dataset was
augmented by sampling the images and performing a
horizontal flip to ensure both shoulders were represented in
equal numbers. This essentially doubles the size of the dataset
while maintaining an even balance in classifiers. Data
augmentation helps model the real data density by increasing
the number of samples, which can reduce classification errors.
This effect can be studied using learning curves [12].

Images were supplied as jpeg files and were of non-
uniform size. These were contrast normalized and adjusted to
an image matrix of 500x500px, the aspect ratio was
maintained by resizing the image to the required size and then
using additional padding to fully conform to a standard size.

B. Machine Learning

This study used convolutional neural networks (CNN) pre-
trained on the ImageNet challenge dataset [13], the final layer
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of these networks was finetuned to fit the classification
requirements of this study. This study examines the
performance of 4 neural network architectures: ResNet-18
[14], InceptionV3 [15], EfficientNet [16] and AlexNet [17],
these networks have been used in previous bone studies and so
it is relevant to benchmark their capabilities on this dataset.

Development of the neural networks was performed using
Pytorch (version 2.5.1) using the CUDA platform (version
11.8). Training was performed using i9-13980HX Intel chipset
CPU, 128GB RAM and Nvidia 2080 GPU. Transfer learning
was implemented using pre-trained weights from the
Torchvision library. The networks were trained over 10 epoch
with the ADAM optimizer [18] using a learning rate of 1e-04
and a batch size of 32. The Sci-kit library (version 1.15.1) was
used to analyse neural network performance. The dataset was
split into training and test sets using a stratified 10-fold cross
validation.

III. RESULTS

The results of the 10-fold cross validation as shown in
Table 1, show that the Inception neural network achieved the
highest combined result in all metrics: Accuracy: 93.85%,
Precision: 0.938, Recall: 0.938, F1 Score: 0.938. However
resNet-18 achieved the lowest variance of ~2.4% in all
metrics. AlexNet performed poorly in all metrics and had the
highest variance.

Table 1- 10-fold cross validation results of neural networks trained
to recognize shoulder procedures from x-ray.

Neural Networks
Metrics
Alexnet Resnet 18 EfficientNet Inception
Accuracy 78.50% 93.20% 93.35% 93.85%
+ 8.58% +2.33% +3.27 +2.86%
Precision 0.787 0.932 0.9341 0.938
+0.0861 +0.024 +0.033 +0.029
Recall 0.785 0.932 0.933 0.938
+0.086 +0.023 +0.033 +0.0286
F1 0.7828 0.931 0.932 0.938
+0.087 +0.024 +0.034 +0.029

Looking at the individual result to better understand model
performance in detail, the highest performing CNN for this
dataset was EfficientNet achieving an overall accuracy of
99% while maintaining high precision and recall (Table 2)
with no suggestion of instability or overfitting, suggesting that
greater model performance is possible with additional data.

Table 2 - Highest performing neural network: EfficientNet.

Classifer Precision Recall F1-score
Hemi 1.0 1.0 1
Resurfacing 0.98 0.98 0.98
RSP 1.0 1.0 1
TSR 0.98 0.98 0.98
Overall 0.99 0.99 0.99s

The confusion matrix for the best performing network (Figure
2) shows that resurfacing and TSR were the most commonly
confused classifiers. This result was seen across all neural
networks with the second most confused classifiers being
Hemi and TSR.
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Figure 2 - Confusion matrix for highest performing neural network.

IV. DiscussioN

Neural networks have shown to be highly accurate
classifying surgical approaches from x-ray, with the Resnet-
18, EfficientNet and Inception networks achieving equivalent
performance at ~93% accuracy when tested in a 10-fold cross
validation. This is in-line with the accuracy results of the
Scottish Joint Registry [5]. These networks all achieved both
high sensitivity and specificity, as well as excellent precision
and recall. The size of the network does not sufficiently affect
performance.

The Receiver Operating Characteristic (ROC) of the top
performing EfficientNet network (Figure 4), shows excellent
performance, with some error in the classification in TSR and
Resurfacing as was previously seen in the confusion matrix.
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Figure 3 - ROC for a top performing EfficientNet network.

While the dataset was balanced based upon surgical
approach, there was significant variance in the appearance of
the x-rays within each classification within the dataset (Figure
4). The X-rays were sourced from multiple different radiology
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departments which used different capture approaches. A wide
range of implants can be seen with no specific implant type
used for each surgical procedure. Sutures, clips and staples
can be seen across the entire dataset and do not denote any
one procedure.

Figure 4 - Example of variation within x-ray for the
Hemiarthroplasty (Hemi) classification.

This dataset was curated as part of a previous larger
retrospective study, that study cross referenced the x-ray
classifier with both the radiology report and post operative
surgical records ensuring a high degree of accuracy for this
studies ground truth.

There are a number of significant limitations to this study that
should be noted: The dataset is relatively small, containing
only 1000 samples in total, while classification balanced has
been maintained with 250 samples for class. Due to this small
size there is a risk of overfitting for this dataset but the risk of
this was reduced using transfer learning from pre-trained
networks. While the data set is collected from multiple
radiological sources, which introduces some variability in
image quality and processing it remains a random subset or a
much larger database. This inherently limits the diversity of
implants that are represented meaning that the model might
not yet be applicable for general use. Future work should aim
to expand the dataset size and diversity to better capture the
full spectrum of implants thereby improve overall
generalisability of the model.

V. CONCLUSION

This study examined classification performance of four neural
networks for identifying surgical procedures from x-ray.
Neural networks were shown to have similar accuracy as the
current classification methods used by current NHS joint
registries. Future works will seek to expand the dataset to
increase the robustness of surgical classification to try and
improve on results, as well seeking to increase classification
capabilities by simultaneously identifying the make and
model of the implants using multi-class neural networks.
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