Kim et al. Knee Surgery & Related Research (2025) 37:44 Knee S u I’g e ry
https://doi.org/10.1186/s43019-025-00295-0
& Related Research

PR : , ®
Artificial intelligence in total knee o

arthroplasty: clinical applications
and implications

Kyeong Baek Kim'?, Gi Beom Kim?, Jun-Ho Kim® and Sang-Min Lee'?*"

Abstract

Background Artificial intelligence (Al), including machine learning (ML) and deep learning (DL), is increasingly being
integrated into total knee arthroplasty (TKA) to improve accuracy, efficiency, and personalized care. These technolo-
gies enable the analysis of large, complex datasets to support evidence-based clinical decision-making across all
phases of the surgical process.

Main body Al has demonstrated utility in multiple stages of TKA. In patient selection, ML algorithms can predict
postoperative complications such as transfusion needs with high accuracy (AUC up to 0.842). For preoperative plan-
ning, DL techniques facilitate 3D anatomical reconstruction and implant size prediction, with some models achieving
over 90% accuracy for exact component sizing, significantly outperforming traditional 2D templating. Intraoperatively,
Al-assisted robotic systems and sensor technologies offer real-time feedback on alignment and soft tissue balancing.
Postoperatively, Al-integrated wearable devices and mobile applications enable continuous monitoring and tailored
rehabilitation; in some randomized trials, these tools have been associated with a statistically significant reduction

in hospital readmission rates. Despite these advances, significant challenges remain, including algorithmic bias, a lack
of model generalizability and explainability, and unresolved ethical and regulatory hurdles that present formidable
barriers to widespread clinical implementation.

Conclusions Al has the potential to significantly reshape TKA by enabling more precise, data-driven, and patient-
centered care. However, its promise is contingent on overcoming critical limitations. Broader implementation requires
robust multicenter validation to ensure model reliability, the development of explainable algorithms to build clinical
trust, and a commitment to responsible innovation. With continued progress, Al can serve as a powerful complemen-
tary tool to augment surgical expertise and enhance patient outcomes in orthopedic surgery.
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Background

The integration of artificial intelligence (AI) and deep
learning (DL) technologies into orthopedic surgery is
accelerating rapidly, with growing attention to their
potential applications in total knee arthroplasty (TKA).
Al supports clinicians by analyzing large-scale data and
identifying complex patterns, thereby enabling more
accurate and efficient decision-making. In orthope-
dic surgery, Al is expected to play a pivotal role in per-
sonalized diagnosis, surgical planning, intraoperative
execution, and postoperative outcome prediction. Tra-
ditionally, surgical decision-making has relied heavily on
the surgeon’s experience and intuition. However, with
the advent of Al-based data analysis and predictive mod-
eling, clinical decision-making is evolving into a more
objective, data-driven, and quantifiable process [1-3].

Al refers to a broad field within computer science
focused on developing technologies that mimic human
cognitive functions such as learning, reasoning, and
decision-making [4]. It encompasses both virtual ele-
ments, such as computing systems, and physical ele-
ments, such as robotics. Machine learning (ML), a subset
of Al, employs algorithms that can learn from structured,
preprocessed data with minimal explicit programming,
enabling systems to automatically improve their perfor-
mance through iterative training [5]. ML algorithms iden-
tify patterns within vast datasets and apply these insights
to make predictions and decisions. Conversely, DL, a
more advanced and specialized subfield of ML, uses mul-
tilayered artificial neural networks that mimic the neural
connections in the human brain [6]. DL algorithms can
process raw, unstructured data, including images, texts,
and clinical notes, without requiring human supervi-
sion, allowing for the automatic extraction and analysis of
clinically meaningful features. This makes DL particularly
effective in handling unstructured clinical data such as
radiographic images and electronic health records [2, 4].

As the global demand for TKA increases in line with
an aging population, AI technologies, particularly ML
and DL, are gaining recognition for their potential to
enhance patient satisfaction, improve surgical precision,
and reduce healthcare costs [7]. In recent years, Al has
shown clinical utility across all stages of TKA, including
patient selection and surgical indications, preoperative
planning and simulation, intraoperative assistance, and
postoperative monitoring and rehabilitation [8]. By lever-
aging large-scale clinical datasets, ML and DL algorithms
enable precise patient stratification, optimize surgical
plans, provide real-time feedback during procedures, and
facilitate tailored postoperative recovery strategies [5].

Furthermore, DL-based Al is gaining prominence in
robotic-assisted knee arthroplasty [6]. The combina-
tion of Al robotic systems, and augmented reality (AR)
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technologies allows for accurate preoperative predictions
of bone resections and implant sizing. Intraoperatively,
Al-powered robotic systems provide real-time kinematic
feedback based on individual limb alignment and soft
tissue tension, thereby supporting dynamic intraopera-
tive decision-making and enhancing surgical accuracy [6,
7]. These systems are expected to improve surgical out-
comes by minimizing alignment outliers and enhancing
overall patient satisfaction [8].

Patient satisfaction is a critical metric in evaluating
TKA outcomes. Numerous factors, including age, sex,
comorbidities, and lower limb alignment, influence post-
operative satisfaction [9]. Integrating these multifacto-
rial determinants into DL-based predictive models could
enhance outcome forecasting and reduce the incidence
of suboptimal results [10]. In addition, Al-assisted post-
operative care tailored to individual patient profiles may
enhance recovery trajectories and overall satisfaction [6].

Despite these promising developments, a clear synthe-
sis of the evidence across the entire clinical workflow is
needed to guide clinicians. Therefore, this structured
review aims to explore the current applications of Al in
TKA, examine how these technologies are being imple-
mented in clinical practice, and critically assess their
potential—and limitations—for improving surgical out-
comes and patient care. This review is structured to
follow the TKA workflow, covering patient selection, pre-
operative planning, intraoperative execution, and post-
operative monitoring, concluding with a discussion of
current challenges and future directions.

Methods

Literature search strategy

This study was conducted as a structured review to syn-
thesize the clinical applications and implications of arti-
ficial intelligence in total knee arthroplasty (TKA). A
comprehensive literature search was performed using
the PubMed, Scopus, and Google Scholar electronic
databases for articles published between January 2015
and March 2025. This timeframe was chosen to capture
the recent acceleration of Al development and adop-
tion in orthopedic surgery. The search strategy utilized
a combination of Medical Subject Headings (MeSH)
and free-text keywords, including: (“artificial intelli-
gence” OR “machine learning” OR “deep learning”) AND
(“total knee arthroplasty” OR “knee replacement”) AND
(“robotics” OR “augmented reality” OR “virtual reality”
OR “preoperative planning” OR “postoperative monitor-
ing” OR “patient selection” OR “surgical simulation”).

Inclusion and exclusion criteria
Studies were included if they met the following crite-
ria: (1) published in the English language; (2) available
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in full-text format; (3) focused on the application of Al,
ML, or DL technologies at any stage of the TKA work-
flow (preoperative, intraoperative, or postoperative);
and (4) were original clinical studies, review articles, or
meta-analyses.

Exclusion criteria were: (1) articles not published in
English; (2) abstracts, conference proceedings, or editori-
als without sufficient data; (3) studies where the primary
focus was not TKA; (4) case reports; and (5) preclinical
or animal studies. The initial search results were screened
by title and abstract, and relevant full-text articles were
subsequently retrieved and assessed for eligibility.

Data extraction and synthesis

Data from the selected articles were extracted and organ-
ized thematically according to the phases of the TKA
care continuum: patient selection and surgical indica-
tion, preoperative planning, intraoperative decision
support, and postoperative assessment. Owing to the
heterogeneity of the included studies and technologies,
a quantitative meta-analysis was not performed. Instead,
a synthesis was conducted to summarize key findings,
identify trends, and discuss the clinical implications and
limitations of the current evidence.

Artificial intelligence for patient selection

and surgical indication decision

Numerous studies have emphasized that one of the most
critical factors influencing the success of TKA is the
appropriate selection of surgical candidates [5, 11]. Tra-
ditionally, orthopedic surgeons have relied on a combina-
tion of clinical assessments, including the patient’s pain
level, functional limitations, and radiographic severity of
osteoarthritis, often evaluated using the Kellgren—Law-
rence (K-L) grading system. However, these conventional
methods are inherently subjective and prone to interob-
server variability, limiting their consistency and repro-
ducibility across clinical settings.

To address these challenges, recent advances in ML
have led to the development of algorithms capable of
integrating diverse datasets, including patient-reported
outcome measures (PROMs), demographic characteris-
tics (such as age, sex, and body mass index [BMI]), and
medical comorbidities, to generate objective, data-driven
assessments of surgical necessity [12]. These predictive
models are increasingly being employed to support indi-
vidualized decision-making regarding TKA indications,
potentially reducing clinician bias and improving the pre-
cision of patient selection.

DL models, in particular, have shown promise in
automating the evaluation of radiographic features such
as the K-L grading. This reduces interobserver dis-
crepancies and enables more consistent classification
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of osteoarthritis severity [6, 13]. Furthermore, DL
algorithms can identify critical preoperative variables
that correlate with postoperative complications. For
instance, Jo et al. [14] developed a gradient boosting
machine model that predicted the need for transfusion
after TKA with good performance (AUC 0.842) using
only six preoperative variables, including hemoglobin
level and patient age. Similarly, Yeo et al. [15] used
multiple ML models to predict surgical site infections,
achieving an AUC of up to 0.84 with an artificial neural
network (ANN). However, a systematic review by Kar-
lin et al. [5] noted that while many such models exist,
only a small fraction (9 out of 30 reviewed studies) have
been externally validated, highlighting a critical gap
between development and clinical readiness.

Beyond primary TKA, Al-based systems are also
being explored in revision knee arthroplasty. These
systems can assist in diagnosing implant loosening
and identifying appropriate implant models through
radiographic pattern recognition [3, 7]. Thus, Al offers
a complementary approach to traditional guideline-
based decision-making by enabling the personalization
of surgical thresholds and optimizing the indications
for surgical intervention [16, 17].

Moreover, AI and ML techniques are being increas-
ingly applied to predict postoperative recovery trajec-
tories and patient satisfaction, two critical outcomes
that significantly influence the overall treatment suc-
cess [2, 7]. With the growing availability of large-scale
electronic health records and structured datasets, the
development of robust predictive models for TKA out-
comes is becoming more feasible [9]. These models are
designed to incorporate a wide range of factors, includ-
ing patient characteristics, preoperative pain levels,
comorbidities, psychological well-being, and socio-
economic indicators, to better evaluate their collective
influence on recovery and satisfaction post-surgery [5,
11].

Key predictors of postoperative outcomes include
baseline pain scores (such as the visual analog scale),
joint-specific clinical scores (such as the Knee Injury
and Osteoarthritis Outcome Score and Western Ontario
and McMaster Universities Osteoarthritis Index), range
of motion, and quality-of-life-related PROMs such as
the EuroQol 5 Dimensions [6, 11]. Measures of mental
health, including anxiety, depression, and general health
status (12-item Short Form Health Survey), are also being
integrated into prediction models. In addition, clinical
and demographic factors such as the American Society
of Anesthesiologists physical status classification, BMI,
sex, age, history of prior knee surgeries, severity of radio-
graphic arthritis, and preoperative limb alignment are
being evaluated as significant predictors [8].
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Despite these advancements, most existing models
remain at developmental or preclinical stages [6]. While
early results have been promising, there is still a lack of
validated and widely applicable models suitable for seam-
less integration into routine clinical practice [9]. Further
research is needed to refine these models, validate their
performance across diverse populations, and assess their
real-world impact on clinical outcomes and decision-
making processes.

Artificial intelligence-assisted preoperative
planning and simulation

Preoperative planning is a critical step that significantly
influences TKA outcome [18]. Traditionally, surgeons
have relied on manual templating using two-dimensional
radiographs to estimate implant size and alignment.
However, this method is inherently limited by operator-
dependent variability and lacks precision, particularly
in anatomically complex cases [7]. The accuracy of such
conventional approaches often depends on the surgeon’s
experience, which can lead to inconsistent outcomes.

Recent advances in Al, particularly in DL-based imag-
ing technologies, have ushered in a new era of precision
and personalization in preoperative planning. DL algo-
rithms utilizing three-dimensional (3D) segmentation
techniques can now accurately extract bone morphology
from computed tomography (CT) scans or even plain
radiographs [19]. These models enable detailed anatomi-
cal reconstruction and individualized implant planning
tailored to each patient’s specific anatomy. Notably, Al
systems have demonstrated high accuracy in predict-
ing optimal implant size. A recent systematic review
by Salman et al. [12] found that AI models achieved
an accuracy of 88.3-99.7% for femoral components
and 90-99.9% for tibial components within a+1 size
deviation. In a direct comparative study, Lan et al. [20]
reported that an Al-based 3D planning tool achieved 90%
accuracy for exact femoral size prediction, significantly
outperforming 2D templating (66.7%). This increased
precision in preoperative planning is crucial, as an Al-
based plan was shown by Lambrechts et al. [18] to reduce
the number of surgeon corrections by 39.7% compared
with a standard manufacturer’s plan, potentially saving
time and reducing intraoperative variability. This marks
a significant advancement in reducing interobserver vari-
ability and subjectivity, which have historically hindered
preoperative planning [21].

Al-assisted planning tools enhance surgical preci-
sion by supporting the selection of implants that best
fit a patient’s unique anatomy. They facilitate optimized
alignment strategies, which are critical for the long-term
success of implants [10]. Furthermore, these systems can
help standardize the planning process across varying
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levels of surgical experience, thereby contributing to
more consistent and reproducible surgical outcomes.
Nevertheless, some limitations remain. Current pre-
dictive models are often based on a narrow set of input
variables, and their recommendations may be limited to
implant options from specific manufacturers or product
lines [5]. Therefore, broader data integration and device-
agnostic algorithm development are essential to maxi-
mize clinical applicability.

In parallel with advancements in planning, Al is also
revolutionizing surgical training and simulation. The
emergence of DL-powered immersive virtual reality (VR)
platforms is transforming how orthopedic surgeons are
educated and prepared for complex procedures [3, 6].
These Al-driven training systems offer real-time guid-
ance during simulated surgeries, allowing users to make
informed decisions regarding implant positioning, ori-
entation, and instrumentation. Simulation environments
can track technical errors, measure procedural efficiency,
and offer performance feedback, thus enhancing the sur-
geon’s ability to minimize operative time and optimize
intraoperative tool use.

This immersive simulation not only accelerates skill
acquisition for trainees but also provides a risk-free envi-
ronment for experienced surgeons to refine techniques
or rehearse complex cases.

In summary, the integration of Al and DL technolo-
gies into preoperative planning and surgical simulation
holds great promise for enhancing surgical accuracy,
reducing variability, and improving clinical outcomes in
TKA. As these technologies continue to evolve, they are
expected to bridge the gap between surgical intuition and
data-driven precision, ultimately transforming preop-
erative workflows into more standardized and predictive
processes.

Artificial intelligence for intraoperative decision
support and sensing

Real-time intraoperative decision-making plays a crucial
role in determining the precision, consistency, and over-
all success of TKA. Intraoperative variability, particularly
in balancing soft tissues and achieving accurate align-
ment, can significantly affect postoperative stability and
long-term patient outcomes. To address this problem,
Al technologies are increasingly being incorporated into
intraoperative workflows, providing surgeons with data-
driven feedback and enhanced surgical control.

Al now contributes to intraoperative navigation,
robotic arm control, and dynamic soft tissue balancing,
offering real-time decision support that augments surgi-
cal accuracy [5]. A particularly notable advancement is
the integration of load-sensing technology with Al. Ver-
straete et al. [22] demonstrated that an ML algorithm
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could use intraoperative load data to guide surgical cor-
rections, achieving a high accuracy (AUC 0.89). More
recently, Al-Nasser et al. [19] developed a novel Al-based
sensor that could predict both load and its location across
the entire tibial surface—not just within a confined tri-
angular area—with an average accuracy of 83.4% for load
and 84.6% for location. While these tools offer objective
feedback to aid surgeons in achieving ligament balance, a
major cause for early TKA revisions, their direct impact
on long-term patient outcomes requires further valida-
tion through prospective clinical trials. These systems
analyze intraoperative load data to help surgeons achieve
balanced ligamentous structures, thereby minimizing
the risk of postoperative instability, malalignment, and
implant failure.

Moreover, DL-based Al is evolving rapidly alongside
robotic surgery and AR platforms. In robotic-assisted
knee arthroplasty, Al facilitates the real-time analysis of
intraoperative kinematic data, providing feedback on cut-
ting angles, gap measurements, and joints [23—-25]. This
feedback allows surgeons to perform personalized proce-
dures with high precision and reproducibility, guided by
preoperative plans that dynamically adapt to intraopera-
tive findings. Consequently, AI-equipped robotic systems
are becoming increasingly popular in both academic and
community orthopedic settings.

Despite growing adoption, current robotic platforms
remain semi-autonomous, relying heavily on human
oversight and lacking the cognitive capabilities to make
independent surgical decisions [7]. DL has the potential
to bridge this gap by enabling robotic systems to better
interpret complex anatomical structures, predict surgi-
cal outcomes, and intelligently respond to intraoperative
changes [2]. Enhanced perception and autonomous adap-
tation through AI may ultimately lead to more intelligent
and efficient robotic systems capable of higher levels of
surgical autonomy.

Beyond robotics, AR-based navigation systems have
emerged as promising tools for intraoperative visualiza-
tion and decision support. AR technology overlays clini-
cal information directly onto the surgical field using a
combination of tracking, computing, and visualization.
Unlike bulky robotic systems, AR devices are typically
more compact, cost-effective, and easier to integrate
into existing surgical workflows [9]. AR systems allow
surgeons to visualize anatomical landmarks and implant
alignment in real time, potentially improving surgical
accuracy without significantly increasing operative time
or complexity.

Recent commercial systems, such as Pixee Medical and
NextAR™, represent the latest innovations in AR-based
navigation. Pixee Medical employs QR code markers and
smart glasses to generate intraoperative 3D coordinate
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systems, aiding real-time alignment and positioning [24].
NextAR"™ integrates preoperative CT imaging with real-
time soft tissue feedback using ligament-balancing sen-
sors [26]. These systems offer novel capabilities; however,
their clinical validations remain limited. Questions per-
sist regarding their long-term accuracy, reproducibility,
and cost-effectiveness compared with conventional and
robotic techniques [10].

Further research is necessary to determine whether
AR-based navigation systems can demonstrably improve
patient outcomes and offer practical value in routine sur-
gical practice. Nonetheless, the future integration of AR
with Al-powered analytics and feedback systems holds
significant potential. Together, these technologies may
enhance surgical planning and execution, contributing to
more precise, efficient, and patient-specific procedures
[6]. As they continue to evolve, they are expected to
redefine the intraoperative environment and transform
surgical decision-making into a more intelligent and
responsive process.

Postoperative assessment and monitoring
Postoperative monitoring is essential for evaluating
recovery progress and detecting early signs of compli-
cations post-TKA. As recovery trajectories can vary
significantly between patients, timely identification of
deviations is critical to prevent adverse outcomes. In
this context, DL-based Al systems are increasingly being
explored for their potential to enhance postoperative
monitoring.

Recent developments in remote monitoring tech-
nologies have enabled the continuous collection of both
subjective and objective patient data using commonly
available devices, such as smartphones and wearable
sensors. Early iterations of these technologies faced sev-
eral limitations, including poor interoperability between
applications, low user compliance, and the high cost of
external sensors [6]. However, technological advance-
ments have led to more streamlined systems that inte-
grate wearable devices, such as smartwatches and inertial
sensors, for real-time gait analysis as well as mobile appli-
cations designed to collect PROMs [2, 10]. These
improvements have made remote monitoring more
accessible and clinically feasible, even in settings beyond
specialized research. Persona IQ®, developed by Zim-
mer Biomet, is a tibial implant with an integrated stem-
based sensor that automatically collects gait and range
of motion data directly from the knee. This information
is transmitted to the mymobility® Care Management
platform, enabling care teams to monitor postoperative
recovery and deliver personalized rehabilitation, with
the goal of improving patient outcomes and clinical
efficiency.
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Using these systems, patients can actively engage in
physical therapy and home exercise programs in real
time using their smartphones. Clinicians, in turn, can
remotely monitor patients’ rehabilitation progress and
receive alerts when individuals do not meet expected
recovery milestones [6]. When deviations are identified,
healthcare providers can intervene through teleconsul-
tation or in-person follow-ups, enabling a more proac-
tive and individualized approach to postoperative care
(Fig. 1).

A recent pilot study involving 25 patients undergoing
TKA reported the feasibility of continuous, passive data
collection using smartphone-based monitoring plat-
forms [27]. The findings in this study showed that such
systems could effectively capture data without requiring
active patient input, thereby minimizing patient burden
and enhancing compliance. A randomized clinical trial
by Mehta et al. [28] involving 242 patients who under-
went hip or knee replacement reported a statistically
significant reduction in rehospitalization rates in the
group using a remote patient monitoring (RPM) system
compared with the standard care group. These findings
underscore the clinical utility of Al-supported remote
monitoring for improving postoperative outcomes.

Al plays a pivotal role in these systems by integrating
and analyzing multivariate data to provide actionable
insights. By learning from large-scale datasets, Al algo-
rithms can identify patients at risk of delayed recovery,
implant-related complications, or suboptimal functional
outcomes. In addition, these systems can help generate
personalized rehabilitation pathways on the basis of real-
time performance data, ensuring that care plans are tai-
lored to each patient’s needs.

Furthermore, ongoing research is exploring the integra-
tion of national joint registry data with Al-driven prog-
nostic modeling. These combined datasets enable the
prediction of key clinical endpoints, such as 90-day read-
mission risk, revision surgery probability, and long-term
functional recovery trajectories [29]. As the volume and

Patient Selection Preoperative Planning

*Automated interpretation of OA

grade *Personalized implant and

*PROMSs and demographic alignment strategies

analysis * VR-based preoperative

+Al-assisted surgical indication simulation
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quality of clinical data continue to grow, these models
are expected to become increasingly accurate and clini-
cally valuable, providing healthcare providers with robust
tools for early intervention and outcome optimization.

A concise summary of the included AI applications,
key studies, reported outcomes, and levels of evidence is
presented in Table 1.

Current limitations and future directions

AI and DL technologies have introduced significant
advancements in orthopedic surgery, particularly in
TKA; however, several limitations remain that must be
addressed to enable broader and more effective clini-
cal implementation [30]. The challenges span from data
quality and algorithmic bias to ethical considerations and
practical barriers to deployment.

Data quality and algorithmic bias

The performance of any Al model is fundamentally
dependent on the quality and diversity of its training
data. Models developed using datasets that lack repre-
sentation across different ethnicities, sexes, and socio-
economic backgrounds may exhibit algorithmic bias,
leading to reduced generalizability and potentially ineq-
uitable outcomes when applied in real-world clinical
settings [31]. For example, systematic biases in data col-
lection have led to the under-representation of women
and racial minorities in clinical trial and registry popu-
lations. Furthermore, crucial information such as social
determinants of health is often missing from electronic
health records, which can hamper a model’s predictive
performance and fairness.

The “black box” problem and clinical trust

Many current Al systems function as “black boxes,
offering predictions without a clear explanation of their
decision-making process. This lack of transparency lim-
its the interpretability and clinical trustworthiness of Al,
as clinicians may be hesitant to act on recommendations

. Postoperative Patient
Intraoperative Support Monitoring

*Gait analysis using wearable
*Soft tissue balancing via load v 9

devices
sensors + DL

*Mobile-based continuous

PROMs tracking

*Real-time intraoperative
>

kinematic feedback

P lized rehabilitati
*AR-assisted resection and ersonalized rehabiitation

. ) +Al-based early prediction of
implant alignment

readmission and revision

Fig. 1 Workflow of artificial intelligence integration in total knee arthroplasty. OA osteoarthritis, PROMs patient-reported outcome measures, Al
artificial intelligence, VR virtual reality, AR augmented reality, DL deep learning
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they do not understand. For clinicians to regularly use
Al algorithms, they need to trust them. Therefore, future
advancements in explainable AI (XAI) are crucial. Tech-
niques that can highlight which input features most influ-
enced a prediction will enhance transparency, support
informed clinical judgment, and ultimately facilitate the
integration of Al into routine workflows [3].

Ethical, regulatory, and governance challenges

The use of Al in medicine introduces complex ethi-
cal and regulatory hurdles. While data privacy and
patient confidentiality are paramount concerns, ques-
tions regarding data ownership also remain unanswered
[1]. For instance, data collected by robotic platforms are
sometimes used for product development, occasion-
ally without the patient’s express consent for that spe-
cific purpose. Furthermore, regulatory frameworks for
Al-powered medical devices must be strengthened. In
the USA and Europe, bodies such as the Food and Drug
Administration (FDA) and Conformité Européenne (CE)
provide oversight, but clear guidelines for the valida-
tion, approval, and post-market surveillance of adaptive
“learning” algorithms are still evolving. The complex legal
issues related to the clinical use of an algorithm are a sig-
nificant barrier to widespread implementation [1, 3, 32].

Barriers to clinical implementation and equity

Despite thousands of Al algorithms being published, very
few are successfully integrated into routine clinical care.
A primary reason is the failure to generalize well outside
of the training data; a systematic review found that only
30% of reviewed Al studies in arthroplasty provided vali-
dation against an external dataset. Safely deploying, mon-
itoring, and updating a clinical Al model also requires
significant technical infrastructure, a field known as
MLOps, which is still new to many healthcare organi-
zations. Finally, the high cost of advanced technologies
such as robotics and Al-powered software raises con-
cerns about equitable deployment, as it could widen the
gap in care quality between well-resourced and under-
resourced institutions [3, 8].

Future directions and limitations of this review
To overcome these challenges, future efforts must pri-
oritize the development of large-scale, multicenter data-
sets that reflect diverse populations. As noted by Mickley
et al. [3], the next wave of Al research will likely focus on
clinical implementation science, explainable Al, and the
increased use of generative Al, such as large language
models (LLMs).

Continuous refinement of AI models based on real-
world evidence, gathered from actual clinical deploy-
ments, is also essential. Unlike controlled research
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environments, real-world settings present challenges
such as data variability, patient noncompliance, and
logistical complexities. Incorporating these factors will
help ensure reliable AI performance.

Finally, we must acknowledge the limitations of this
review. As a structured review, it provides a broad over-
view of the field but does not include a meta-analysis or
a quantitative synthesis of the comparative performance
of different AI models. The conclusions are therefore
based on a qualitative synthesis of the available literature.
By addressing the current limitations and investing in
robust, ethical, and equitable infrastructure, the orthope-
dic community can responsibly harness AI’s capabilities
to improve surgical precision, enhance patient outcomes,
and elevate the standard of care.

Conclusions

The integration of Al into the TKA workflow has the
potential to drive a paradigm shift toward more data-
driven, patient-specific orthopedic care. As this review
has shown, Al applications are demonstrating tangible
benefits, from improving the accuracy of preoperative
planning and implant sizing to enabling personalized
postoperative monitoring that may reduce rehospitali-
zation rates [18, 20, 28]. These technologies offer a path-
way to augment surgical precision and standardize care
by transforming subjective assessments into objective,
quantifiable metrics.

However, a critical appraisal of the current literature
reveals that the journey from algorithmic development
to widespread, reliable clinical adoption is fraught with
significant challenges. Despite promising results in con-
trolled settings, a crucial gap remains in robust, multi-
center external validation; indeed, some reviews indicate
that less than a third of published models have been vali-
dated on external datasets [5]. Issues of algorithmic bias,
the “black box” nature of complex models, and unre-
solved ethical and regulatory hurdles surrounding data
governance and device approval present formidable bar-
riers to implementation [3].

Therefore, while the promise of AI in TKA is sub-
stantial, its future success hinges on a commitment to
responsible innovation. The orthopedic community must
embrace Al not as a replacement for clinical expertise
but as a complementary tool that requires rigorous scru-
tiny. Safe, effective, and equitable integration will demand
ongoing interdisciplinary collaboration, the development
of explainable and transparent algorithms, and—most
importantly—the accumulation of high-quality clinical
evidence to prove not only the validity and utility of these
technologies but also their cost-effectiveness in real-
world practice.
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ML Machine Learning
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