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ORIGINAL ARTICLES 

Total knee arthroplasty radiographic evaluation via a Bayesian belief 

network. A pilot study

Catalin Cirstoiu1,2, Bogdan Cretu1,2, Bogdan Serban1,2, Sergiu Iordache1,2, Adrian Cursaru1,2, Stefan Cristea1,3, Anca I. 

Eremia1,4, Silvia Nica1,4

Abstract: In an attempt to standardize the X-ray analysis and to create relevant correlations between it and the functional 

results, we present a pilot model of an artificial neural network based on a Bayesian belief network (BNN) designed for the 

automatic analysis of anteroposterior X-ray of the knee following total knee arthroplasty and more precisely the analysis 

of the tibial component. 

A prospective analysis was conducted in which 30 patients were analyzed and two groups resulted: the first was made up 

of 12 cases considered “normal” by the examiners (optimal positioning and cementation) and the second one, which was 

considered “pathological” (incorrect positioning or cementation) and included 16 cases. 

Based on 22 points established on the tibial component several geometric sizes (calculated parameters) were computed. 

Several parameters were compared and the results were up to 75% accuracy, 81.25% sensitivity, and 66.7% specificity. 

BBNs can be a solution for X-ray evaluation of total knee arthroplasty and can improve the understanding of its evolution. 

It needs confirmation in time, its accuracy rising with the number of patients introduced in the analysis algorithm. 
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INTRODUCTION 

Artificial Neural Networking (ANN) are computer systems 

that create connections, similar to those existing in the 

biological neural network [1]. Such systems are programmed 

to learn based on examples, without being programmed in 

advance to identify specific tasks [2]. For example, artificial 

neural imaging systems can identify an area of osteolysis, the 

area that has been previously set as osteolysis using a yes/ 

no algorithm on other images. They can perform this task 

without having the ability to understand what an osteolysis 

area means.  

ANN is made up of a mass of nodes connected by artificial 

neurons just like the component of a biological brain. 

Artificial neurons are interconnected by synapses and can 

send information between them.  
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The initial purpose of these artificial neural networks was to 

create a replica of the human brain and the latter to be able 

to make decisions similar to those made by a human. 

Following their application in different fields, the initial 

purpose was forgotten. They are currently used for verbal 

recognition, translation, social networks, but most 

importantly in the medical diagnosis, such as total knee 

arthroplasty (TKA) [3, 4, 5, 6].  

Thus, for patients with diseased knee or hip joints, total knee 

or hip arthroplasty (TKA/THA) is considered as one of the 

most effective procedures for relieving pain and improving 

joint function [7]. Improvements in joint arthroplasty 

procedures will routinely witness rapid recovery, faster 

functional recovery, lower postoperative discomfort, and 

higher patient satisfaction, which is a win-win for patients 

and surgeons [8]. 

The importance of the restoration of the biomechanical axis 

of the pelvic limb is emphasized in current studies [9]. Proper 

prosthetic positioning, mobility restoration, and pain 

disappearance are factors predicting the long-term survival 

of the prosthesis as well as the postoperative patient 

satisfaction [10]. 

Figure 1: Postoperative TKA image used for Bayesian evaluation 

 

Radiological postoperative evaluation following total knee 

arthroplasty is essential to improve the quality of the surgical 

act. The standard procedure implies that two postoperative 

X-rays are performed, one anteroposterior, and one profile 

X-ray. They analyze the mechanical alignment of the knee, 

bone coverage by the prosthesis, femoral anterior and 

posterior offset, femoral flexion and extension, tibial slope 

(Figure 1). 

Also, during the initial postoperative evaluation, any 

deficiencies in the cementation technique are identified. 

Ideally, it is sought to obtain a uniform cement coat for 

thickness and distribution.   

In an attempt to standardize the X-ray analysis and to create 

relevant correlations between it and the functional results, 

we present a pilot model of an artificial neural network 

based on a Bayesian belief network (BNN) designed for the 

automatic analysis of anteroposterior X-ray of the knee 

following total knee arthroplasty and more precisely the 

analysis of the tibial component. 

BNNs are frequently used in medicine, they provide the 

probability of an outcome based on creating intuitively 

relations between variables [11-15]. 

MATERIALS AND METHODS 

A prospective study in which two lots of patients were used. 

In both, patients with gonarthrosis were included, who were 

subjected to total knee arthroplasty, which was performed 

in the same center by the same surgical team. The inclusion 

criteria were patients over 65 years old, who were subjected 

to TKA, with underlying gonarthrosis disease. Exclusion 

criteria included inflammatory arthritis, post-traumatic 

gonarthrosis with major deformities, unicompartmental 

arthroplasty.  

The two lots of patients were conceived following the X-ray 

analysis on day 0 postoperatively by an independent team of 

orthopedists. Standing AP, profile, and full leg X-rays of 30 

patients were analyzed and two groups resulted: the first 

was made up of 12 cases considered “normal” by the 

examiners (optimal positioning and cementation) and the 

second one, which was considered “pathological” (incorrect 

positioning or cementation) and included 16 cases. 2 

patients were excluded following the appearance of 

postoperative complications. The same patient groups were 

followed up at 1 month, 6 months, and 1 year 

postoperatively. The same set of X-rays was performed at 

each visit.  

Following the constitution of the two groups of patients, it 

was decided to start the computer analysis of the 

postoperative X-rays from 6 months and 1 year. To test the 

validity/relevance of the automatic analysis, we decided that 

the initial analysis should be performed at the tibia level, on 

front-loading X-ray. 22 control points were established at the 

level of the tibial component (Figure 2) that corresponds to 

the placement of the prosthesis and the tibial bone, as 
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shown in the schematic picture, 14 points on the contour of 

the prosthesis and 8 points on the tibia. 

 

Figure 2: 22 control points at the level of the tibial component 

Using the identified points, several geometric sizes 

(calculated parameters) were computed:  

1. The left-right rotation of the X-ray image, determined by 

the difference of the areas associated with the triangles 

determined by points 3 – 4 – 5 and 8 – 9 – 10 on the 

prosthesis.  

2. Up-down rotation of the X-ray view, determined by the 

area associated with the ellipse determined by points 6 – 7 – 

13 – 14 on the prosthesis.   

3. The angle of vertical offset between the axis of the 

prosthesis (calculated as bisector of the angle formed by 

sides 4 – 5 – 6 and 7 – 8 – 9) and the axis of the bone, 

calculated as bisector of the angle formed by sides 17 – 18 

and 21 – 22.  

4. Horizontal offset angle between the base of the prosthesis 

(2 – 3 – 4 – 9 – 10 – 11) and the cut of the bone 15 – 19.  

5. Percentage of coverage to the left of the prosthesis, 

determined by the part of the head bone not covered by the 

prosthesis at level 15 – 2.  

6. Percentage of coverage to the right of the prosthesis, 

determined by the part of the head bone not covered by the 

prosthesis at level 11 – 19.  

7. Variation of previously calculated parameters between 

postoperative images at 1 month and 6 months. 

RESULTS 

Following the schematic of the calculated parameters, a 

Bayes statistical model was applied. 

DECISION 1: Normal-pathological differentiation tests at 

the level of individual X-rays 

Of the many variants tested to make the decision, the best 

results were obtained based on measure 5 (percentage of 

coverage left of the prosthesis), with a threshold of 0.82 for 

differentiation (pathological > 0.82). Taking into account 

these conditions, the normal/ pathological decision correctly 

identified: 11 images from normal patients (out of the 24) 

and 26 images from pathological patients (out of the 32). 

This led to the following sizes: 66.1% accuracy, 81.25% 

sensitivity, and 45.8% specificity.  

DECISION 2: Normal-pathological differentiation tests at 

the level of the pair of individual postoperative X-rays at 1-

6 months  

Of the many variants tested to make the decision, the best 

results were obtained based on combined measures:  

A. The decision according to a single parameter: the sum of 

parameter 1 (left-right rotation of the X-ray view) at 1 and 6 

months, with a decision threshold of 0.47; pathological > 

0.47). Taking into account these conditions, the normal/ 

pathological decision correctly identified: 9 pairs of images 

from normal patients (out of the 12) and 9 pairs of images 

from pathological patients (out of 16).  

This led to the following sizes: 64.3% accuracy, 56.25% 

sensitivity, and 75% specificity.  

B. The decision according to several parameters: the sum of 

parameter 1 (left-right rotation of the X-ray view) at 1 month 

and 6 months, with a decision threshold of 0.47, pathological 

> 0.47, or difference of parameter 3 (vertical offset angle 

between the axis of the prosthesis) at 1 month and 6 

months, with a decision threshold of 0.75, pathological < 

0.75 and difference of parameter 4 (horizontal offset angle 

between the axis of the prosthesis) at 1 month and 6 
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months, with a decision threshold of 1.8, pathological < 1.8.  

Taking into account these conditions, the normal/ 

pathological decision correctly identified: 8 pairs of images 

from normal patients (out of 12) and 13 pairs of images from 

pathological patients (out of 16). This led to the following 

sizes: 75% accuracy, 81.25% sensitivity, and 66.7% 

specificity. 

DISCUSSION 

Artificial neural networks are increasingly present in 

classifications, group creation, pattern recognition, and 

prediction in many disciplines, medicine being among them. 

The huge potential is represented by speed, volume, and 

accuracy of data analysis.  

The Bayesian system developed by us can recognize 

immediately and accurately any deficient positioning of the 

tibial prosthetic component. It can integrate this assessment 

into the clinical context and provide answers to a series of 

questions of patients with low satisfaction. It may be an 

optimal way of evaluating the series X-ray with results that 

are superimposed over those obtained by a CT scan.  

Our model of X-ray analysis by BBN has several limitations. 

The number of patients is not large enough to obtain 

sufficiently conclusive results. X-ray analysis is performed 

only for the tibial component at present, a comprehensive X-

ray analysis that also includes the femoral component is 

required. The registered data do not contain patient 

information: age, weight, degree of osteoarthritis, 

preoperative and postoperative mobility, pain scores, and so 

on. 

CONCLUSIONS 

BBNs can be a solution for X-ray evaluation of total knee 

arthroplasty and can improve the understanding of its 

evolution.  

It needs confirmation in time, its accuracy rising with the 

number of patients introduced in the analysis algorithm.  

It may provide an answer for low satisfaction rates of certain 

patients in whom the prosthetic components are optimally 

positioned and have no other postoperative complications.

References:

1. Greenwood D. An overview of neural networks. Behav Sci. 
1991;36:1-33. Doi:10.1002/bs.383036102. 

2. Terrin N, Schmid CH, Griffith JL, D’Agostino RB, Selker HP. 
External validity of predictive models: a comparison of logic 
regression, classification trees, and neural networks. J Clin 
Epidemiol. 2003;56:721-729. doi: 10.1016/S0895-4356(03)00120-3. 

3. Rughani AI, Dumont TM, Lu Z, Bongard J, Horgan MA, Penar PL, 
et al. Use of an artificial neural network to predict head injury 
outcome. J Neurosurg. 2010;113:585–590. doi: 10.3171/ 
2009.11.JNS09857. 

4. Ongphiphadhanakul B, Rajatanavin R, Chailurkit L, Piaseu N, 
Teerarungsikul K, Sirisriro R, et al. Prediction of low bone mineral 
density in postmenopausal women by artificial neural network 
model compared to logistic regression model. J Med Assoc Thai. 
1997;80:508–515. 

5. Ottenbacher KJ, Linn RT, Smith PM, Illig SB, Mancuso M, 
Granger CV. Comparison of logistic regression and neural network 
analysis applied to predicting living setting after hip fracture. Ann 
Epidemiol. 2004;14:551–559. doi: 10.1016/ 
j.annepidem.2003.10.005.  

6. Lin CC, Ou YK, Chen SH, Liu YC, Lin J. Comparison of artificial 
neural network and logistic regression models for predicting 
mortality in elderly patients with hip fracture. Injury. 2010;41:869–
873. doi: 10.1016/j.injury.2010.04.023.  

7. Bullens PH, van Loon CJ, de Waal Malefijt MC, Laan RF, Veth RP. 
Patient satisfaction after total knee arthroplasty: a comparison 
between subjective and objective outcome assessments. J 
Arthroplasty. 2001 Sep;16(6):740-7. 

8. Rutherford RW, Jennings JM, Dennis DA. Enhancing Recovery 

After Total Knee Arthroplasty. Orthop Clin North Am. 2017 
Oct;48(4):391-400. doi: 10.1016/j.ocl.2017.05.002. Epub 2017 Aug 
8. 

9. Khatib Y, Xia A, Naylor JM, Harris IA, Sorial RM. Different targets 
of mechanical alignment do not improve knee outcomes after TKA. 
Knee. 2019 Dec;26(6):1395-1402. doi: 10.1016/j.knee.2019.08.004. 
Epub 2019 Aug 30. 

10. Lange T, Schmitt J, Kopkow C, Rataj E, Günther KP, Lützner J. 
What Do Patients Expect From Total Knee Arthroplasty? A Delphi 
Consensus Study on Patient Treatment Goals. J Arthroplasty. 2017 
Jul;32(7):2093-2099.e1. doi: 10.1016/j.arth.2017.01.053. Epub 2017 
Feb 7. 

11.  Caillet P, Klemm S, Ducher M, Aussem A, Schott AM. HIP 
fracture in the el- derly: a re-analysis of the Epidos study with causal 
Bayesian networks. PLoS One 2015;10:e0120125. 

12. Takenaka S, Aono H. Prediction of postoperative clinical 
recovery of drop foot attributable to lumbar degenerative diseases, 
via a Bayesian network. Clin Orthop Relat Res 2017;475:872–80. 

13. Stojadinovic A, Kyle Potter B, Eberhardt J, Shawen SB, Andersen 
RC, Forsberg JA, et al. Development of a prognostic naive bayesian 
classifier for successful treatment of nonunions. J Bone Jt Surg Am 
2011;93:187–94. 

14. Nandra R, Parry M, Forsberg J, Grimer R. an a Bayesian belief 
network be used to estimate 1-year survival in patients with bone 
sarcomas. Clin Orthop Relat Res 2017;475:1681–9. 

15. Needham CJ, Bradford JR, Bulpitt AJ, Westhead D. A primer on 
learning in Bayesian networks for computational biology. PLoS 
Comput Biol 2007;3:e129. 


