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ABSTRACT 
In this study, we extended our previous work on analyzing the 

relationship between cartilage thickness and osteoarthritis (OA) 

severity grade change. Cartilage thickness is measured by the 

Cartilage Damage Index (CDI) which includes 60 points marked 

on 3D MRI for each knee joint. In our previous work, we used CDI 

points on femur and tibia compartments only (36 points) as features 

and employed machine learning methods to predict the OA severity 

grade change. In this work, we added the 24 CDI points on patella 

into the feature space and explored whether CDI points from patella 

could improve the accuracy, on a larger dataset. Kellgren-Lawrence 

(KL) grade was used to measure OA severity in this study. 

Artificial neural network (ANN), which showed good performance 

in our previous study, was employed as the machine learning 

method. For KL grade classification, experiment results showed 

that adding patella points improved the performance remarkably, 

from AUC 0.822 to AUC 0.903 and the whole knee CDI achieved 

the best classification performance on the dataset.  
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1 Introduction 
Symptomatic knee osteoarthritis (OA) affects 10% of the 

population over the age of 55 years [1], and is a major cause of 

work loss [2], early retirement [3] and joint replacement [4]. Knee 

OA carries heavy socioeconomic cost. In 2004, arthritis was 

estimated to cost the United States $336 billion, or 3% of the gross 

domestic product, with OA as the most common form of arthritis 

[5-6].   

The pathology of OA disease is still unknown and there are no 

effective interventions that influence its structural progression. The 

absence of useful image features to detect OA progression is a 

major technological obstacle to the development of treatment and 

prevention of knee OA [7]. The advent of magnetic resonance 

(MR) imaging (MRI) offered the promise of addressing this critical 

technology gap by allowing quantification of structural damage in 

joints. However, it is burdensome to measure the cartilage and gain 

effective quantitative measurements from MR images. For 

example, it would cost up to 6 hours to manually segment one 3D 

knee MRI for a reader without considering the extensive training 

cost. 

In recent studies, a new sensitive cartilage biomarker – cartilage 

damage index (CDI), was developed and validated by Zhang [8-9]. 

The method quantifies the cartilage thickness confined to 60 points 

on the surface of cartilage, increasing the measurement efficiency 

and scale responsiveness. The CDI was able to detect up to 14.3% 

annual cartilage change compared to traditional methods, which 

detect 2~3% only [10]. 

This work extended our previous work which explored the CDI 

points on tibiofemoral compartment [11], by adding CDI points on 

patella into consideration. We used Kellgren-Lawrence (KL) grade 

as OA severity measure and trained artificial neural network 

(ANN) to classify the knee joints into different severity classes 

according to CDI features.  

2 Materials and Methods  
The MR images used in this study were from the Osteoarthritis 

Initiative, which is a public database initiated to promote the 

exploration of OA biomarkers. We obtained a sample of 193 pairs 

of knee (baseline year MR scans) that have complete clinical data. 

We chose baseline year Kellgren-Lawrence (KL) grade as the 

measurement to represent OA severity. We divided the data into 

KL  2 and KL > 2 categories, because 2 is a proper threshold to 

distinguish OA and non-OA cases using KL grade.  

Artificial neural network (ANN) was employed to learn the 

mapping function between the CDI feature space and OA severity. 

The structure of ANN was composed of an input layer, an output 

layer, and a hidden layer. The number of neurons contained in the 
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hidden layer was determined as (# of attributes + # of classes)/2. 

Backpropagation algorithm was used to update the weights of 

neurons. 

We applied 10-fold cross-validation in training and testing process. 

The evaluation metrics we used included precision, recall, F-

measure, Matthew’s correlation coefficient (MCC), and the area 

under the receiver operating characteristic (ROC) curve (AUC). 

The formulas of these metrics can be found in [11]. 

3 Experiment Results  
We used the CDI values on 60 information locations on both lateral 

and medial compartment as features to classify KL grades. Among 

the 60 points, 18 are from femur (9 lateral femur and 9 medial 

femur), 18 are from tibia (9 lateral tibia and 9 medial tibia), and 24 

are from patella (12 lateral patella and 12 medial patella). Table 1 

recorded the performance of different feature combinations and the 

ROC curves were plotted in Figure 1. 

Table 1: Classification Performance of ANN for KL rade 
Using Different CDI Combinations 

Compartment Precision Recall F-Measure MCC AUC 

Lateral femur tibia 0.716 0.715 0.715 0.431 0.735 

Lateral femur tibia

patella 0.671 0.668 0.668 0.340 0.745 

Medial femur tibia 0.676 0.674 0.672 0.348 0.717 

Medial femur tibia

patella 0.658 0.658 0.658 0.316 0.721 

Tibiofemoral 0.814 0.813 0.627 0.857 0.822 

Whole knee 0.830 0.829 0.829 0.659 0.903 

 

 

Figure 1: ROC curves on predictions of KL grade by each 
compartment 

As the experiment results showed, adding patella CDI points helped 

improving the classification performance for both lateral and 

medial compartments, as well as the whole knee. For lateral 

compartment, adding patella points improved AUC from 0.735 to 

0.745; for medial compartment, adding patella points improved 

AUC from 0.717 to 0.721; finally, the whole knee (all 60 points) 

achieved the best classification performance with AUC 0.903, 

which was improved from AUC 0.822 without adding patella 

points. 

4 Conclusion  
In this work, we did a pilot study of adding patella CDI points into 

feature space to classify KL grade for OA diagnosis. This was an 

extension from our previous work [11] which explored the feature 

space composed of only femur and tibia CDI points. Different 

combinations of 60 CDI points on the whole knee (tibia, femur and 

patella) were used as features and ANN was employed as the 

classifier. Experiment results showed that the best classification 

performance (AUC=0.903) was achieved using all the 60 CDI 

points. Particularly, we found that the newly added 24 patella points 

are helpful in improving performance for KL grade classification. 

Our future work includes testing the effect of whole knee CDI 

points to classify other OA severity measures, such as JSN, and 

running feature selection method to optimize feature space and 

further improve the classification accuracy.  
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