
HAL Id: hal-03991647
https://amu.hal.science/hal-03991647

Submitted on 12 Jun 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License

Artificial intelligence in knee arthroplasty: current
concept of the available clinical applications

Cecile Batailler, Jobe Shatrov, Elliot Sappey-Marinier, Elvire Servien,
Sebastien Parratte, Sebastien Lustig

To cite this version:
Cecile Batailler, Jobe Shatrov, Elliot Sappey-Marinier, Elvire Servien, Sebastien Parratte, et al.. Arti-
ficial intelligence in knee arthroplasty: current concept of the available clinical applications. ARTHRO-
PLASTY, 2022, 4 (1), �10.1186/s42836-022-00119-6�. �hal-03991647�

https://amu.hal.science/hal-03991647
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


Batailler et al. Arthroplasty            (2022) 4:17  
https://doi.org/10.1186/s42836-022-00119-6

REVIEW

Artificial intelligence in knee arthroplasty: 
current concept of the available clinical 
applications
Cécile Batailler1,2*  , Jobe Shatrov1,3, Elliot Sappey‑Marinier1,2, Elvire Servien1,4, Sébastien Parratte5,6 and 
Sébastien Lustig1,2 

Abstract 

Background:  Artificial intelligence (AI) is defined as the study of algorithms that allow machines to reason and 
perform cognitive functions such as problem-solving, objects, images, word recognition, and decision-making. This 
study aimed to review the published articles and the comprehensive clinical relevance of AI-based tools used before, 
during, and after knee arthroplasty.

Methods:  The search was conducted through PubMed, EMBASE, and MEDLINE databases from 2000 to 2021 using 
the 2009 Preferred Reporting Items for Systematic Reviews and Meta-Analyses Protocol (PRISMA).

Results:  A total of 731 potential articles were reviewed, and 132 were included based on the inclusion criteria and 
exclusion criteria. Some steps of the knee arthroplasty procedure were assisted and improved by using AI-based 
tools. Before surgery, machine learning was used to aid surgeons in optimizing decision-making. During surgery, the 
robotic-assisted systems improved the accuracy of knee alignment, implant positioning, and ligamentous balance. 
After surgery, remote patient monitoring platforms helped to capture patients’ functional data.

Conclusion:  In knee arthroplasty, the AI-based tools improve the decision-making process, surgical planning, accu‑
racy, and repeatability of surgical procedures.

Keywords:  Knee arthroplasty, Artificial intelligence, Machine learning, Predictive models, Augmented reality, Robotic 
surgery
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Introduction
Artificial intelligence (AI) refers to machine algorithms 
giving the ability to reason and perform cognitive func-
tions [1]. Over the past 70 years, AI has evolved rapidly, 
with computer models and algorithms designed to rep-
licate human intelligence and performs specific tasks 
within various industries [2, 3]. Surgeons are key stake-
holders in adopting AI-based technologies for medical 

care. Health-care professionals can help data scientists 
and engineers develop clinically relevant software.

In orthopedic surgery, the AI technology enables sur-
geons to provide patient-specific knee arthroplasty in 
clinical decision making, preoperative health optimiza-
tion, resource allocation, decision support, and early 
intervention. However, the safety and effectiveness of 
AI-based knee arthroplasty are still challenging. A rigor-
ous validation process and a clinical relevance analysis 
are required with new technologies. This process aims 
to distinguish which AI-based tool is clinically relevant 
and which is just hype. Many studies reporting the inter-
est of AI-based tools in the orthopedic field have been 
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published during the past years with the growing inter-
est in AI-based tools in knee arthroplasty. Nevertheless, 
the interest and the understanding for AI in knee arthro-
plasty remain little-known and underused.

This study aimed to review the published articles on 
the comprehensive clinical relevance of AI-based tools 
used before, during, and after knee arthroplasty.

Material and methods
Article identification and selection process
In May 2021, we performed a query to identify avail-
able articles describing AI tools for knee arthroplasty 
pre-, intra-, and postoperatively. We searched PubMed, 
EMBASE, and MEDLINE databases from 2000 to 2021 
using the 2009 Preferred Reporting Items for System-
atic Reviews and Meta-Analyses Protocol (PRISMA). 
We used the following terms: “knee arthroplasty” or 
“knee replacement”; “artificial intelligence” or “predic-
tive model” or “predictive modeling” or “analytic model” 
or “machine learning” or “remote patient monitoring” or 
“augmented reality” or “mixed reality” or “virtual reality” 
or “robotic” or “robotically-assisted”.

The inclusion criteria were English language studies 
reporting on AI tools in knee arthroplasty. The exclusion 
criteria were: (1) editorial articles; (2) systematic reviews 
or meta-analyses; and (3) studies evaluating joints other 
than the knee. Two investigators independently reviewed 
the abstracts of the identified articles. Discrepancies were 
settled by discussion between the reviewers or consulta-
tion with a third reviewer. Articles were excluded if the 
title and abstract did not include AI tools used in knee 
arthroplasty. Full-text articles were assessed if necessary.

Definition and description of AI tools
The tools evaluated in this analysis include different 
sub-groups of AI tools defined and described below: 
Predictive modeling is a discipline of AI where algo-
rithms generate estimates for a defined target output. 
Predictive models are “trained” to identify relation-
ships between a set of features (e.g., age, body mass 
index (BMI), sex) and the target (e.g., the occurrence 
of myocardial infarction) [4]. Statistical models (e.g., 
regression models) and machine learning techniques 
(e.g., random forest models or neural networks) 
are used to learn the target-predictors relationship 
among the data [5]. In its most simplistic form, pre-
dictive modeling involved using real-world data sets 
to predict or estimate an outcome. Machine learning 
allowed a computer to utilize partial labeling of data 
(supervised learning) or the structure detected in the 
data itself (unsupervised learning) to explain or make 
predictions about the data without explicit program-
ming. Deep learning models (e.g., neural networks with 

several hidden layers) have seen wide success in image 
recognition and classification where the input is rep-
resented by unstructured data (e.g., pixel values) [6]. 
Predictive models were usually deployed in contexts 
where the measurement of the output is complicated, 
time-demanding, expensive, or when an early esti-
mate of the target can trigger a proactive intervention 
to modify the course of action and, for instance, avoid 
adverse events (e.g., a readmission to the hospital). The 
predictive models and machine learning can be used 
in several domains in surgical management (decision-
making, aid to surgical planning).

Natural language processing aimed to understand 
human language and was crucial for large-scale content 
analyses such as electronic medical record data such 
as physicians’ narrative documentation [e.g., data col-
lection of clinical scores after TKA]. Computer vision 
described machine understanding of images and vid-
eos, and advances have resulted in machines achieving 
human-level capabilities in object and scene recognition 
[e.g., screening of implants loosening on radiographs]. 
More recently, digital technologies used in augmented 
and mixed realities have been developed to interact with 
the human senses. These technologies enabled user pro-
jection into a reality described through a digital memory. 
Augmented reality (AR) technologies aimed to introduce 
virtual elements into the user’s environment [e.g., super-
imposition of the values of bone resection axis and the 
virtual bone cuts onto real-knee surfaces during total 
knee arthroplasty (TKA)] by measuring and understand-
ing the user’s reality, processing, and then computing the 
information required, and finally rendering it to project 
this information to the user in correlation with reality. 
Mixed reality presents the surgeon with holographic ele-
ments that align with the real world, and the surgeon can 
manipulate the digital content generated by the mixed 
reality device.

Results
The PRISMA flow diagram shows the study selection 
(Fig.  1). Of 731 abstracts, 21 were excluded due to the 
lack of a full-text article, and 503 irrelevant abstracts 
were also excluded. Of 207 full-text articles, 54 irrelevant 
articles were excluded, and 21 articles with a serious risk 
of bias were also excluded [7]. Finally, 132 articles were 
included in this study.

Review and discussion
Based on the 132 articles, we reviewed AI used before, 
during, and after knee arthroplasty.
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AI used before knee arthroplasty
Patient selection is the first priority for successful knee 
arthroplasty. However, 33% of patients may be improp-
erly selected, resulting in unsatisfactory outcomes [8]. 
The American Academy of Orthopedic Surgeons devel-
ops the best practice guidelines and machine learning-
based algorithm to standardize the patient selection 
process based on the medical history, symptom severity, 
osteoarthritis severity, failures of previous treatment, etc 
[9, 10]. The predictive algorithm models require effec-
tive communication between the patients and surgeons 
to develop a relationship that promotes the integration of 
patient preferences, values, and needs, with the transfer 
of knowledge regarding treatments, risks, benefits, and 
alternatives before making informed decisions [11, 12]. 
The decision-making process is based on relevant and 
validated predictive factors, for example, demographics 
or preoperative patient-reported outcome measurements 
(PROMs) [13]. The AI-based algorithms can be used to 
specify the preoperative parameters, grade severity of 
knee osteoarthritis, and reduce inter-observer variabil-
ity [14]. In revision knee arthroplasty, it can be used to 
diagnose prosthetic loosening on X-ray (with a precision 
of > 95%) and identify implant models [15]. (Table 1 and 
Fig. 2).

Surgical training is traditionally performed on real 
patients in the operating room and supervised by sen-
ior surgeons. It is undergoing substantial change with AI 
development. Immersive virtual reality is an AI-based 
teaching tool that provides all access levels to many sur-
gical techniques in a 360-degree viewing mode. The sur-
geons can simultaneously evaluate decisions on implant 
choice and placement, track procedural errors and effi-
ciency, minimize completion time, and use adjunct oper-
ating equipment (such as fluoroscope) or instruments 
(such as retractor). By obtaining technical and cognitive 
practice, the surgeons can reduce implant mal-alignment 
and surgical complications in primary and revision knee 
arthroplasty [36]. Using the assistive mode, the surgeon 
can obtain feedback on key steps (planning bone resec-
tion, implant positioning, sizing, assessing the virtual 
range of motion, and gap balancing) to anticipate difficul-
ties or achieve a surgical target [23]. Immersive virtual 
reality has advantages. The surgeons can obtain learning 
experience without direct supervision and collect data all 
along the training process. The replicate real-life proce-
dures do not carry the risk of injury or costly resources 
(e.g., cadavers). The downsides included limited image 
quality, degree of presence, cyber-sickness, haptic real-
ism, device-related issues (e.g., battery capacity and 

Fig. 1  Flow chart showing initial literature search for data extraction from the final list of included studies
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wireless technology), and access/cost considerations [22, 
37, 38].

Preoperative planning and modelization include limb 
alignment, implant positioning, gap balancing, and 
implant size. Preoperatively, proper TKA component 
size can be predicted by using the formulas based on 
the demographic data such as sex, height, weight, age, 
ethnicity/race, and shoe size. Still, the limited predic-
tive factors and limited size of certain products are the 
drawbacks [39–41]. Demographic-based multivariate 
linear regression models can be used to predict more 
accurate implant size than digitally-templated sizes for 
femoral (P = 0.04) and tibial (P < 0.01) components [24]. 
The regression models are created using the stochastic 
gradient boosting model, allowing users to input data and 
receive individualized sizing predictions and explana-
tions [25]. This application is made freely accessible at the 
following link: https://​ortho​pedics.​shiny​apps.​io/​TKASi​
zing_​Calcu​lator/.

Segmentation tools are developed to reduce operative 
time and human involvement. The tools consequently 

reduce the process cost and are more efficient than the 
usual operator [26]. The tools can be used in knee arthro-
plasty, spine surgery, and trauma surgery based on the 
three-dimensional (3D) models obtained from bone-
mapping (imageless system), CT scans, and specific 
X-rays (image-based system) [42, 43]. As a result, more 
accurate component alignment, ligament balance, and 
implant size prediction are achieved in robotic-assisted 
TKA than image-less robotic-TKA [42, 44, 45].

AI used during knee arthroplasty
Robotic-assisted knee arthroplasty is defined as machine 
capable of automatically carrying out complex actions, 
especially programmable by a computer. This system 
integrates information from preoperative imaging or 
intraoperative surface mapping, specific bone landmarks 
(bone shape, tibial and femoral alignment) and the liga-
ment balancing intraoperatively. There are three catego-
ries of robotic systems, i.e., passive, semi-autonomous, 
and autonomous robotic systems. A passive system pro-
vides a 3D virtual model allowing accurate preoperative 

Fig. 2  Structure chart resuming the preoperative major AI applications

https://orthopedics.shinyapps.io/TKASizing_Calculator/
https://orthopedics.shinyapps.io/TKASizing_Calculator/
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planning but does not prepare the bone. The autono-
mous and semi-autonomous systems incorporate safe-
guards against bone removal beyond the 3D plane. The 
semi-autonomous robotic-assisted system combines 
the benefits of a navigation system and an autonomous 
robotic system, and is a typical example of an AI-based 
tool. The collected data include bone and implant align-
ment algorithms and soft-tissue balance to propose sur-
gical planning, secondarily adjusted according to the 
surgeon’s requests and targets. A robotic arm allows per-
forming bone resections or positioning a cutting guide 
with a real-time automatic feedback system following 
knee movements or cut progression. Progressively, the 
algorithms of robotic system integrate machine learn-
ing models to improve surgical planning according to the 
previous surgery. During surgery, a feedback loop is cre-
ated when bone cutting is controlled or the cutting guide 
is positioned. This control improves the surgeon’s accu-
racy and decreases the risk of errors. The robotic systems 
do not aim to replace surgeons but to be an accurate and 
consistent delivery tool. The major benefit of robotic 
systems is accurate and reproducible bone preparation 
thanks to the robotic interface, regardless of the system 
used [42, 46]. Most currently available robotic platforms 
assess the ligament balancing according to intraoperative 

bone cutting and implant positioning. The advantages 
of robotic-assisted TKA are accurate knee alignment, 
implant positioning, ligamentous balance, and soft tissue 
protection [47–50]. Most controlled studies suggested 
better short-term functional outcomes than mid- or 
long-term outcomes, compared to the conventional TKA 
[51–56]. The downsides of robotic-assisted TKA include 
cost-related capital investment and the consumables in 
the operating room, an amount of surgeon and staff’s 
education to optimize safety and efficiency of robotics, 
unpractical specific hardware with bony trackers and a 
bulky robotic unit, longer operative time, learning curve 
required, and compromised cost-efficiency. Moreover, a 
robotic system is usually compatible only with one type 
of implant. The laxity assessment at the beginning of 
surgery is manual and thus lacks accuracy. (Table 1 and 
Fig. 3).

Augmented reality-based navigation systems super-
impose clinical information into the surgeon’s sight 
and have been developed to guide TKA implantation. 
Augmented reality platforms require three processes, 
i.e., tracking, computing, and visualization. Tracking of 
object position is achieved by semi-contact, or contact-
less methods. The semi-contact system involves attach-
ment to the anatomy and marker and a contactless link 

Fig. 3  Structure chart presenting the intraoperative major interests of AI tools
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between the features and cameras. In the contactless sys-
tems, tracking is done without the need for attachment 
to the patient and has been made possible with the appa-
rition of depth cameras [57]. The computing requires to 
register the anatomical features tracked with the preop-
erative images, and to compute the clinical index from 
raw information, which compares the actual situation 
with the preoperative plan. The visualization produces 
an image for the user. The digital image must align with 
surgeons’ reality. Compared to the robotic-assisted sys-
tems, the advantages are a smaller physical footprint, a 
lower cost, the ability to have the intraoperative data in 
the same field of view, the absence of intraosseous track-
ers, and an easier workflow [58]. In a study examining an 
AR-assisted system, the preoperative CT scan was super-
imposed on the bone exposed during the surgery [28]. 
This system was found to be accurate in a cadaveric pilot 
study. The Pixee Medical system is a computer-assisted 
orthopedic surgery solution using AR to support TKA 
(Pixee Medical, Besancon, France). The connected glasses 
precisely calculate the 3D coordinates of the instruments 
thanks to the analysis of their specific markers (QR-
Code), filmed by the integrated camera. The navigation 
information is displayed in the surgeon’s field of vision, 
which interacts with the application thanks to the glasses’ 
accelerometers. The NextAR™ system (Medacta, Castel 
San Pietro, Switzerland) requires sensors to be anchored 
to the femur and tibia using pins inserted within the sur-
gical wound. A preoperative plan is generated based on 
CT imaging and a dedicated algorithm used to identify 
ligament origin and insertion to monitor balance during 
intraoperative navigation. To date, to our knowledge, no 
clinical studies have yet been published on the accuracy 
and the clinical efficiency of these novel devices. Despite 
a current important mediatization, whether these devices 
lead to improved patient outcomes and/or are cost-effec-
tive remains unclear.

AI used after knee arthroplasty
Remote monitoring via smartphones can be used to 
obtain continuous subjective and objective data post-
operatively. The first platforms have been limited by the 
absence of interconnectivity between applications, poor 
user engagement, high cost of sensors, and inability to 
scale [30, 31, 59]. Recently, a machine learning-based 
remote patient monitoring system for smartphones has 
been developed. These devices allow for real-time track-
ing of patient participation in physical therapy and home 
exercise programs through the patient’s smartphone. 
The surgical team can thus follow their rehabilitation 
progress and intervene with an additional clinic visit 
or a phone call if patients are not meeting postopera-
tive milestones [60, 61]. A pilot study of 25 patients who 

underwent TKA has been validated, demonstrating the 
ability of this technology to passively collect data from 
each patient’s smartphone without interruptions [32]. A 
recent randomized clinical trial on 242 patients operated 
on hip or knee arthroplasty found no significant differ-
ence in the rate of discharge to home between the usual 
care arm and the remote patient monitoring arm, but a 
statistically significant reduction in rehospitalization rate 
in the remote patient monitoring arm [33].

Predictive models and machine learning can be used 
to estimate postoperative improvement and patient sat-
isfaction and to learn for future patient and surgeon 
decision-making [62]. The increasing availability of large 
digital healthcare datasets facilitates the development of 
predictive models for postoperative outcomes after TKA 
(Table 2). These predictive models examine how variables 
such as patient-specific attributes, functional scores and 
preoperative pain [95], comorbidities [96], psychologi-
cal features [63, 97, 98], socioeconomic indicators [63] 
or perioperative recovery location influence clinical out-
comes. The main preoperative predictive factors are pain 
scores (VAS and back pain), knee specific PROMs (such 
as KOOS and WOMAC), range of motion, quality of life 
PROMs (EQ-5D), and mental health (assessed by anxi-
ety and depression scales and SF-12). Other factors that 
have also been evaluated are comorbidities (ASA score), 
demographic data (such as BMI, sex, age), previous knee 
surgery, the severity of osteoarthritis, and preoperative 
knee alignment [99]. Predictive models using data from 
very large populations, including several centers or coun-
tries, and objective preoperative 3D anatomy assessment 
are more reliable than those built on limited data sets 
[78]. So far, none of the available predictive models have 
replicated surgeon clinical acumen [100] or become a 
practical tool for clinical use yet. These predictive models 
are still in their research/pre-clinical phase [101].

Limitations and future expectations
The review is not comprehensive enough to include all 
the available technologies but has described the basic and 
current AI applications in knee arthroplasty. The out-
puts of machine learning and AI analyses are limited by 
the types and accuracy of available data sets. Systematic 
biases in clinical data collection affect the recognition 
or prediction of AI patterns, such as women and racial 
minorities due to long-standing under-representation in 
a clinical trial and patient registry populations. Ethical 
considerations regarding the ownership and the use of 
AI data remain unanswered. The robotic platform stor-
ing surgeon and patient information sometimes lacks the 
patient’s express consent, and is then used for product 
development. Although the aggregate data are deiden-
tified, who access the data and what purposes are still 
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debatable. The European Commission has proposed a 
regulatory framework (released on April 2021) to moni-
tor AI with this aim.

The next challenge will be to “close the loop” using 
accurate interconnected data sets and predictive moni-
toring during the different phases of the patient path 
(before, during and after knee arthroplasty) to help 
surgeons and health-care providers in their decision-
making [102] (Fig.  4). The goal is not to replace the 
health-care providers but to assist the medical decision 
collaboratively, combining the doctor’s experience and 
the AI-based tools. The answer is probably collaborative 
intelligence to adjust the patient management using pre-
dictive models and clinical experience and make the sub-
sequent surgery better for every patient.

Conclusion
In knee arthroplasty, the AI-based tools improve the 
decision-making process, surgical planning, accuracy and 
repeatability of surgical procedures. More clinical evi-
dence is needed to confirm the benefits.
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