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Machine Learning: the Future of Total Knee 
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Total knee replacement (TKR) is one of 
the most common surgeries worldwide, 
with > 1 million performed last year. 

Many patients have seen tremendous benefit 
from TKR; however, studies have shown that 
up to 20% of patients are not satisfied with 
the results of this procedure.1,2 This equates to 
about 200,000 patients worldwide every year 
who are dissatisfied. This is a huge concern 
to patients, surgeons, implant manufacturers, 
hospitals, and health care payers.

Many attempts to improve satisfaction in 
TKR have been tried, including computer 
navigation, minimally invasive surgery, ro-
tating platform prostheses, gender-specific 
implants, different materials, changes in 
pain management, and revised postoper-
ative rehabilitation.3-7 However, these ef-
forts show no significant improvement in  
satisfaction.

The most common method of TKR today 
involves using a long rod placed through a drill 
hole in the femur. Standardized cuts on the 
femur and tibia are made through metal cut-
ting blocks. Only metal mechanical instru-
ments are used to perform the surgery, and all 
patients are aligned the same. However, ana-
tomic studies have shown that patient anatomy 
in 3 dimensions (3D) varies widely from pa-
tient to patient.8 Our current technique seems 
far removed from modern engineering, where 
we now see extensive use of artificial intelli-
gence (AI) to improve outcomes.  

Machine learning (ML) is considered a sub-
set of AI that involves the use of various com-
puter algorithms. ML allows the computer to 
learn and continually improve analysis of data. 
Large sets of inputs and outputs are used to 
train the machine to make autonomous rec-
ommendations or decisions.9,10

Seven years ago, our team at the Phoe-
nix Veteran Affairs Medical Center in Ari-
zona published a randomized controlled trial 
evaluating a new, individualized alignment 
technique for TKR.11 This method used 3D-

printed guides made from an MRI of an in-
dividual patient’s knee. Instead of aligning all 
knee replacements the same, each patient was 
aligned according to their unique anatomy. 
Compared with the conventional alignment 
technique, the newer technique showed sig-
nificant improvement in all outcome scores 
and range of motion at 2 years postsurgery. 
There has been a great deal of interest in indi-
vidualizing TKR, and many articles and tech-
niques have followed.12

Our surgical technique has evolved since 
publishing our trial. Currently, knee X-rays 
are digitally templated for each patient. Un-
derstanding the patient’s preoperative align-
ment can then assist in planning a TKR in 
3D. A plastic 3D-printed guide is manufac-
tured in Belgium, shipped to the US, steril-
ized, and used in surgery. These guides fit 
accurately on the patient’s anatomy and allow 
precise angles and depth of resection for each 
surgical bone cut. Our research has shown 
that these guides are accurate to within 0.5° 
and 0.5 mm for the bone cuts performed 
in surgery. After surgery, we track patient- 
reported outcomes (PROs), which can then 
be used in ML or logistic regression analysis 
to determine alignment factors that contrib-
ute to the best outcome.13

Soon, use of a robot will take the place 
of the templating and preplanning, allow-
ing the 3D plan to be immediately pro-
duced in surgery by the software installed 
in the robot.14-16 Each patient’s preopera-
tive alignment can then be immediately 
compared with the postoperative result, 
and smartphone technology can allow a pa-
tient to input their PRO after the surgery is 
healed.17

Collecting all this information in a large 
database can allow ML analyses of the out-
comes and individual alignment.14-17 As the 
factors contributing to the best clinical re-
sults are determined, the computer can be 
programmed to learn how to make the best  
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recommendations for alignment of each pa-
tient, which can be incorporated into the 
robotic platform for each surgery. Also pre- 
and postoperative factors can be added to 
the ML platform so we can identify the best 
preoperative patient parameters, anticoagu-
lation program postoperative rehabilitation 
program, etc, to help drive higher PROs and  
satisfaction.

Multiple surgical robots for TKR are now 
on the market. Orthopedic literature includes 
ML algorithms to improve outcomes after 
total hip arthroplasty.18 The EHR can be used 
to develop models to predict poor outcomes 
after TKR. Integrating these models into clini-
cal decision support could improve patient se-
lection, education, and satisfaction.19 AI for 
adult spinal surgery using predictive analyt-
ics can help surgeons better inform patients 
about outcomes after corrective surgery.20,21

With worldwide TKRs expected to ex-
ceed 3 million over the next decade, ML 
using large databases, robotic surgery, and 
PROs could be key to improving our TKR 
outcomes.22 This form of AI may reduce the 
large number of patients currently not satis-
fied with their knee replacement. 

Author disclosures
The author reports no actual or potential conflicts of interest 
or outside sources of funding with regard to this article.

Disclaimer
The opinions expressed herein are those of the author and 
do not necessarily reflect those of Federal Practitioner, Front-
line Medical Communications Inc., the US Government, or 
any of its agencies.

References
  1. Baker PN, van der Meulen JH, Lewsey J, Gregg PJ; Na-

tional Joint Registry for England and Wales. The role of 
pain and function in determining patient satisfaction after 
total knee replacement. Data from the National Joint 
Registry for England and Wales. J Bone Joint Surg Br. 
2007;89(7):893-900. doi:10.1302/0301-620X.89B7.19091 

  2. Noble PC, Conditt MA, Cook KF, Mathis KB. The John 
Insall Award: patient expectations affect satisfac-
tion with total knee arthroplasty. Clin Orthop Relat Res. 
2006;452:35-43. doi:10.1097/01.blo.0000238825.63648.1e 

  3. Matziolis G, Krocker D, Weiss U, Tohtz S, Perka C. A pro-
spective, randomized study of computer-assisted and 
conventional total knee arthroplasty. Three-dimensional 
evaluation of implant alignment and rotation. J Bone Joint 
Surg Am. 2007;89(2):236-243. doi:10.2106/JBJS.F.00386 

  4. Stulberg SD, Yaffe MA, Koo SS. Computer-assisted 
surgery versus manual total knee arthroplasty: a case-
controlled study. J Bone Joint Surg Am. 2006;88(suppl 
4):47-54. doi:10.2106/JBJS.F.00698

  5. Kalisvaart MM, Pagnano MW, Trousdale RT, Stuart MJ, 
Hanssen AD. Randomized clinical trial of rotating-platform 
and fixed-bearing total knee arthroplasty: no clinically de-
tectable differences at five years. J Bone Joint Surg Am. 

2012;94(6):481-489. doi:10.2106/JBJS.K.00315 
  6. Wülker N, Lambermont JP, Sacchetti L, Lazaró JG, Nardi 

J. A prospective randomized study of minimally inva-
sive total knee arthroplasty compared with conventional 
surgery. J Bone Joint Surg Am. 2010;92(7):1584-1590.  
doi:10.2106/JBJS.H.01070 

  7. Thomsen MG, Husted H, Bencke J, Curtis D, Holm G, 
Troelsen A. Do we need a gender-specific total knee 
replacement? A randomised controlled trial com-
paring a high-flex and a gender-specific posterior 
design. J Bone Joint Surg Br. 2012;94(6):787-792.  
doi:10.1302/0301-620X.94B6.28781

  8. Eckhoff D, Hogan C, DiMatteo L, Robinson M, Bach J. 
Difference between the epicondylar and cylindrical axis 
of the knee. Clin Orthop Relat Res. 2007;461:238-244. 
doi:10.1097/BLO.0b013e318112416b

  9. Martin RK, Ley C, Pareek A, Groll A, Tischer T, Seil R. Artificial 
intelligence and machine learning: an introduction for ortho-
paedic surgeons [published online ahead of print, 2021 Sep 
15]. Knee Surg Sports Traumatol Arthrosc. 2021;10.1007/
s00167-021-06741-2. doi:10.1007/s00167-021-06741-2

10. Helm JM, Swiergosz AM, Haeberle HS, et al. Machine 
Learning and Artificial Intelligence: Definitions, Applica-
tions, and Future Directions. Curr Rev Musculoskelet Med. 
2020;13(1):69-76. doi:10.1007/s12178-020-09600-8 

11. Dossett HG, Estrada NA, Swartz GJ, LeFevre GW, Kwas-
man BG. A randomised controlled trial of kinematically 
and mechanically aligned total knee replacements: two-
year clinical results. Bone Joint J. 2014;96-B(7):907-913. 
doi:10.1302/0301-620X.96B7.32812 

12. Rivière C, Iranpour F, Auvinet E, et al. Alignment op-
tions for total knee arthroplasty: a systematic review. 
Orthop Traumatol Surg Res. 2017;103(7):1047-1056.  
doi:10.1016/j.otsr.2017.07.010

13. Dossett HG. High reliability in total knee replacement surgery: 
is it possible? Orthop Proc. 2018;95-B(suppl 34):292-293.

14. Schock J, Truhn D, Abrar DB, et al. Automated analy-
sis of alignment in long-leg radiographs by using 
a fully automated support system based on artifi-
cial intelligence. Radiol: Artif Intell. Dec 23, 2020;3(2).  
doi:10.1148/ryai.2020200198

15. Cabitza F, Locoro A, Banfi  G. Machine learn-
ing in orthopedics: a literature review. Front Bio-
eng Biotechnol. 2018;6:75. Published 2018 Jun 27.  
doi:10.3389/fbioe.2018.00075

16. von Schacky CE, Wilhelm NJ, Schäfer VS, et al. Multi-
task deep learning for segmentation and classification 
of primary bone tumors on radiographs. Radiology. 
2021;301(2):398-406. doi:10.1148/radiol.2021204531 

17. Myers TG, Ramkumar PN, Ricciardi BF, Urish KL, Kip-
per J, Ketonis C. Artificial intelligence and orthopaedics: 
an introduction for clinicians. J Bone Joint Surg Am. 
2020;102(9):830-840. doi:10.2106/JBJS.19.01128

18. Kunze KN, Karhade AV, Sadauskas AJ, Schwab JH, Levine 
BR. Development of machine learning algorithms to predict 
clinically meaningful improvement for the patient-reported 
health state after total hip arthroplasty. J Arthroplasty. 
2020;35(8):2119-2123. doi:10.1016/j.arth.2020.03.019 

19. Harris AHS, Kuo AC, Bowe TR, Manfredi L, Lalani NF, 
Giori NJ. Can machine learning methods produce ac-
curate and easy-to-use preoperative prediction models 
of one-year improvements in pain and functioning after 
knee arthroplasty? J Arthroplasty. 2021;36(1):112-117.e6. 
doi:10.1016/j.arth.2020.07.026 

20. Rasouli JJ, Shao J, Neifert S, et al. Artificial intelligence and 
robotics in spine surgery. Global Spine J. 2021;11(4):556-
564. doi:10.1177/2192568220915718 

21. Joshi RS, Haddad AF, Lau D, Ames CP. Artificial in-
telligence for adult spinal deformity. Neurospine. 
2019;16(4):686-694. doi:10.14245/ns.1938414.207

22. Kurtz S, Ong K, Lau E, Mowat F, Halpern M. Projections 
of primary and revision hip and knee arthroplasty in the 
United States from 2005 to 2030. J Bone Joint Surg Am. 
2007;89(4):780-785. doi:10.2106/JBJS.F.00222 


