
Application of machine learning in joint replacement:A review
Xiaozhuang Mana, Tianyi Zhanga, Kai Lia, Yunzhang Cheng*,a, Hao Shen*,b

a School of Health Science and Engineering, University of Shanghai for Science and Technology,
334 Jungong Road, Yangpu District, Shanghai, China 200093; b Department of Orthopedics,

Shanghai Sixth People’s Hospital, Shanghai Jiao Tong University, 600 Yishan Road, Xuhui District,
Shanghai, China 200233.

ABSTRACT

Joint replacement is a frequently performed surgical intervention to address end-stage joint ailments. However, 
successful surgery relies on early diagnosis and appropriate treatment of joint diseases. With the advancement of 
machine learning technology and its integration with the medical field, the use of machine learning technology in joint 
replacement has made substantial advancements. This article will explore the implementation and current standing of 
machine learning in joint replacement from four aspects: preoperative auxiliary diagnosis of arthritis, preoperative 
auxiliary decision-making, postoperative complication diagnosis and postoperative prediction.
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1. INTRODUCTION
The development of algorithms and models that are capable of learning from data and making decisions or predictions is 
the focus of machine learning, a branch of artificial intelligence. The analysis flow of machine learning is shown in 
Figure 1. Machine learning aims to empower computers to enhance their performance in tasks without the need for 
explicit programming by enabling them to learn and improve through experience. There are various approaches to 
machine learning, including supervised learning, unsupervised learning, semi-supervised learning, and reinforcement 
learning, each with its own strengths and limitations1. The implementation of machine learning in the medical field holds 
immense promise, and it has been widely used in cardiology, dermatology, ophthalmology and many other medical fields 
2-5. Provide doctors with help in disease diagnosis, health management, image analysis, surgical guidance, treatment plan,
adjuvant therapy, and prognosis prediction 6. As data and computational power become more accessible, machine 
learning is poised to play a critical role in shaping the future of AI.

Figure 1. Machine learning process
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Joint replacement has become a standard treatment for various advanced joint diseases, providing effective pain relief
and restoring joint function. Worldwide, hip and knee arthritis are leading causes of disability 7. Over the past few years,
the application of machine learning in joint replacement has been developed, and many scholars have conducted
extensive research and achieved promising results. This paper provides a comprehensive review of current research on
the use of machine learning in preoperative arthritis diagnosis, clinical decision-making, postoperative complication
prediction, and postoperative evaluation of joint replacement. By utilizing machine learning in these areas, joint
replacement procedures can be further improved, benefiting patients and healthcare providers alike.

2. AUXILIARY DIAGNOSIS OF ARTHRITIS
Joint replacement is a common treatment for end-stage joint diseases. However, the progress of various types of
osteoarthritis cannot be accurately monitored using current examination methods, and various examinations have limited
roles in the early detection of knee osteoarthritis. Machine learning technology is quickly expanding its use in data
analysis within the realm of computer vision. In particular, the widespread adoption of Convolutional Neural Networks
(CNN) to automatically extract medium and high-level abstract features from images has been observed in various
medical image analysis tasks. Machine learning models have demonstrated effectiveness in assisting doctors with the
diagnosis and evaluation of the severity of osteoarthritis 8- 9.

Xue et al. 10 conducted a study using deep convolutional neural network to analyze 420 hip joint X-ray images and
compared the results with traditional manual evaluation. In this study, X-ray images were categorized into "normal" or
"arthritic" groups by two experienced physicians. The results showed that the deep learning model accurately diagnosed
mid-hip osteoarthritis with a sensitivity of 95% and a specificity of 90.7%, which was comparable to the accuracy of
physician diagnosis. These results demonstrate the potential of deep learning in automating the diagnosis of hip
osteoarthritis. Using a multimodal machine learning approach, Tiulpin et al. 11 constructed a predictive model for the
progression of knee osteoarthritis (OA). The model utilized X-ray images, clinical examination results, and patients'
medical history to evaluate the probability of OA progression and the severity of the current disease, and constructed a
variety of prediction models. The study used independent test sets for validation, and found that the combination of
convolutional neural network and clinical data achieved an Area Under the Receiver Operating Characteristic Curve
(AUC) of 0.81 and an Average Precision (AP) of 0.70 in the training set. On the test set, the AUC was 0.80 and the AP
was 0.62, demonstrating promising predictive performance of the model.

In a study by Kevin et al. 12, knee radiographs of patients who underwent Total Knee Arthroplasty (TKA) and matched
control patients who did not receive TKR were utilized to construct a predictive model for the risk of osteoarthritis (OA)
progression. A deep learning model based on ResNet34 was applied to anticipate the likelihood of OA patients
undergoing TKA within 9 years. The prediction model achieved an AUC of 0.87, demonstrating good predictive
performance.

Machine learning possesses the capability to handle and categorize extensive quantities of data,construct learning models,
and improve the accuracy and ease of the diagnosis process. Its application in the early diagnosis and disease progression
of arthritis is of great value in evaluating the need for joint replacement or other treatments. In the future, more
intelligent image processing systems shall be developed to better assist orthopedic surgeons in diagnosing arthritis at an
early stage. These systems will help to improve the accuracy and efficiency of diagnosis and treatment planning for joint
diseases.

3. PREOPERATIVE DECISION-MAKING AID
Preoperative analysis of risk factors and clinical decision-making assistance can lead to a more comprehensive surgical
plan and implementation of preventive measures for patients. Thus, preoperative risk prediction in patients scheduled for
hip or knee replacement can aid physicians in surgical planning and close monitoring to intervene early in the event of
complications.

Jo et al. 13 retrospectively analyzed clinical data of 1686 patients undergoing initial total knee arthroplasty and used
preoperative variables to predict the risk of postoperative blood transfusion. Data from 43 preoperative variables were
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collected, and the Recursive Feature Elimination (RFE) algorithm was used to select six key variables, including various
factors such as hemoglobin levels, platelet count, surgical type, use of tranexamic acid, age, and weight. A gradient
boosting prediction model was established, and an independent data set was used for external validation. The predictive
model showed good performance, with an AUC of 0.842 and an AUC of 0.880 on the external validation set. Blood
transfusion risk prediction using machine learning can predict the risk of blood transfusion before total knee arthroplasty
and guide preventive measures for high-risk patients.

Huang et al. 14 conducted a study using a large dataset of 15,187 patients who underwent lower limb joint replacement.
They utilized random forest and logistic regression models to establish an intraoperative blood transfusion prediction
model that identifies high-risk factors for intraoperative blood transfusion. The random forest model outperformed the
logistic regression model with an AUC of 0.84. According to the study, female sex and American Society of
Anesthesiologists II, III, and IV ratings were patient-related factors that were associated with a higher risk.
Surgery-related risk factors included operation time, use of a drainage tube, and intraoperative blood loss. Additionally,
higher preoperative hemoglobin levels and the use of tranexamic acid were associated with a lower risk of intraoperative
blood transfusion. The risk factors that were identified can be used to provide personalized assessments of perioperative
transfusion risk for patients who are undergoing lower extremity joint replacement. The random forest algorithm had a
significantly higher prediction accuracy than the logistic regression algorithm and can potentially serve as a tool for
future personalized perioperative transfusion risk prediction.

In addition, there are also studies aimed at predicting a patient's operation time and postoperative hospital stay to
optimize surgical resource allocation and reduce operating room downtime. Abbas et al. 15 used a machine learning
algorithm to make predictions about the operation time and hospitalization time of elective unilateral TKA using
preoperative factors. The AdaBoost model was trained using linear, tree-based, and Multilayer Perceptron (MLP) models.
The MSE of operation time and postoperative hospital stay were 0.003 and 0.001, respectively. Among all the models
tested, the AdaBoost model demonstrated the highest classification accuracy and buffering capacity, with all models
exhibiting better performance than the mean regressor in terms of accuracy for both outcome measures. On the
validation set, the MLP model produced the lowest Mean Square Error (MSE) of 0.914, and all the models demonstrated
superior performance over the mean regressor in terms of MSE. On the test set, the MLP performance was also the best.
The ability to accurately predict the length of stay and operation time has a significant impact on hospital scheduling and
resource allocation while potentially playing a role in postoperative patient planning.

4. DIAGNOSIS OF POSTOPERATIVE COMPLICATIONS
Complications following joint replacement are common, with periprosthetic joint infection (PJI) and prosthesis
loosening being the most serious. PJI is particularly devastating and early, timely diagnosis of complications following
joint replacement is critical. However, effective diagnosis of PJI and prosthesis loosening remains challenging, with the
International Consensus Meeting (ICM) score for PJI and clinicopathological results being the primary diagnostic
criteria, while imaging examinations provide only a reference.

Machine learning has demonstrated great potential in the early diagnosis of loosening and infection after joint
arthroplasty. Kuo et al. 16created a machine learning system for PJI and compared its performance to that of the ICM
scoring system. To enhance the system's effectiveness, an integrated meta-learner was designed, which synergistically
combined five different learning algorithms. A second-level stacked generalization architecture was used for PJI
prediction, with four basic classifiers at the bottom: random forest, extreme gradient boosting, logistic regression, and
naive Bayesian model. A support vector machine was used at the top level as a meta-classifier to make the final
prediction. The machine learning system was compared with the ICM scoring system using cross-validation. The results
showed that the machine learning system outperformed the ICM scoring system in several indicators such as accuracy,
precision, recall, F1 score, Matthews correlation coefficient, and area under the receiver operating characteristic curve.
Furthermore, the machine learning system was able to identify personalized important features that were missed by the
ICM scoring system and Offer understandable decision-making assistance for personalized diagnosis.

Machine learning models offer an advantage over ICM by building adaptive diagnostic models using existing patient
data, instead of relying on predetermined criteria for diagnosis. Experimental results demonstrate the feasibility of
machine learning in diagnosing PJI compared to the widely used ICM scoring system.
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Shah et al. 17 collected preoperative anteroposterior and lateral X-ray films and clinical information of 697 patients who
underwent total knee arthroplasty and total hip arthroplasty. They then divided the patients into two groups: the
loosening group and the fixed group. Transfer learning was applied to a series of CNN models, including ResNet,
AlexNet, Inception, and DenseNet. The best performing model, DenseNet, was further enhanced with the addition of the
patient's clinical history data to create the final model, which was tested on independent datasets. The results showed that
the DenseNet neural network performed the best, with an accuracy of 88.3%, a sensitivity of 70.2%, and a specificity of
95.6% on the independent test dataset. Furthermore, the performance was better in cases of hip replacement, with an
accuracy of 90.1%, compared to 85.8% in cases of knee replacement.

The results of the study indicate that machine learning is a viable approach for detecting prosthesis loosening from
radiographic images, and that the accuracy of the algorithm can be improved by incorporating clinical data.

5. POSTOPERATIVE PREDICTION
Complications following total hip replacement may lead to a poor prognosis or even death in some patients. Despite
surgery, some patients may be unable to function at their preoperative level. Moreover, impairments in lower-limb
strength, balance, and gait may continue to persist for a considerable time following the surgical procedure. Predicting
patient prognosis after joint replacement is important for identifying high-risk patients and providing timely intervention
and treatment to improve their outcomes.

Bozic et al. 18 performed COX regression analysis to assess the impact of 29 different medical conditions on PJI and
postoperative mortality. These underlying diseases were found to be associated with increased risk of periprosthetic joint
infection and 90-day mortality after total hip arthroplasty. Rheumatic disease was found to be the highest risk factor for
PJI, while congestive heart failure had the highest mortality at 90 days after surgery. In another study, Harris et al. 19 used
a data set of more than 10,000 primary THA and TKA, collected preoperative demographic and clinical variables,
established a model using LASSO regression, and evaluated it using AUC and established a prediction model for 30-day
mortality and significant complications. The AUC value was 0.78 in distinguishing renal complications within 30 days
after joint replacement. The AUC value for predicting death was 0.73. The AUC value of predicting cardiac
complications was 0.73, which had good accuracy. External validation showed high confidence in predicting mortality
and cardiac complications, but not in predicting renal complications.

Radiomics is a novel research method developed in recent years that allows for the effective identification of diseases
and prediction of patient prognosis by extracting and quantifying lesion features and applying different calculation
methods for individualized data analysis 20. The flow chart of radiomics is shown in Figure 2

Figure 2. Radiomics analysis process
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Zheng et al. 21 collected clinical and laboratory data, as well as preoperative and postoperative CT images of 85 patients
who underwent total hip arthroplasty for femoral neck fracture. They preprocessed the images and established a model
for the 6-month prognosis of patients using radiomics features. The Pyradiomics Python package was used to extract
features from the preprocessed CT images. Lasso regression was used to select the optimal predictors, and the random
forest algorithm was used to establish several prediction models. The results showed that the best model was constructed
based on three features: clinical data, laboratory indicators, and preoperative radiomics features. The training set yielded
an AUC, sensitivity, specificity and accuracy of 0.986, 0.925, 0.983 and 0.953, respectively. The validation set yielded an
AUC, sensitivity, specificity and accuracy of 0.949, 0.767, 1.000 and 0.873, respectively. These findings indicate that
utilizing a radiomics approach based on CT scans could be useful in identifying significant texture features linked to
femoral neck fractures, thereby potentially enabling the prediction of patient outcomes following hip replacement. The
prediction model provides clinicians with a useful tool for developing more targeted surgical plans for high-risk patients
with a poor prognosis as early as possible.

6. DISCUSS
In conclusion, machine learning has demonstrated its potential to improve decision-making in all stages of joint
replacement, leading to better diagnostic and treatment outcomes for patients. By automating repetitive tasks, machine
learning systems can help doctors to focus on research and innovation. However, the future development of machine
learning in medicine depends on close collaboration between medical professionals and technology experts, so that these
tools can provide more intelligent and accurate support to medical workers and ultimately benefit patients. As such,
continued research and investment in machine learning technology is essential for advancing the field of joint
replacement and improving patient care.

Despite the promise of machine learning in healthcare, there are still many technical challenges that must be addressed.
Machine learning approaches rely heavily on large volumes of high-quality data that accurately represent the target
patient population. However, data from different hospitals may contain various biases that can prevent a model trained
on one hospital's data from being generalizable to another. In the future, machine learning will continue to evolve based
on clinical big data and advanced algorithms, as well as integrating fields such as biomarkers, genomics, radiomics, and
metabolomics, which can further enhance its clinical predictive and decision-making value. This will lead to the
development of precision medicine, enabling personalized medical services for patients, and ultimately improving
patient outcomes.
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