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Machine Learning to Predict Incident Radiographic Knee
Osteoarthritis Over 8 Years using Combined MR Imaging
Features, Demographics, And Clinical Factors: Data from the
Osteoarthritis Initiative

Gabby B. Joseph, PhD1, Charles E. McCulloch, PhD2, Michael C. Nevitt, PhD2, Thomas M.
Link, MD PhD1, Jae Ho Sohn, MD, MS?

1Department of Radiology and Biomedical Imaging, University of California, San Francisco

2Department of Epidemiology and Biostatistics, University of California, San Francisco

Abstract

Objective: To develop a machine learning-based prediction model for incident radiographic
osteoarthritis (OA) of the knee over 8 years using MRI-based cartilage biochemical composition
and knee joint structure, demographics, and clinical predictors including muscle strength and
symptoms.

Design: Individuals (n=1044) with baseline Kellgren Lawrence (KL) grade 0-1 in the right
knee from the Osteoarthritis Initiative database were analyzed. 3T MRI at baseline was used to
quantify knee cartilage To, and Whole-Organ Magnetic Resonance Imaging Scores (WORMS)
were obtained for cartilage, meniscus, and bone marrow. The outcome was set as true if a subject
developed KL grade 2—4 OA in the right knee over 8 years (n=183) and false if the subject
remained at KL 0-1 over 8 years (n=861). We developed and compared three models: Model I
112 predictors based on OA risk factors; Model 2. top ten predictors based on feature importance
score from Model 1 and clinical relevance; Mode/ 3. Model 2 without the imaging predictors. We
compared the models using the area under the R OC curve derived from holdout data.
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Results: The 10-predictor model (Model 2, that includes cartilage and meniscus WORMS scores
and cartilage T,) had a slightly lower AUC (0.772) compared to the model with 112 predictors
(Model 1. AUC=0.792, p=0.739); and had a significantly higher AUC compared to the model
without MR imaging predictors (Model 3, AUC=0.669, p=0.011).

Conclusions: A 10-predictor model including MRI parameters coupled with demographics,
symptoms, muscle, and physical activity scores provides good prediction of incident radiographic
OA over 8 years.

Keywords

Osteoarthritis; Cartilage imaging; MRI; XGboost; Machine Learning

INTRODUCTION

Osteoarthritis (OA) is a heterogeneous joint disease that affects approximately 250 million
people globally! and causes severe disability2. Total knee arthroplasty (TKA) is the primary
treatment for severe OA, but it is invasive and often requires secondary revision surgeriesS.
The ability to predict at an early stage which patients will develop knee OA using
multivariate modeling would enable preemptive measures (such as weight loss or lifestyle
changes?) prior to disease development, with prospects of preventing the disability and pain
associated with OA progression. Such a prediction model would include established risk
factors for OA such as obesity, genetic predisposition, and joint injury®: ®; we hypothesize
that integrating imaging features will significantly improve risk prediction for OA.

In addition to demographic risk factors, magnetic resonance imaging (MRI) features have
been associated with knee OA. Such features include meniscus tears’ and cartilage lesions8
seen on MRI, and cartilage T, values®, which are markers of cartilage matrix abnormalities,
specifically collagen architecture and changes in hydration9. We have previously developed
a Tool for Osteoarthritis Risk Prediction (TOARP)1! demographic and MR imaging
predictors, followed by best subsets variable selection and by cross-validation, yielding

an AUC of 0.72. However, we have not used ensemble machine learning approaches for
prediction and, we have not included clinical risk factors such as muscle strength, physical
activity, and symptoms in our previous models.

Knowing which combination of variables best predict OA, and which patients are at risk for
OA development may benefit clinical practice by providing a model that is clinically viable
and easy to implement. Another application of such a model would be to define inclusion
criteria for clinical trials by identifying subjects with a high probability of OA progression;
often clinical trials include patients that may not show signs of OA progression, and thus the
effect of the tested treatment cannot be observed!2.

The purpose of this study was to develop a clinically feasible machine learning-based
prediction model for incident radiographic OA over 8 years using MR imaging-based
cartilage biochemical composition and knee joint structure, demographics, and clinical
features including muscle strength and symptoms. We hypothesized that a XGBoost
ensemble learning algorithm could be used to develop a prediction model for the
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development of radiographic OA, and that by adding MRI-based T, and WORMS scoring
features the prediction compared to a model with only symptoms and demographics will
be improved. Such a model would be designed with a goal of feasibility, having readily
obtainable inputs for widespread clinical implementation.

METHOD

Patient Data

This study utilizes public use limited datasets from the Osteoarthritis Initiative

(OAI; https://www.niams.nih.gov/grants-funding/funded-research/osteoarthritis-initiative)13,
a multi-center (n=4), longitudinal study of persons with increased risk for knee OA aged 45—
79 years at enrollment, aimed at assessing biomarkers in knee OA including those derived
from MR imaging. The study protocol, amendments, and informed consent documentation
were reviewed and approved by the local institutional review boards of all participating
centers.

For the present study, we retrospectively analyzed a sample of OAI subjects by selecting

all subjects that had a Kellgren Lawrence score (KL) =0 or 1 in the right knee from

which we had previously obtained both T, relaxation time and semi-quantitative joint
morphology measures performed by our research group; these readings have been recorded
in our database and the results have been previously published!4-18, Knees with KL 0

or 1 on the baseline weight-bearing, semi-flexed PA radiograph were included to study
subjects without definite radiographic OA of the tibiofemoral joint. The OAI exclusion
criteria were: (i) inflammatory arthropathies (including rheumatoid arthritis and seronegative
spondylarthropathies), (ii) 3T MRI contraindications, (iii) use of ambulatory aids and co-
morbid conditions that may affect the ability to participate in the study. For this analysis we
excluded knees that had at baseline (i) a history of knee injury with post-traumatic deformity
of the knee joint, (ii) total joint replacements at the lower extremities, (iii) MRI evidence

of fractures or abnormalities, that did not fit into the spectrum of OA such as tumor or
inflammation at baseline. A total of 1044 individuals were included in the analysis. Incident
radiographic OA was defined as development of KL grade 2-4 OA in the right knee during
up to 8 years (n=183) and negative if a subject remained grade KL 0 or 1 over 8 years in the
right knee (n=861) as shown in Figure 1. In our model we included questionnaire, upper leg
strength, physical activity, and imaging data.

Questionnaires:

(@) WOMAC (Western Ontario McMaster Universities Osteoarthritis) Index: The
WOMAC (Western Ontario McMaster Universities Osteoarthritis) Index'® is a well-
established questionnaire used to obtain a complete assessment of potential symptoms
related to knee OA including function, pain and stiffness.

(b) Kneelnjury and Osteoarthritis Outcome Score (KOOS): The Knee Injury and
Osteoarthritis Outcome Score (KOOS) provides complimentary information to the WOMAC
index concerning knee symptoms and function with an additional focus on sport and
recreation as well as quality of life during the last 7 days. This score was designed to
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https://www.niams.nih.gov/grants-funding/funded-research/osteoarthritis-initiative

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Joseph et al.

Page 4

extend the target population of the WOMAC index to younger and middle aged subjects
with knee injuries and post-traumatic arthritis2%: 21,

Upper Leg Strength

Bilateral isometric knee extensor and flexor strength were measured using the Good
Strength isometric strength chair (Metitur, Jyvaskyla, Finland)?2. The maximal force
produced during isometric contraction were measured during isometric contractions of the
right quadriceps and hamstring muscles at a knee angle of 60 degrees from full extension.
The coefficient of variation between two consecutive measurements performed two weeks
apart was 6.3% (SD 5.7) for knee extension and flexion strength?2.

Imaging of the knee

Radiographs: Fixed flexion knee radiographs were obtained at baseline, and radiographic
KL grades?3 were provided in the OAI dataset. Subjects with baseline KL grades of 0-1
were selected.

MR Imaging: MR images were obtained using four identical 3.0 Tesla (Siemens
Magnetom Trio, Erlangen, Germany) scanners in Columbus, Ohio; Baltimore, Maryland,;
Pittsburgh, Pennsylvania; Pawtucket, Rhode Island. The following four sequences were
obtained for the morphological analysis: (i) 2D intermediate-weighted fast spin echo (FSE)
sequences with fat suppression in the sagittal plane (3200/30 milliseconds (ms), repetition
time (TR)/ echo time (TE)); (ii) 2D proton density-weighted FSE sequences in the sagittal
plane (2700/20 ms, TR/TE); (iii) 3D T1-weighted fast low-angle shot (FLASH) gradient-
echo sequences (20/7.6 ms/12°, TR/TE/flip angle), 512x512 matrix and (iv) 3D dual echo
steady-state gradient-echo (DESS) obtained in the sagittal plane (16.3/4.7 ms/25°, TR/TE/
flip angle), 307x384 matrix. Further details about the image acquisition are available in the
OAIl MR protocol?4. A sagittal 2D multi-slice multi-echo sequence (MSME, TR=2700ms,
TE,-TE7=10-70ms, spatial resolution=0.313mmx0.446mm, slice thickness=3.0mm, and
0.5mm gap) was used for cartilage T, measurements?>.

MR Image Analysis

WORMS Scoring—WORMS scoring was performed at baseline. MR images of the right
knee obtained at the baseline visit were reviewed on picture archiving communication
system (PACS) workstations (Agfa, Ridgefield Park, NJ, USA). Three radiologists with 8,
6- and 6-years of experience graded all knee abnormalities. In equivocal cases, a consensus
reading was performed with a musculoskeletal radiologist with 25-years of experience.

Baseline cartilage, meniscus, and bone marrow morphology were assessed using a modified
semi-quantitative whole-organ magnetic resonance imaging score (WORMS) as previously
described?®: 27, Compartment specific scores as well as maximum and sum scores were
obtained. The maximum (MAX) cartilage, meniscus or bone marrow edema pattern (BMEP)
scores were defined as the maximum score in any compartment. MRI was evaluated for the
presence or absence of a knee effusion.

Osteoarthritfs Cartilage. Author manuscript; available in PMC 2023 February 01.
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The reproducibility results for WORMS reading have been previously published?’: The
ICC:s for intraobserver agreement were 0.85 (95% CI: 0.79, 0.93) for meniscus WORMS,
0.87 (95% CI: 0.81, 0.92) for cartilage WORMS, and 0.89 (95% ClI: 0.85, 0.91) for

BMEP. The ICCs for interobserver agreement were 0.83 (95% ClI: 0.76, 0.91) for meniscus
WORMS, 0.80 (95% ClI: 0.74, 0.87) for cartilage WORMS, and 0.88 (95% CI: 0.81, 0.94)
for BMEP.

To measurements—Cartilage T, measurements were performed at baseline. Semi-
automatic cartilage segmentation of lateral/medial femur, lateral/medial tibia, and patella
regions was performed as previously described, using an in-house, spline-based software
based on MATLAB (MathWorks, Natick, Massachusetts)28. T, maps were computed from
the MSME images on a pixel-by-pixel basis using 6 echoes (TE=20-70ms) and 3 parameter
fittings accounting for noise2% 30, and averaged over all of the slices in each cartilage
compartment. The first echo (TE=10ms) was not included in the T fitting procedure in
order to reduce potential errors resulting from stimulated echoes. The average cartilage T,
value in the knee was defined as the average T in all the regions described above. 7he
average values in each region and in the knee were predictors in the ML model. Trained
investigators segmented the entire cartilage but used rigorous criteria to exclude sections
with compromised image quality.

Validated methods for obtaining a T, map of the cartilage have been previously

published by our group® 28. The cartilage T, reproducibility results have been described
previously? 18. 28 Inter-reader reproducibility was assessed between the two readers in

10 patients and was 1.66% over all compartments. CVs for single compartments were as
follows: 1.28% for the lateral femur, 1.11% for the lateral tibia, 1.29% for the medial femur,
2.01% for the medial tibia, and 2.42% for the patellal®. For intra-reader reproducibility
analysis, the same reader performed repeated T, measurements in 10 randomly selected
patients with readings separated by at least 14 days. Intra-reader CVs were calculated for
each compartment using these repeated measurements and compartment specific and overall
CVs were as follows: 0.92% for the lateral femur, 1.14% for the lateral tibia, 1.07% for

the medial femur, 1.63% for the medial tibia, 2.33% for the patella, and 1.42% over all
compartments18,

Machine Learning Model Development

Ground Truth: The outcome was set as true if the subject developed KL grade 2-4 OA in
the right knee over 8 years (n=183) and false if the patient remained at KL 0-1 over 8 years
(n=861). All patients had KL grade 0-1 at baseline. The KL grade was used for the ground
truth label generation, described in detail in by Lawrence et al?3, as it has been validated
and extensively used for OA classification3!. A study of image assessment in the OAI found
good reliability for KL grading between baseline and the 36-month follow-up visit, with
values of about 0.70 to 0.80. However, the 8-year reliability readings have not been reported.

Exploratory Data Analysis and Preprocessing—A total of 112 predictors based on
existing literature® 6. 32-34 and clinical relevance including (Model 1) baseline participant
demographics, family history of OA, symptoms, muscle strength, cartilage T, physical
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activity, WORMS scores, physical exam, medication, and knee alignment were used to
predict the development of OA (KL=2-4) over 8 years using XGboost (Python version 3.7,
Python Software Foundation, Wilmington, DE, Figure 2). Supplementary Table 1 lists the
resulting 112 features, by category. No rescaling was performed to the predictor variables
included in the ML model.

Single imputation was used to address missing data using STATA version 16 software
(StataCorp LP, College Station, TX). Supplementary Table 2 reports the percentages of
missing data for each predictor in the final hybrid model. The imputed dataset had a
similar distribution of predictor values compared to the non-imputed dataset for all imputed
predictors.

A 15% holdout test set (on which the final three models were evaluated) was randomly
selected and was not used for the model training and validation process. The remaining
85% of the data was used for training and validation in a 5-fold cross-validation schema
(randomly split training set of 68% and validation set of 17%). 5-fold cross validation was
used to confirm the reliability of the final chosen hyperparameters.

Model Development and Hyperparameter Optimization—The study used a
supervised XGBoost machine learning model3>. XGBoost is a high-performance decision
tree-based algorithm with advantages of high accuracy due to its ensemble learning and high
interpretability due to its feature importance calculation. The feature importance, which is
determined by the level at which the decision tree split occurs, identifies which features
contribute most to the optimized prediction algorithm. It was calculated for a single decision
tree based on the magnitude that each attribute split point improved the performance
measure (weighted by the number of observations the node was responsible for). Then,

each feature importance measure was averaged across all of the decision trees within the
model to obtain an overall “importance” score for each predictor36. The relative importance
(F score) of each variable is scaled so that the sum of all F scores adds to 100, with higher
numbers indicating stronger influence on the response3’.

To tune the hyperparameters for the tree booster, we exhaustively searched the combinations
of the following parameters: number of estimators, maximum depth, minimum child weight,
L1 regularization alpha, gamma, step size shrinkage, lambda, maximum delta step allowed,
subsample ratio of the training instances, and subsample ratio of columns in constructing a
tree on the imputed dataset. The form of the XGboost algorithm was set as multiple logistic.

In order to target the clinical utility of the ML model, we also report a model with only

10 predictors (Model 2) optimized on variables chosen based on the XGBoost feature
importance score and clinically relevant parameters (i.e. disease risk factors such physical
activity and BMI) described in the recent literature® 6:32-34 The predictors in Model 2
included demographics, cartilage T,, WORMS scores, symptoms, physical activity, and
muscle strength. We also report the performance of a clinically relevant model excluding
MR imaging predictors/variables, for comparison purposes as well as for potential usage in
patients without imaging (Model 3). We then obtained an area under the ROC curve (AUC)
for these models using the testing dataset. In summary, we developed and compared three
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models: Model 1. 112 predictors based on OA risk factors; Mode/ 2. top ten predictors
based the F score from Model 1 and clinical relevance based on high yield parameters from
previous literature; Model 3. Model 2 without the imaging predictors.

Model Evaluation—Diagnostic performance for predicting radiographic incidence of OA
using the three machine learning models was determined using area under the receiver
operator characteristic (ROC) analysis on the 15% holdout test set. The ROC AUCs of the
three models were compared in a combined and pairwise fashion using the DelLong test and
confidence intervals were also generated similarly3e.

Statistical Analysis:

RESULTS

Statistical analysis was performed using SAS Studio version 3.8 (SAS Institute Inc., Cary,
NC, USA). Descriptive statistics were performed using a SAS macro program called
“Tablen39, Differences in continuous parameters between groups (i.e. age, BMI) were
assessed using Kruskal Wallis tests, and differences in categorical parameters between
groups (i.e. sex and race) were assessed using Chi-squared tests. Differences in AUCs were
compared between the models pairwise using the Delong test38,

Subject Characteristics

The full dataset (including training/validation and holdout test set) contained 1044
participants; of those 183 were cases that developed KL 2, 3 or 4 over 8 years, and 861

were controls with KL grades 0 or 1 at baseline and up to 8 years. The subject characteristics
are listed in Table 1.

Model 1 — initial model with 112 predictors: The model with 112 predictors had

an AUC of 0.792 (Figure 3), and the 10 top features for prediction (listed in order of
importance) were radial pulse, systolic blood pressure, Western Ontario and McMaster
Universities Arthritis Index (WOMAC) total score, medial femur cartilage T, maximum
cartilage WORMS score, abdominal circumference, knee muscle extension strength, patella
cartilage To, chair stand time, and BMI (Figure 4). The final optimized hyperparameters
for the model with 112 predictors were: number of estimators [100], maximum depth [8],
minimum child weight [3], L1 regularization alpha [0], gamma [1.5], step size shrinkage
[0.2], lambda [20], maximum delta step allowed [100], subsample ratio of the training
instances [0.5], and subsample ratio of columns [0.6].

Model 2: 10 predictors (final proposed model): The final hybrid model with 10
predictors had an AUC of 0.772 (Figure 3), and the predictors (listed in order of importance)
were: chair stand time, age, medial femur cartilage T, maximum meniscus WORMS

score, knee muscle extension strength, systolic blood pressure, mean cartilage T, (in all
regions), maximum cartilage WORMS score, WOMAC pain score, and BMI (Figure 4).
The final optimized hyperparameters for the hybrid model were: number of estimators
[100], maximum depth [10], minimum child weight [1], L1 regularization alpha [2], gamma
[0], step size shrinkage [0.3], lambda [20], maximum delta step allowed [100], subsample
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ratio of the training instances [0.6], and subsample ratio of columns [0.6], which can be
implemented by other researchers on independent datasets.

Model 3: Model 2 without imaging predictors (for comparison): To assess the
value of MR imaging predictors on model performance, we ran an additional model
including only non-imaging predictors (chair stand time, age, knee muscle extension
strength, systolic blood pressure, WOMAC pain score, and BMI), which yielded an AUC
of 0.669 (Figure 3). The feature importance chart is illustrated in Figure 4. The final
optimized hyperparameters for the hybrid model without imaging predictors were: number
of estimators [100], maximum depth [10], minimum child weight [5], L1 regularization
alpha [2], gamma [0], step size shrinkage [0.4], lambda [20], maximum delta step allowed
[100], subsample ratio of the training instances [0.4], and subsample ratio of columns [0.4].

Model Comparison: The 10-predictor model (Mode/ 2, that includes cartilage and
meniscus WORMS scores and cartilage T2) had a slightly lower AUC = 0.772 (95% ClI

= 0.680 to 0.863) compared to the model with 112 predictors (Model 1. AUC=0.792, 95%
Cl =0.694 to 0.890), p=0.739; and had a significantly higher AUC compared to the model
without MR imaging predictors (Model 3, AUC=0.669, 95% CI = 0.567 to 0.770, p=0.011).
The specificities of Models 1, 2, and 3 respectively were: 90.05% [95%CI = 85.6%-94.5%],
90.05% [95%CI = 85.6%—-94.5%], and 87.35% [95%CI = 82.4%-92.3%]. The sensitivities
of Models 1, 2, and 3 respectively were: 36.84% [95%CI = 21.5%-52.1%], 36.84% [95%ClI
= 21.5%-52.1%], and 25.71% [95%CI = 11.2%-40.2%]. The threshold was determined by
maximizing the product of sensitivity and specificity; however, a more clinically relevant,
highly sensitive model with a low threshold is also described in the discussion section. The
model performance results on the validation set are provided in Supplementary Figure 1, and
the confusion matrices are provided in Supplementary Figure 2. The full code can be found
on https://bit.ly/38xVubw.

Missing Data Analysis

The full 112 predictor dataset (Model 1) had missing data of 3.8% on average ranging from
0.0% to 26.0%). Of the 10 chosen predictors in the final proposed model (Model 2), missing
data average of 2.0% (range: 0.0% to 17.6%). Supplementary Table 2 reports the detailed
percentages of missing data for each predictor in the final proposed model (Model 2).

DISCUSSION

We have developed machine learning models that can predict the future development of
radiographic knee OA over 8 years in subjects without radiographic OA at baseline. The
model consisting of 10 predictors (our final proposed model) had only a slightly lower
AUC (0.772) compared to the full model with 112 predictors (0.792), but was substantially
easier to use due to fewer number of predictors, most of which could be easily obtained

in the clinical setting. The 10-predictor model had a significantly higher AUC compared to
the model without imaging predictors (0.669, p=0.011). A unique feature of this study is
assessment of both MRI cartilage T, and WORMS scores in the machine learning models;
these imaging parameters improved diagnostic performance when comparing AUCs from
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the model with and without imaging predictors. The results suggest a valuable impact of
imaging biomarkers in the ML model, which may also eventually translate into improved
and more socioeconomically favorable outcomes. Another unique aspect of this study

is specifically selecting subjects without knee OA at baseline to target and predict the
development of incident radiographic OA over 8 years. This study suggests that using a
model with 10 predictors that includes MR imaging features may be clinically viable for
prediction of radiographic OA development over 8 years.

While the model with 112 predictors had a slightly higher prediction accuracy compared to
the model with 10 predictors, implementing a model with over 100 predictors in a clinical
setting is not feasible. Utilizing a model with only 10 predictors is a viable alternative

for a clinical setting given its comparable diagnostic accuracy to the larger model and a
substantially lower number of predictors. The model with 10 predictors incorporates features
that are easily obtainable during clinical intake including demographic information, pain,
blood pressure, and chair stand time. While MR imaging features may add intricacy for
clinical implementation, they are essential for model diagnostic performance as removing
imaging features from the model significantly decreases the AUC (AUC=0.669 for the
model without MR imaging features vs. 0.772 for the hybrid model with MR imaging
features, p=0.011). To simplify the implementation of cartilage T, quantification in clinical
practice, novel techniques for automatic segmentation have been recently developed having
high accuracy and reproducibility?. Semi-quantitative evaluation of WORMS scores is also
clinically feasible as MRI sequences for WORMS grading are routinely acquired and a
radiologist can perform the gradings relatively quickly.

Prognosis of knee OA is challenging due to the heterogeneity and multifactorial nature of
the disease, and because its pathophysiology is still poorly understood. Machine learning
models for prediction of OA have been developed using varied algorithms, clinical and
structural outcomes, and a range of predictors#L. Outcome measures have included pain,
radiographic joint spacel?, KL grade*2, OARSI grade, TKA%*2 43; predictors have included
demographics, biomechanics, biomarkers, and MR images and extracted features®!. Some
machine learning studies have utilized raw images*? as an inputs using deep learning
(data-driven approach), while others have derived features from an image (i.e. KL score) and
have used those as model inputs in order to reduce dimensionality. We have previously
developed a Tool for Osteoarthritis Risk Prediction (TOARP)!! demographic and MR
imaging predictors, using logistic regression, best subsets variable selection, and by cross-
validation, yielding an AUC of 0.72. A machine learning study by Pedoia et al. utilized
MRI cartilage T, features and demographics for the prediction of knee OA, reporting that T,
values and demographic features alone had AUCs of 0.56 and 0.67, respectively; however,
a joint model using principal components of T, relaxometry patterns and demographics had
an AUC of 0.7740. Our AUC were similar to that of other reported studies as described

in a recent review and demonstrated the importance of MR features for model prediction,
similar to Jamshidi et al*4. With clinical feasibility in mind, our study used a unique hybrid
approach bridging data-driven ensemble machine learning to identify key features with
clinical input thereby creating a model geared toward high performance and ease of use in
the clinic.
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XGboost was our machine learning approach of choice given the known strengths of
ensemble learning in classification tasks that involve standard tabular data. XGboost is

a type of tree-based boosting algorithm with more regularized model formalization to
control over-fitting, which ultimately improves model performance. This ensemble tree-
based model is currently one of the most popular if not the most popular one in Kaggle
machine learning competition community#®, has significant capabilities for parameter tuning
including tree parameters, regularization and cross-validation, and can be robust to the curse
of dimensionality#®. XGboost also allows the identification of features that were important
for final model classification, enhancing interpretability that ultimately allows for convenient
feature selection.

While previous studies have reported that hypertension and OA are associated*’: 48, we are
not aware of any studies that have reported a relationship between radial pulse and OA.
Since these associations are largely unexplored in the literature, we did not include radial
pulse in Model 2. Blood pressure had high feature importance in Models 1 and 3, and

may be considered a proxy for general health; however, the direct mechanisms responsible
for the associations between this parameter and OA are not known. Studies have reported

a relationship between hypertension and OA, possibly due to microvascular remodeling,
leading to reduced blood flow to the subchondral bone and compromised nutrient and
oxygen exchange to the articular cartilage*’48. Additional research may be needed to study
the mechanisms by which pulse is related to OA.

Given only minimal risk involved with early lifestyle modification and close clinical follow
up, we would suggest setting a low threshold for the XGboost output value (for example,
0.0879) to achieve a highly sensitive model with sensitivity of 94 percent at specificity of 43
percent on the ROC curve. Such a sensitive model could serve as a useful screening tool to
identify those who may progress to knee OA and may warrant further workup / follow up.

Several limitations were pertinent to this study including lack of external testing in
independent cohorts though the dataset was acquired from four institutions, and the
challenges and costs to obtain standardized MR imaging and quantify T,/WORMS scoring.
While other quantitative cartilage compositional measurements would be ideal to implement
in the machine learning models, only cartilage T, relaxation time was included as the

OAI only provided images for T, quantification. In addition, we only analyzed the right
knee as MR images for T, quantification were only acquired in the right knee (not left).
Recently, algorithms for automatic T, quantification have been developed*? and there is
ongoing work to standardize T, mapping among acquisition methods, vendors, coils and
post-processing techniques through the Quantitative Imaging Biomarker Alliance (QIBA),
thus enabling future implementation of T, quantification use in a clinical setting. We were
unable to perform external validation as, to the best of our knowledge, no large longitudinal
databases with cartilage T and knee MRIs performed at 3T exist. While ideally cases

and controls would have been age- and BMI-matched, this study did not have a matched
design due to the subject inclusion/exclusion criteria, availability of readings, and sample
size. We instead included age and BMI in the final model and algorithmically adjusted for
these predictors. WORMS and T, quantification have inherent subjectivity due inter-reader
variation; however, the ICCs in this study were deemed as having “good reliability”®C. The
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effects of inter-reader variability on the ML model output were mitigated by including other
predictors in the ML model, and by training with standardized objective data points. Thus,
we do not expect the inter-reader variation to have a large effect on the accuracy of the
model output. We acknowledge that the dataset is imbalanced, have explored balanced
options, and concluded the unbalanced dataset performed the best, potentially due to

higher subject numbers (greater power). Despite these limitations, we believe this study

is significant as it is the first to study using both cartilage compositional measurements and
knee morphologic grading combined with machine learning for prediction of radiographic
knee OA.

In conclusion, we have developed an ensemble machine learning model that uses 10
demographic, clinical, and MR imaging variables to predict the development of radiographic
OA over 8 years with an AUC of 0.772. The 10-predictor model (had a slightly lower

AUC compared to the model with 112 predictors (AUC=0.792), and had a significantly
higher AUC compared to the model without MR imaging predictors (AUC=0.669, p=0.011).
The 10 predictor model may be used to identify people at risk for radiographic OA, thus
providing guidance on inclusion criteria for clinical trials and for patient management prior
to irreversible joint degeneration.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:

Subject Selection Diagram.
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Figure 2:
Machine learning model development schema. For the initial model with 112 predictors

(Model 1), predictors are shown in categories for graphical representation; in the predictor
selection process (Model 2: 10 predictors), we aimed to integrate predictors that were

most important for model performance and relatively easy to obtain in the clinical setting.
XGBOOST was used for the machine learning algorithm. Abbreviations: Medial Femur
(MF); Whole-Organ Magnetic Resonance Imaging Scores (WORMS); Western Ontario and
McMaster Universities Arthritis Index (WOMAC), Body Mass Index (BMI), Osteoarthritis
(OA).

Osteoarthritis Cartilage. Author manuscript; available in PMC 2023 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Joseph et al.

True Positive Rate

Page 17

ROC Curve

a0

0.8 1

o
o
1

o
&
1

8 frg

=

= All Pred: 112 (area = 0.79)
-+ With Imaging Pred: 10 (area = 0.77)
- = No Imaging Pred: 6 (area = 0.67)

0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 3:
ROC curves for a) Model 1: full model with 112 predictors, b) Model 2: 10 predictors

(final proposed model), and ¢) Model 3: Model 2 without MR imaging features (for
comparison; 6 predictors). The 10-predictor model (Model 2, that includes cartilage and
meniscus WORMS scores and cartilage T,) had a slightly lower AUC (0.772) compared

to the model with 112 predictors (Mode/ 1: AUC=0.792, p=0.739); and had a significantly
higher AUC compared to the model without MR imaging predictors (Mode/ 3, AUC=0.669,
p=0.011).
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Figure 4
Feature importance charts, color coded by predictor category for a) model with 112

predictors (Model 1), b) model using 10 predictors (Model 2, final proposed model), and c)
Model 2 without MR imaging features (Model 3, for comparison; 6 predictors). The relative
importance (F score) of each variable is scaled so that the sum of all variable importance
adds to 100, with higher numbers indicating stronger influence on the response3’. Note that
predictor categories: physical exam, medication, alignment, and family history of OA were
not chosen as the top predictors in any of the models, and were therefore excluded from the
Figure. Also, note that the magnitude of the feature importance scores indicate the relative
importance of covariates within a model, and are not comparable between different models.
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Table 1:

Subject Characteristics (descriptive).

Total
(N=1044)

Age (years)
N 1044
Mean (SD) 56.9 (8.32)
Median 55.0
Range 45.0-79.0
BMI (kg/m?)
N 1044
Mean (SD) 27.8(4.38)
Median 27.4
Range 16.9-42.4
Sex, n (%)
Male 457 (43.8%)
Female 587 (56.2%)
Race, n (%)
Other Non-white 18 (1.7%)
White or Caucasian 823 (78.9%)
Black or African American 195 (18.7%)
Asian 7 (0.7%)
Missing 1
KL graderight knee, n (%)
0 704 (67.4%)
1 340 (32.6%)
WOMAC *pajn score (right knee)
N 1044
Mean (SD) 1.8 (2.86)
Median 0.0
Range 0.0-16.0
PASE score
N 1039
Mean (SD) 175.1 (87.05)
Median 167.0
Range 5.0-526.0

*
WOMAC: The Western Ontario and McMaster Universities Arthritis Index;

PASE: physical activity scale for the elderly
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