Automated Joint Space Width
Measurement for Hand Osteoarthritis: A
Deep Learning Approach

Author List

Zhiheng Chang

School of Computing and Data Science
Wentworth Institute of Technology
Boston, MA, USA
Zhihengchang602@gmail.com

Juan Shan

Department of Computer Science
Pace University

New York, NY, USA

jshan@pace.edu

Yue Wang

Department of Computer Science
Pace University

New York, NY, USA
yw46356p@pace.edu

Xinyue Sun

Department of Computer Science
Shandong University

Jinan, Shandong, China
sunxinyuejn@126.com

Jeffrey B. Driban
Division of Rheumatology
Tufts Medical Center
Boston, MA, USA
jeffrey.driban@tufts.edu

Timothy McAlindon

Division of Rheumatology

Tufts Medical Center

Boston, MA, USA 02111
tmcalindon@tuftsmedicalcenter.org

Jeffrey Duryea

Department of Radiology, Brigham and Women’s Hospital and Harvard Medical School
Boston, MA, USA

jduryea@bwh.harvard.edu

Lena Schaefer
Department of Radiology, Brigham and Women’s Hospital and Harvard Medical School
Boston, MA, USA

lenafranziskaschaefer@yahoo.com


mailto:Zhihengchang602@gmail.com
mailto:jshan@pace.edu
mailto:yw46356p@pace.edu
mailto:sunxinyuejn@126.com
mailto:jeffrey.driban@tufts.edu
mailto:tmcalindon@tuftsmedicalcenter.org
mailto:jduryea@bwh.harvard.edu
mailto:lenafranziskaschaefer@yahoo.com

Charles B. Eaton

Center for Primary Care & Prevention, Alpert Medical School of Brown University
Pawtucket, RI, USA

cbeaton51@gmail.com

Ming Zhang

Computer Science
Metropolitan College
Boston University
Mingzhang505@gmail.com



mailto:cbeaton51@gmail.com
mailto:Mingzhang505@gmail.com

Background/Purpose

Hand osteoarthritis (OA) can be assessed visually through radiographs using Kellgren and
Lawrence (KL) system. However, the KL grading system is not fully objective and cannot
distinguish minor differences. Although joint space width (JSW) measuring compensates for
these disadvantages, current semi-automated JSW measurement methods are time-consuming
and financially costly. In this abstract, we introduced a machine learning (ML) approach, which
employs two multi-output regression convolutional neural networks (CNNs) to automatically
measure JSW in 5 subregions on each finger joint (12 joints from a hand radiograph).

Methods

We selected 3,591 hand X-rays from the Osteoarthritis Initiative (OAl). We first used our
previously developed automated joint detection pipeline to identify 41,060 joints. An existing
semi-automated labeling method was used to establish the ground truth for training and
testing. In this study, we used a total of 10,845 distal interphalangeal (DIP) joints, including 576
DIP joints that we selected as a testing set for the ML model method. We then split the other
DIP joints (10,269) into a training set and a validation set by a ratio of 0.8 for training and 0.2
for validation. The ML method took the X-ray finger joint segmentation (measurement region)
and the KL grade as input. Next, the ML method measured five JSW measurements directly
using two multi-output regression CNN models: The non-OA model for KL grade 0 or 1, and the
OA model for KL grade 2 to 4. Both models were built on top of regular VGG-19 architecture.
We trained each model for 1,000 epochs using Mean Square Error (MSE) as the loss function
and optimized using Adaptive moment estimation (Adam) with a learning rate of 10°>.

Results

Table 1 lists the Pearson correlation (r), MSE, and average JSW in millimeters for the ML

method along with the ground truth from the semi-automated software. The method achieved
the highest correlation coefficient of 0.89 and the smallest MSE of 0.013 mm for the KL=0 group.
In general, the ML method performs better in healthy (KL= 0 ~ 1) compared to severe (KL=3 ~
4) joints.

Conclusion

JSW measurement is oftentimes more applicable for examining hand OA than KL system
because of its ability to monitor small positive or negative changes. In this study, we reported
an ML-based approach to obtain five JSW measurements automatically from the radiographs,
which is more efficient than the current method. The method achieves good correlation and
small MSE with the manual JSW among hands with no or minimal hand OA. This work has the
potential to improve the efficiency for hand OA research studies. In future studies, we will



extend the ML models to measure proximal interphalangeal and metacarpophalangeal finger
joints.

Table 1: Result of JSW Measurement using ML

Regression-based method Semi-automated
software
KL r (all p<0.01) MSE JSW avg avg (mm)
(mm) (mm)
0 0.89 0.013 1.122 1.106
1 0.86 0.017 1.050 1.027
2 0.82 0.029 1.006 0.964
3 0.60 0.041 0.843 0.827
4 0.50 0.068 0.878 0.844
Footnote: KL = Kellgren-Lawrence radiographic grading system. R = Pearson
Correlations, MSE = mean square error, avg = average
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Figure 1 Automated JSW measurement using multi-output regression Convolutional neural networks



