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Abstract: Objective: Despite long simulation times, recently developed finite element analysis
(FEA) models of knee joints have demonstrated their suitability for predicting individual risk of
onset and progression of knee osteoarthritis. Therefore, the objective of this study was to assess
the feasibility of machine learning (ML) to replicate outcomes obtained from FEA when simulating
mechanical responses and predicting cartilage degeneration within the knee joint. Design: Two ML
models based on the Gaussian Process Regression (GPR) algorithms were developed. The first model
(GPR1) utilized age, weight, and anatomical joint dimensions as predictor variables to predict tissue
mechanical responses and cartilage degeneration based on FEA data. The second model (GPR2)
utilized age, weight, height, and gender to predict anatomical joint dimensions, which were then
used as inputs in the GPR1 model. Finally, the GPR1 and combined GPR1+GPR2 models were used
to investigate the importance of clinical imaging when making personalized predictions for knees
from healthy subjects with no history of knee injuries. Results: In the GPR1 model, R? of 0.9 was
exceeded for most of the predicted mechanical parameters. The GPR2 model was able to predict
knee shape with R? of 0.67-0.9. Both GPR1 and combined GPR1+GPR2 models offered equally good
performances (AUC = 0.73-0.74) in classifying patients at high risk for the onset and development of
knee osteoarthritis. Conclusions: In the future, real-time and easy-to-use GPR models may provide a
rapid technology to evaluate mechanical responses within the knee for researchers or clinicians who
have no former knowledge of FEA.
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1. Introduction

Knee osteoarthritis (KOA) is a common joint disease, and it is estimated that the
prevalence of KOA among adults aged 45 years and over is around 19% [1]. KOA is
a whole joint disease involving all joint tissues (cartilage and meniscal degeneration,
subchondral bone remodeling, inflammation, and fibrosis of both the infrapatellar fat pad
and the synovial membrane) [2,3]. The disease usually progresses slowly with aging [4,5].
Therefore, the first symptoms, such as joint pain and tenderness, are ignored until they
alter normal gait or decrease quality of life [6-8]. Other risk factors in addition to aging
include gender, heredity, joint injuries, and joint misalignment [2]. Usually, the cause of
the pain is not clinically confirmed until the pain is unbearable. For this reason, patients
often seek medical attention too late, and the only treatment available is pain relief. This
usually only prolongs the decision to have joint replacement surgery, which, in many cases,
is unavoidable due to excessive joint pain. Since joint replacement surgery due to KOA
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has a significant social cost of billions of euros each year [9], new and novel preventative
methods for KOA management are needed.

Although some modifiable risk factors are well known, such as weight or lifestyle
(active vs. inactive) [2,10], few people are willing to make lifestyle changes to reduce their
risk factors. One explanation is that there are no clinically validated methods to quantify
the impact of a change on the future condition of the joint, e.g., risk for development of
KOA. Current research on the prevention of osteoarthritis mainly focuses on developing
quantitative methods and models to classify patients between healthy and osteoarthritic
patients [11-13]. They are mainly based on machine learning (ML) and/or deep learning
(DL) algorithms, where the models are trained to classify radiographically healthy patients
into different degrees of KOA over a given time period with different prognostic variables.
However, the major problem is that although ML/DL models may outperform other
approaches such as FEA, the trained models have not been tested or validated against
independent data from different sources [14]. Furthermore, many classifiers need inputs
from various predictor variables that are either difficult, time consuming, or too unpractical
to collect from patients (e.g., a certain MRI sequence, or blood or urine samples). This raises
the question of the rationality and accuracy of trained ML/DL models.

Finite element analysis (FEA) can be used to estimate internal forces within the knee
joint tissues during certain physical activities [15,16]. Thus, these models are capable of
offering personalized information from stresses and strains inside cartilage and/or bone
and the effect of alterations in subject weight or gait [17,18]. Recent studies on KOA
prediction using FEA workflow [19,20] have shown promising results, which could be
translated into a future tool to assess the future risk of KOA, and further, how different
interventions would reduce the risk. The FEA workflow has some important limitations
that cannot be tolerated in a clinical tool. First, model generation in FEA usually takes days
per subject, which can be considered a bottleneck for subject-specific predictions in clinical
use. However, this can be avoided by using an atlas-based FEA workflow, where the
existing atlas FEA model is scaled to the anatomical dimensions of the knee [21]. Second,
the computational time needed to generate a quantitative output from FEA can take several
hours. This is unfeasible when simulating the effects of different interventions when every
modification of the model input and rerun takes several hours. A final limitation associated
with both the ML/DL models and the FEA method is the need for a clinical image [16]. The
clinical image typically reveals structural changes associated with KOA or damage inflicted
by an injury that explains pain in the joint [8]. However, optimally the prediction should
be provided before any significant advance of or symptoms of KOA, but asymptomatic,
painless knees are rarely imaged. This means that clinical examination and imaging are
usually performed too late for a KOA prediction to be beneficial. Therefore, a clinical
method not requiring samples or clinical imaging would be a great asset, for example, in
screening and identifying the KOA risk of the population.

FEA simulation of a knee requires extensive knowledge of the knee anatomy;, tissue
properties, biomechanics, and computational modeling. While many researchers are experts
in some of these fields, mastering this combination usually requires working on the topic
for many years. Many researchers may be interested in estimating the tissue mechanical
responses of the knee joints as part of their research, e.g., to complement their results or test
their hypotheses. However, currently, this requires either becoming well acquainted with
the listed fields or collaboration with FEA experts. In many cases, the outcome would be
or is expected to be unworthy of the required effort. In contrast, a simple tool that would
provide even rough estimations of the tissue’s mechanical responses based on simple inputs
could be of interest to many researchers.
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There are two aims in this study. The first aim was to translate the subject-specific
atlas-based FEA workflow into real-time ML-based analysis using the Gaussian Process
Regression (GPR) algorithm. We hypothesized that a GPR model can be trained to generate
simulated cartilage degeneration and tissue mechanical responses of cartilage during gait
loading similar to the atlas-based FEA workflow when using age, weight, and anatomical
joint dimensions as a set of predictor variables. The second aim was to generalize the
model by removing the requirement of a clinical image by estimating the anatomical
joint dimensions using another ML-based analysis using also the GPR algorithm. We
hypothesized that an ML model can be trained to generate realistic joint dimensions by
using age, weight, height, and gender as a set of predictor variables. If the hypotheses can
be fully confirmed, it may lead to a method in the future that can easily identify individuals
at high risk of developing KOA and target preventive measures for this population. As
existing research evidence [22] suggests that visual data on the effects of interventions
help to improve patients” adherence to preventive treatment (e.g., weight loss), this novel
method based on the GPR models can be seen as a major leap forward in KOA management.
Moreover, tools based on the developed method could be used for research purposes by
practically anyone without extensive prior knowledge of FEA to complement studies with
estimated tissue mechanical responses.

2. Materials and Methods
2.1. Workflow

Two types of ML models were trained using the exponential kernel-based GPR algo-

rithm (Figure 1):

1.  GPR1—to predict atlas-based FEA method [19] outcomes: contact area, contact pres-
sure, tensile stress, tensile strain, shear stress, shear strain, and pore pressure (peaks
and averages over the tibiofemoral contact area), as well as simulated cartilage degen-
eration using age, weight, and anatomical knee joint dimensions: lateral joint space
(JSLaT-MR1), medial joint space (JSyvep-mr1), maximum lateral anterior—posterior di-
mension (APp a1-mr1), maximum medial anterior—posterior dimensions (APyEp-MRI),
and condyle distance (CDygy), as a set of predictor variables.

2. GPR2—to predict anatomical knee joint dimensions: lateral joint space (JSpaT-xrAY),
medial joint space (JSmpp-xray), and full medial-lateral width of the distal femur
(Wxray) using age, weight, height, and gender as a set of predictor variables.

For the first aim of this study, in the GPR1 models (trained separately for each output
variable), knee joint dimensions were measured from MRI images of the knees. The
trained GPR1 models were validated against the atlas-based FEA method using knee joint
dimensions measured from X-Ray images as a test set. It should be noted that different knee
shapes (knee dimensions) in atlas-based FEA produce different simulation outcomes. In
previous studies [19,23], it was shown that JS dimensions and other dimensions measured
from X-Ray and MRI images are not correlated, and thus the division between training and
testing data can be considered feasible despite the overlap of the subjects in training and
validating data (Figure 2 (top)). It must therefore be taken into account that this approach
produces completely different shapes of knees for training and test data, which is crucial to
avoid overfitting in ML model training.

For the second aim of this study, the knee joint dimensions were predicted using
the GPR2 models (trained separately for each output variable), and these outcomes were
used in the GPR1 models providing a less subject-specific outcome suitable for population
screening and general KOA risk estimation without clinical (image) data (GPR1 + GPR2).
For GPR2 models, ~80% and ~20% of the data from eligible subjects were utilized as training
and testing data (Figure 2 (top)), respectively. Measurements for different anatomical knee
dimensions (MRI and X-Ray) are presented in detail in Section 2.4. All knee dimension
measurements were conducted using in-house Matlab scripts (v. R2022b, MathWorks Inc.,
Natick, Massachusetts, USA).



Appl. Sci. 2024, 14, 9538 40f14

GPR1 model GPR2 model
Predictors (FEA inputs)  Targets (FEA outcomes) Predictors (Subject data)  Targets (Knee geometry)
A_ge Cartilage degeneration Age  Weight JSyeD-xRAY
Weight ) JSLaT-XRAY
Knee geometry Mechanical response Height Gender e
Example
Contact pressure [MPa, average] Knee geometry [mm]
M i— Training data = Validation data h = Training data —— Validation data
2 Medial 3 Lateral JSMED-XRAY JSLAT-XRAY WxRAY
GPR1 / GPR1
1 2 . .{GPR2 *GPR2 “IGPR2
o
/ 5 ‘ : J 1 . ,
% 1 2 % 1 2 3 L 4 = o
2 3 4 o
GPR1 GPRI1 e ot B e s sera
; 2
1 il s
/ : ﬂ
0 0 1{GPR2 [GPR2 IGPR2
0 pEA ! 2 0 1 FEA 2 3 o of :
—— FEAvisionany = GPR Lusidaion istn-h o A 4 N
4 e
2 Medial 2 Lateral T 6 s 10 2 4 e e 6 70 80 90 100
1 /\-/\ 1 /\A M 1 M 1 M 1
measurement measurement measurement
) [} [mm] [mm] [mm]
0 02 04 06 08 0 02 04 06 08
L Time [s] Time [s] ) L )

Figure 1. Overview of the training GPR1 and GPR2 models with predictor and target variables. In the
GPR2 model, the target variables were joint space in the medial compartment (JSMED-xray), joint space
in the lateral compartment (JSpAT-xray), and knee width measured from the distal femur (Wxray)- The
left bottom sub-figure shows an example of the accuracy of the GPR1 model in predicting average
contact pressures in medial and lateral compartments with the training and validation data. In
addition, examples of the predicted (GPR1) and simulated (FEA) average contact pressures during a
single subject’s stance phase are also visualized to help understand how the data produced by the
GPR1 model can be utilized.
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Figure 2. Exclusion criteria for the knee MRI and X-Ray data selection from the OAI database (top).
The detailed variation of subject characteristics used to train and validate the GPR1 and GPR2 models
is shown in Table 1. Clinal images (bottom) present anatomical dimension measurements for MRI
and X-Ray images used to scale the existing template model (both measurements were performed for
the template model data).
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Table 1. Variation in subject characteristics (based on the baseline time) for training and validation
data for GPR1 and GPR2 models (mean =+ sd). The different KL groups in validation data are based
on the KL grade at the 8-year follow-up.

Training Data 2 JSMED-MRI
for GPR1 AE el BMI [kg/m"] il JSLAT-MR1 [mm]
N =2092 56.8 & 6.1 276 +£4.7 50£1.0 6.0£1.0
Validation Data 2 JSMED-xRAY JSLAT-XRAY
for GPR1 AGE [years] BMI [kg/m*~] [mm] [mm]
KLO1
N = 845 56.3 4+ 6.3 264+ 4.4 47+ 0.8 6.7+ 1.1
KL2
N =114 57.8 £5.1 29.3 +4.8 4.6 +£0.8 65+1.2
K34 593 £5.6 28.3 £3.9 46+10 65+14
N=97
Training Data 2 JSMED-XRAY JSrAT-xRAY
for GPR2 AGE [years] BMI [kg/m~] [mm] [mm]

N =1669 56.8 + 6.1 27.8 4.8 47 +09 6.7+£12
Validation Data 2 JSmED-xRAY JSrAT-XRAY
for GPR2 AGE [years] BMI [kg/m~] [mm] [mm]

KLO1
N = 303 56.1 4+ 6.3 26.1 £4.2 47+0.8 6.7+ 1.1
KL2
N =39 569 £5.5 294+ 4.6 47 +08 6.5+ 1.1
KL.34 585 +5.9 28.6 =4.2 46+12 6.6 +1.4
N =33
2.2. Data

Separate sets of exclusion criteria (Figure 2 (top)) for MRI and X-Ray images were ap-
plied to the Osteoarthritis Initiative (OAI) database (https://nda.nih.gov/oai/,
accessed on 1 January 2023) to obtain age, height, weight, gender, and knee MRI and X-Ray
images at baselin and the Kellgren-Lawrence (KL) grades [24] at the 8-year follow-up time-
point of eligible subjects (Table 1). Ethical approval for collecting subject information was
granted by the OAIL Knee MRI scans were carried out in accordance with FDA guidelines,
while knee radiographs (X-Rays) were acquired by typical guidelines for annual and total
radiation dosage to research subjects. Written consent was obtained from all subjects prior
to each clinic visit. The OAI study was approved by the Institutional Review Board (IRB) for
the University of California, San Francisco (UCSF) and its affiliates. IRB approval was also
obtained from all four clinical sites located at Brown University in Rhode Island, Ohio State
University in Columbus, Ohio, University of Maryland /Johns Hopkins University joint
center in Baltimore, Maryland, and at the University of Pittsburgh in Pennsylvania. Further
details about the OAI data are accessible on the OAI website (https://nda.nih.gov/oai/,
accessed on 1 January 2023).

2.3. Training Data in GPR1 and GPR2 Models

The GPR1 models were trained against atlas-based FEA-based simulations of cartilage
degeneration and cartilage mechanical response (see Section 2.1. Workflow). Regarding the
cartilage degeneration of each subject, the training data included multiple sets of predictor
values varying the baseline age to 75 years of age while similarly changing the target
variable (degeneration) and keeping other predictor values constant. Due to different
loading conditions between medial and lateral compartments (different load transfers
through the medial and lateral meniscus) [21], training data were composed separately
for medial and lateral compartments of tibial and femoral cartilage. This produced four
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different GPR1 models (medial tibial, medial femoral, lateral tibial, and lateral medial) with
40,259 different sets of predictor-target variable pairs.

For the cartilage mechanical responses of each subject, the training data included
multiple sets of predictor values varying the discrete gait time points (FEA converged
solutions) while similarly altering the target variable (mechanical response parameters, see
Section 2.1. Workflow) and keeping other predictor values constant. The average and peak
mechanical responses on the tibial cartilage surface through the tibiofemoral joint were
simulated (medial and lateral compartments considered separately due to differences in
loading conditions), which produced a set of four different GPR1 models (medial mean,
medial peak, lateral mean, and lateral peak) with 48,136 different sets of predictor-target
variable pairs.

The GPR2 models were trained against the subject characteristics (see Section 2.1.
Workflow). Based on the exclusion criteria (Figure 2 (top)), to ensure covering the whole
span of predictions, a stratified selection of 33% of subjects (based on KL grade) from
eligible subjects used for the validation of the GPR1 model was performed (N = 355, ~18%).
This also ensured similar prediction accuracies across the KL groups for the training data
(N = 2024 — 355 = 1669, ~78%). This produced three GPR2 models with 1669 different
sets of predictor—target variable pairs when training GPR2 models to predict different
anatomical knee dimensions (Figure 1).

2.4. Atlas-Based FEA Method

The atlas-based FEA workflow utilized has been described in detail in previous
studies [19,21,25]. Here, we present a summary of the main points in the workflow.
Subject-specific knee joint geometries for FEA models were generated using an atlas-
based workflow for all eligible knees using MRI and X-Ray data (N = 2092 MRI-based
models + 1117 X-Ray-based models = 3209 FEA models). To scale the existing atlas model
based on the MRI image data, the following anatomical dimensions of the knee were
measured (Figure 2 (bottom)):

1.  The tibiofemoral joint spaces (total cartilage thickness) at the medial compartment

(JSmED-MRD)-
2. The tibiofemoral joint spaces (total cartilage thickness) at the lateral compartment

(JSLAT-MRD)-
3. The maximum anterior—posterior dimensions at medial femoral condyles (APpED-MRI)-
The maximum anterior-posterior dimensions at lateral femoral condyles (AP AT-MR1)-
5. The medial-lateral condyle distance measured as the distance between the medial
and lateral contact area (CDyRy)-

=

Similarly, the following anatomical dimensions were measured from the X-Ray images
(Figure 2 (bottom)):

1. The tibiofemoral joint spaces in the medial compartment (JSMED-xray)-
2. The tibiofemoral joint spaces in the lateral compartment (JSLAT-Xray)-
3. The full medial-lateral width of the distal femur (Wxyay).

Based on the measured anatomical dimensions, 3D subject-specific knee FEA geome-
tries for medial and lateral compartments were generated and simulated under gait loading
conditions. See the Supplementary Material for a more detailed description of the template
scaling and the material model used.

2.5. Simulation of Cartilage Degeneration

The algorithm for cartilage degeneration was based on a previous study. See the
Supplementary Material for more details.

2.6. Statistical Analysis

The relationship between the GPR1 model and FEA outputs, as well as between
GPR2 model outputs and measured anatomical dimensions, were evaluated using Pear-
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son correlation. The goodness of the correlations was assessed in terms of the coefficient
of determination R? and root mean square error (RMSE). For a comparison of cartilage
degeneration volumes based on OA severity and between the different approaches, the
knees were divided into groups based on the KL-grading at the 8-year follow-up: KLO
and KL1 (healthy), KL2 (doubtful OA), and combined KL3 and KL4 (severe OA). The use
of KL is based on its use in clinical assessment to evaluate the severity of osteoarthritis.
The non-parametric Mann-Whitney U-test (two independent samples) was used to eval-
uate KL group-wise differences in the predicted degenerations based on the GPR1 and
GPR1 + GPR2 models and atlas-based FEA workflows. To evaluate differences within each
KL group between GPR1 and FEA workflows and GPR1 + GPR2 and FEA workflows, a
non-parametric Wilcoxon signed rank test (two related samples) was used. For all statistical
tests, p < 0.05 was considered the level of significance.

To evaluate the suitability of the GPR1 and GPR1+GPR2 models in simulating the
progression of KOA, ROC (receiver operating characteristic) curves and the AUC (area
under ROC curve) were calculated. Instead of presenting confusion matrices between
atlas-based FEA and GPR models for the accuracies of the classifiers, ROC curves are
reported since they allow the evaluation of the performance of the classifier at all possible
classification thresholds [26]. In the ROC analysis, we focused only on demonstrating
classification power against those KL groups that were statistically different from the severe
OA KL34 group. Therefore, KLO and KL1 groups, which can be considered healthy, were
merged (KLO01) in the ROC analysis.

3. Results

The trained GPR1-based predictions of mechanical responses and cartilage degenera-
tion were highly correlated with the outputs based on the FEA workflow (p < 0.001, Table 2).
The Pearson correlation coefficients of determination (R?) for mechanical responses over the
tibiofemoral contact area varied between 0.89 and 1 for the training data, whereas for the
testing data, they varied between 0.66 and 0.98, except for predicted cartilage degeneration
(R? = 1.0). The correlations were stronger in the medial compartment (R? = 0.86-0.98)
compared to the lateral compartment (R? = 0.66-0.89) when predicting the mechanical
responses of cartilage. The trained GPR2-based predictions of knee joint dimensions were
correlated with the dimensions measured manually from the X-Ray images (p < 0.001,
Table 3). The Pearson correlation coefficients of determination (R?) in the training and
validation data were in a similar range. The strongest correlation was found in the full
medial-lateral width of the distal femur.

There were no differences in the simulated volumetric cartilage degenerations be-
tween the atlas-based FEA workflow and GPR1-based predictions in any KL groups
(Figure 3 (left)). Both atlas-based FEA workflow and GPR1-based predictions showed
significantly larger simulated cartilage degeneration in the KL34 group compared to the
KLO0 and KL1 groups (p < 0.001). Additionally, simulated cartilage degeneration significantly
increased with advancing KL grade. When comparing GPR1 + GPR2-based predictions
with the atlas-based FEA workflow-based predictions, the simulated degeneration was
significantly higher in the KL34 group compared to the KLO and KL1 groups (p < 0.001 and
p < 0.01, Figure 3 (right)). In contrast to GPR1-based predictions, GPR1 + GPR2-based pre-
dictions failed to show statistically significant differences between consecutive KL groups.
Furthermore, in the KL2 group, the atlas-based FEA workflow and GPR2-based predictions
differed (p < 0.05). Based on the ROC curves for classification between the KLO1 and KL34
groups, predictions for the onset and progression of KOA were very similar between the
atlas-based FEA workflow and both GPR-based models (AUC = 0.73-0.74, Figure 4).
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Table 2. Accuracy of the trained GPR1 models with training and validation data for different target
variables. Statistics were performed with the Pearson correlation (R?) and the Root Mean Squared
Error (RMSE) between outcomes from GPR1 model and FEA outputs; p < 0.001 in all cases.

GPR1 Model (Training Data)

Target Variable R2 Medial RMSE R2 Lateral RMSE
Contact area [mm?] 1.00 0.045 1.00 0.046
Contact pressure [MPa, peak] 1.00 0.0020 1.00 0.018
Contacgszzzge [MPa, 1.00 0.00077 1.00 0.00072
Tensile stress [MPa, peak] 1.00 0.0030 0.99 0.12
Tensile stress [MPa, average] 1.00 0.0015 1.00 0.00083
Tensile strain [-, peak] 0.97 0.0022 0.92 0.0035
Tensile strain [-, average] 0.98 0.00066 0.98 0.00076
Shear stress [MPa, peak] 1.00 0.0015 1.00 0.040
Shear stress [MPa, average] 1.00 0.00082 1.00 0.00067
Shear strain [-, peak] 0.98 0.0029 0.89 0.0049
Shear strain [-, average] 0.99 0.00064 0.99 0.00073
Pore pressure [MPa, peak] 1.00 0.0043 1.00 0.055
Pore pressure [MPa, average] 1.00 0.0021 1.00 0.0013
Degeneration [mm?3] 1.00 0.031 1.00 0.070
GPR1 Model (Validation Data)
Target Variable R2 Medial RMSE R2 Lateral RMSE
Contact area [mm?] 0.98 2.67 0.80 16.46
Contact pressure [MPa, peak] 0.95 0.19 0.88 0.30
Contacgsgzsé‘ge [MPa, 0.97 0.040 0.85 0.14
Tensile stress [MPa, peak] 0.92 0.44 0.82 0.67
Tensile stress [MPa, average] 0.94 0.14 0.83 0.33
Tensile strain [-, peak] 0.86 0.0046 0.66 0.0068
Tensile strain [-, average] 0.94 0.0012 0.88 0.0025
Shear stress [MPa, peak] 0.92 0.17 0.83 0.27
Shear stress [MPa, average] 0.95 0.058 0.85 0.13
Shear strain [-, peak] 0.88 0.0053 0.68 0.0084
Shear strain [-, average] 0.96 0.0015 0.89 0.0033
Pore pressure [MPa, peak] 0.94 0.49 0.79 0.86
Pore pressure [MPa, average] 0.96 0.19 0.86 0.36
Degeneration [mm?3] 1.00 1.74 1.00 2.61

Table 3. Accuracy of the trained GPR2 models with training and validation data for different target
variables (knee geometry). Statistics were performed with the Pearson correlation (R2) and the Root
Mean Squared Error (RMSE) between outcomes from GPR2 model and manually measured knee

joint dimensions; p < 0.001 in all cases.

GPR2 Model (Training Data)

Target Variable R? RMSE

JSMED-Xray [mm] 0.62 0.73

]SLAT-Xray [mm] 0.65 0.50
Wray [mm] 0.96 1.35
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GPR2 Model (Validation Data)

Target Variable R? RMSE

JSMED-Xray [mm] 0.67 0.67

JSLAT-Xray [mm] 0.72 0.47
Wxray [mm] 0.90 2.26

JSMED-xray = joint space in medial compartment, JSLAT-Xray = joint space in lateral compartment, and Wxray = knee

width measured from distal femur.
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Figure 3. Left figure presents a comparison of simulated volumetric cartilage degenerations using
atlas-based FEA workflow (blue) and GPR1 model (red) in different KL groups (based on the KL
value after the 8-year follow-up period). Identical data were used between atlas-based FEA workflow
and GPR1 model, validation data (N = 1056, see Figure 2 (top)). Mann-Whitney U-test to compare
the different KL groups (*** p < 0.001, * p < 0.05).Wilcoxon signed ranks test between FEA and GPR1
within each KL grade (no significant differences). Right figure presents a comparison of simulated
volumetric cartilage degenerations using atlas-based FEA workflow (blue) and GPR1 + GPR2 model
(red) in different KL groups (based on the KL value after the 8-year follow-up period). Identical data
were used between atlas-based FEA workflow and GPR1 + GPR2 model, validation data (N = 355,
see Figure 2 (top)). Mann-Whitney U-test to compare the different KL groups (*** p < 0.001,
**p <0.01, * p < 0.05). Wilcoxon signed ranks test between FEA and GPR1 + GPR2 within each KL

grade (* p <0.05).
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Figure 4. ROC (receiver operating characteristic) curves with AUC (area under the ROC curve) values
for discrimination between KLO01 and KL34 groups for atlas-based FEA and GPR-based predictions.
The KLO and KL1 groups were merged into the KLO1 group. This was justified by the significant
differences between KLO and KL34 groups and KL1 and KL34 groups (Figures 3 and 4).
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4. Discussion

In this study, atlas-based FEA workflow-based GPR models were extensively evaluated
to determine their capabilities of simulating/predicting the FEA outputs and anatomical
dimensions from knee X-Rays. The first set of ML models (GPR1) was trained to estimate
cartilage mechanical responses and cartilage degeneration against the atlas-based FEA-
based workflow, based on age, weight, and anatomical knee joint dimensions. The second
set of ML models (GPR2) was trained to predict personalized knee joint geometries based
on age, weight, height, and gender. The GPR models had good (GPR2) to excellent (GPR1)
prediction accuracies. Moreover, to investigate a more generalized approach to predicting
cartilage degeneration, i.e., the development of OA, at a population level, GPR1 and GPR2
models were combined. Surprisingly, the combined model, which did not include any
clinical image data, was also able to classify osteoarthritic and healthy knees.

In recent years, a trend of developing ML/DL-based models to predict the onset
and progression of KOA has emerged [11-13]. In these studies, various sets of predictor
variables have been tested, providing different capabilities to offer predictions for cartilage
degeneration. The superiority of the models is assessed by AUC values, but AUC value
comparison is insufficient for judging whether one model is better than another since
the target variables and time periods for prediction may differ a lot in those models. For
example, in one study [27], progressive OA is defined when cartilage thickness is decreased
by more than 0.7 mm, whereas other studies usually define progressive/severe OA as
an increase in KL grade to 2—4 [11-13]. Therefore, it is extremely crucial to adjust the
data properly to avoid uncertainty when interpreting the usefulness of the developed
models. For example, a 1 mm reduction in cartilage thickness in patients with initially
thick cartilage (JS > 1 cm) would likely be diagnosed as healthy. Cartilage thinning or joint
space narrowing is natural during aging, and it may be faster during certain ages [28,29].
It would therefore be preferable to use threshold values that are somehow linked to the
severity of KOA, like KL grades. This is precisely why, in this study, the KL grades were
used as the target variable to classify the severity of KOA.

The prediction accuracy of the GPR2 models for knee shape was surprisingly high.
The results indicate that in addition to knee size, cartilage thickness (in a healthy knee) can
be estimated with high accuracy based on only age, weight, height, and gender. Similar
findings have been presented in earlier studies [28,30]. This further underlines that instead
of predicting cartilage thinning, a more appropriate approach would be to predict different
levels of OA severity based on commonly agreed criteria because cartilage thinning occurs
naturally during aging and, therefore, possesses no need for computational methods to
predict it. Instead of cartilage thinning, the ability to predict the necessity of joint replace-
ment surgery would be of higher importance. This would help in targeting preventative
conservative treatment options to those who would actually benefit from them. It has been
shown that subjects with KL grade 3 or 4 have an increased risk of knee joint replacements
and a decrease in quality of life compared to those with KL grades 0, 1, or 2 [6,31]. Thus,
future studies should prioritize the ability to predict individuals at high risk of developing
KL3 or 4 knees.

Prediction accuracies for the KOA progression for atlas-based FEA workflow, GPR1,
and GPR1 + GPR2 models were very similar with AUC values varying between 0.73 and
0.74 for each. This can be considered puzzling especially as the GPR1 + GPR2 model
provides such comparative prediction accuracy without the need for any clinical image
data input parameters from subjects, whereas FEA and GPR1 require that subject-specific
information. The reason for this can be found in the inclusion criteria for selecting suit-
able subjects for this study. In the current study, knee dimensions were collected from
radiographically healthy knees without visually detectable signs of KOA. As the results
of the GPR2 model have already shown, the joint geometry and cartilage thickness can be
predicted with reasonable accuracy from this patient population. This led to surprisingly
good results in predicting the risk of osteoarthritis onset with GPR1 + GPR2 models.
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As AUC values of 0.7-0.8 can be considered an acceptable discrimination accuracy, this
study emphasizes that FEA is not necessarily needed to offer personalized predictions for
the onset and progression of KOA, as it can be replaced by well-trained ML models using
GPR algorithms. However, it should be considered that when developing an ML-based
classifier based only on those inputs (predictor variables) needed in the GPR1 + GPR2
model, the output is a binary classifier (KL01 vs. KL34) that is not capable of showing
the effect of different interventions (such as weight loss) on the predicted risk for the
onset and progression of KOA. Therefore, a switch from regression-based ML models to
ML classifications is not recommended. In GPR1- and GPR1 + GPR2-based approaches,
the influence of the change in the input parameters (weight) on the prediction can be
quantified. In terms of patient engagement with conservative interventions, e.g., weight
loss, it is important to show how individual lifestyle changes may make a difference in
disease progression [22]. Because the GPR models in this study were trained on a large
patient dataset including healthy knees with a variety of subject characteristics, they will
perform reasonably well for a wide range of patients in terms of age, height, weight, and
gender. However, it must be considered that the cartilage in the tibiofemoral joint must be
intact without signs of excessive thinning or cartilage injuries.

The best thing about the GPR models developed in this study is that they work in real
time. This is a great asset, as the atlas-based FEA workflow utilized in this study requires
approximately two hours of simulation time per knee joint. The trained ML models
based on the GPR algorithms will provide a novel technology to evaluate mechanical
responses within the knee for researchers or clinicians who have no former knowledge of
FEA (Figure 5). Furthermore, the introduced GPR models will enable the development
of new types of exploitable technologies. In the current approaches, the gait loading in
the atlas-based FEA workflow that was used for training (GPR1) was based on the generic
loading conditions based on the body weight of the subject [21,25]. In the future, generic
loading conditions could be replaced with personalized knee joint loading data based on
IMU sensors or video data, e.g., from smartphones [32,33]. This would then allow new
conservative non-clinical interventions for the prevention of osteoarthritis. For instance,
such technology could be used for selecting a shoe or an insole for optimized joint health
or gait re-training.

Comorbidities or significant anatomical abnormalities were not included in our model.
It is really difficult to estimate how much they would affect the presented results. Before
this could be investigated with the help of our model, we would need to understand how
these variables affect the FEA model variables (e.g., joint movement and load) that are
needed to generate training data. If these would have no effect, then the results would
remain the same for these subjects. On the other hand, if they would have a large effect,
then the simulated and predicted KOA levels would be different, but the same between
the FEA and the trained GPR models. Whether these results would be any more accurate
cannot be determined until this is further investigated.

The presented results suggest that trained GPR models can be considered a viable
alternative or even replacement for FEA when making predictions of mechanical responses
or future joint conditions (Figure 5), specifically KOA, when predictions are offered for
individuals who have no history of a severe knee injury. The GPR models provide a quick
and easy tool to assess the risk of onset and progression of osteoarthritis without previous
knowledge of FEA methods. Real-time GPR models (with a simulation time of less than a
second compared to the several hours needed in FEA approaches) provide a rapid tool for
planning preventive care and the technology to engage patients in preventive interventions.
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Figure 5. A Ul example from the software for real-time evaluation of mechanical responses within
knees for researchers or clinicians who have no former knowledge of FEA (A). The user may select
between imaging modalities and add subject details and anatomical dimension measurements (input
data). Based on this info, the user may ask to have different mechanical output parameters based
on trained GPR models (output data). The trained GPR models also enable one to conduct “virtual
interventions” by allowing one to make changes in input parameters (age, weight, and loading).
Furthermore, different mechanical responses can be analyzed simultaneously in medial and lateral
compartments of knee (B).
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