
  

 

Abstract— Several studies have demonstrated that pathologic 

movement changes in knee osteoarthritis (OA) may contribute to 

disease progression. The aim of this study was to investigate the 

association between movement changes during stair ascent and 

pain, radiographic severity, and prognosis of knee OA in the 

elderly women using machine learning (ML) over a seven-year 

follow-up period. Eighteen elderly female patients with knee OA 

and 20 healthy controls were enrolled. Kinematic data for stair 

ascent were obtained using a 3D-motion analysis system at 

baseline. Kinematic factors were analyzed based on one of the 

popular ML methods, support vector machines (SVM). SVM 

was used to search kinematic predictors associated with pain, 

radiographic severity of knee OA, and unfavorable outcomes, 

which were defined as persistent knee pain as reported at the 

seven-year follow-up or as having undergone total knee 

replacement during the follow-up period. Six patients (46.2%) 

had unfavorable outcomes at the seven-year follow-up. SVM 

showed accuracy of detection of knee OA (97.4%), prediction of 

pain (83.3%), radiographic severity (83.3%), and unfavorable 

outcomes (69.2%). The predictors with SVM included the time 

of stair ascent, maximal anterior pelvis tilting, knee flexion at 

initial foot contact, and ankle dorsiflexion at initial foot contact. 

The interpretation of movement during stair ascent using ML 

may be helpful for physicians not only in detecting knee OA, but 

also in evaluating pain and radiographic severity. 

I. INTRODUCTION 

Knee osteoarthritis (OA) is more common in women than 
men and mainly occurs in the elderly [1]. Patients with knee 
OA complain of knee pain with physical activity [2]. Over the 
long term, the limitation of knee joint mobility and the loss of 
muscle strength around the knee result in pathologic 
movement changes in the lower body [3]. In particular, 
movement such as ascending stairs causes more significant 
symptoms and pathologic changes than walking on level 
ground [4]. Studies have shown that the early diagnosis and 
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treatment of OA could help prevent some of the movement 
changes that occur early in OA that lead to higher knee joint 
loading and aggravation of symptoms [5]. 

Recently, many studies have applied the machine learning 
(ML) to gait analysis for prediction of diseases [6]. This 
technique may overcome current biomechanical methods, 
which are time-consuming and subjective. ML is an area of 
artificial intelligence research which uses statistical methods 
for data classification. Support vector machines (SVM) have 
been a widely used ML technique in medicine and 
bioinformatics for selecting informative variables or genes 
and to predict diseases more accurately [7]. The SVM is based 
on mapping data to a higher dimensional space through a 
kernel function, and choosing the maximum-margin 
hyper-plane that separates training data [8]. The goal of the 
SVM is to improve accuracy by the optimization of space 
separation. 

Knee radiography is the primary diagnostic test for knee 
OA. However, the most important factors in designing a 
therapeutic plan are pain and limitation of daily activities [2]. 
Given the difficulties for physicians in developing therapeutic 
plans, a better method for the evaluation of pain, radiographic 
severity, and prognosis in knee OA is needed. We 
hypothesized that the movement associated with ascending 
stairs would be related to pain and radiographic severity. We 
further hypothesized that these patterns of movement would 
affect long-term clinical outcomes, such as total knee 
replacement, which is often considered the definitive 
treatment for severe OA. Thus, in this study, our aims were: 
(1) to differentiate patients with knee OA from controls using 
SVM; (2) to predict pain, radiographic severity, and prognosis 
at long-term follow-up based on the SVM model; (3) to 
determine kinematic factors associated with pain, 
radiographic severity, and prognosis in elderly women with 
knee OA. 

II. METHODS 

A. Study Design 

This study was a secondary analysis performed at a 
seven-year follow-up using the gait database of Severance 
Research Institute of Rehabilitation, Yonsei University 
College of Medicine [9]. Fig. 1 is a flow chart of the ML 
prediction, as well as the inclusion or exclusion criteria for 
study participants. This cross-sectional study included 18 
patients with knee OA and 20 healthy controls enrolled 
between 2002 and 2004. Informed consent was obtained from 
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Figure 1.  Flow chart of the prediction and inclusion or exclusion of study 

participants 

all patients according to the ethical guidelines of the Human 
Research Ethics Committee of Yonsei University Health 
System. 

Subjects with knee OA were eligible for enrollment if 1) 
they were female and at least 45 years of age; 2) they had 
received a diagnosis of bilateral knee OA according to the 
criteria of the American Rheumatism Association [10]; 3) they 
had the ability to climb more than five stairs without a brace; 
4) they did not receive an intra-articular knee injection in the 
one month prior to the study; and 5) they had no hip or ankle 
arthritis. Controls were 1) female and at least 45 years of age; 
2) they had no symptoms in either knee; and 3) they had no 
trauma or other medical history related to the knee. Both 
groups had no history of surgical intervention to either leg or 
neurologic disorder, including stroke and dementia. 

Pain in patients with knee OA was assessed using the 
Western Ontario and McMaster University Osteoarthritis 
Index (WOMAC) [11]. The WOMAC uses five questions 
about pain, two questions about stiffness, and 17 questions 
about physical function. The degree of difficulty due to knee 
OA was rated on a scale from 0 (none) to 4 (extreme) for each 
question. Radiographic severity of knee OA was assessed 
based on Kellgren-Lawrence (KL) grade ranging from 1 to 4 
[12]. Based on the WOMAC pain score, we divided the 
patient group into subgroups with less severe pain (WOMAC 
pain score≤6) and severe pain (WOMAC pain score>6) using 
the mean pain score of 6.1 as shown in Table I. Based on KL 
grade, we also divided the patient group into subgroups with 
less severe OA (KL grade≤2) and more severe OA (KL 
grade>2). 

B. Follow-up Data Collection 

To identify patients with unfavorable outcomes, we 
examined hospital and outpatient visit records at Severance 
Hospital between January 2005 and December 2011. During 
this follow-up period, only clinical outcome without 

movement analysis was obtained because many patients did 
not agree with the further gait analysis. At baseline, this 
observational follow-up consisted of 18 patients with knee 
OA who underwent gait analysis before 2005. Similarly to 
Kastelein [13], we defined unfavorable outcomes as refractory 
severe pain at seven-year follow-up or having undergone total 
knee replacement during the follow-up period. A total of 13 
patients with knee OA were available for seven-year 
follow-up. Six of 13 patients had unfavorable outcomes at the 
seven-year follow-up visit. Two patients complained of severe 
knee pain and four patients had undergone total knee 
replacement during follow-up. 

C. Gait Analysis 

Movement during stair-ascent trials was assessed using the 
Vicon 370 Motion Analysis System (Oxford Metrics Inc., 
Oxford, U.K.). This system consists of six cameras and one 
force plate (Klistler Inc., Winterthur, Switzerland) placed at 
the first step. A total of 13 reflective markers were attached to 
each participant according to the Vicon protocol provided by 
the manufacturer. The staircase consisted of four steps. The 
step dimensions were designed with height of 15 cm, tread of 
28 cm, and width of 100 cm according to the Korean 
Regulations on Standards of Housing Construction. We 
defined the starting point of stair ascent as the first foot 
contact with the first step. Similarly, we defined the endpoint 
as foot contact with the last stair step. Analysis of the 
kinematic data was performed using Vicon Polygon 2.0. 
Finally, we investigated the association between kinematic 
factors during stair ascent and pain, radiographic severity, and 
prognosis of knee OA in elderly women using the SVM. 

D. Data Analysis 

To test how well movement during stair-ascent trials 
indicated diagnostic detection, pain, radiographic severity, 
and prognosis of knee OA, we evaluated the predictive 
accuracy of SVM using kinematic factors using the 
leave-one-out cross-validation (LOOCV) procedure, which is 
suitable for the evaluation of small sample sizes [14]. The area 
under the receiver operating characteristics curve 
(AUC-ROC), sensitivity, and specificity were also calculated. 
Kinematic factors included the time of stair ascent and 
kinematic data, including angular features of the pelvis, hip, 
knee, and ankle, and are shown in Table I [15]. The LOOCV 
was used to validate the performance of the SVM method and 
the methods proposed by Miyazaki [3] and Kamruzzaman 
[16] in previous studies. 

The goal of assessing training SVM was to maximize the 
sum of the predictive accuracy for four clinical problems such 
as diagnostic detection of knee OA, severe pain, severe 
radiographic OA, and unfavorable outcomes in knee OA. To 
obtain optimal ML method performance, we adopted a grid 
search in which a range of parameter values was tested using 
the LOOCV [6]. The optimal model of SVM was found using 
a Gaussian kernel function with a penalty parameter C of 10 
and a scaling factor σ of 50. To overcome high dimensionality, 
variable selection was necessary in order to achieve effective 
prediction. We adopted backward elimination as a feature 
selection method for consistency subset evaluation [17]. 
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Therefore, starting from all kinematic factors, the variables 
were removed one at a time until the accuracy of the training 
ML method did not improve. We determined the order of the 
variables with the embedded method of SVM [18]. 

We used MATLAB 2010a (Mathworks Inc., Natick, MA) 
for the analysis of ML and SPSS 18.0 (SPSS Inc., Chicago, 
IL) for statistical analysis. Due to the small sample size, the 
differences and relationship between variables were analyzed 
by the Mann-Whitney U-test and the Spearman’s rank 
correlation coefficient with a significance level of 0.05, 
respectively. To compare the performance of the models, we 
plotted the performance in a ROC space due to the limitation 
for generating a ROC curve in cross validation as the previous 
study did [19].  

III. RESULTS 

A. Baseline Characteristics and Movement Data 

Table I shows the baseline characteristics of participants 
in the knee OA group and the control group. The time required 
for stair ascent was higher in the knee OA group. In 
comparison to the control group, the angles of maximum 
anterior pelvis tilting, minimal hip flexion, maximal hip 
flexion, minimal knee flexion, and maximal ankle plantar 
flexion were significantly higher in the knee OA group. The 
angles of knee flexion and ankle dorsiflexion at initial foot 
contact were significantly lower in the knee OA group. 

TABLE I.  BASELINE CHARACTERISTICS AND KINEMATIC DATA ON 

STAIR ASCENT 

 Baseline 

Knee OA 

(N=18) 

Normal control 

(N=20) 
P-value  

Age (years)  65.3±9.6  61.0±5.6  0.095  

Height (cm)  154.2±5.5  153.8±5.5  0.820  

Weight (kg)  58.2±8.1  58.6±7.3  0.889  

BMI (kg/m2)  24.5±2.9  24.7±2.4  0.761  

WOMAC total  16.6±7.3  -  -  

  Pain  6.1±3.1  -  -  

  Stiffness  0.8±0.9  -  -  

  Physical  9.3±5.4  -  -  

Kellgren-Lawrence grade     

  1  2 (11.1)  -  -  

  2  7 (38.9)  -  -  

  3  8 (44.4)  -  -  

  4  1 (5.6)  -  -  

Time during stair ascent (sec)**  7.2±1.5  5.1±0.7  <0.001  

Kinematic data (degrees)     

Maximal pelvis anterior tilting**  30.1±5.4  23.6±4.6  <0.001  

  Hip Fl at IC  75.1±6.5  71.4±5.0  0.059  

Minimal hip Fl**  27.5±6.4  18.0±5.5  <0.001  

Maximal hip Fl**  85.9±5.6  77.2±5.3  <0.001  

Knee Fl at IC**  63.6±7.92  69.4±3.0  <0.001  

Minimal knee Fl**  22.4±2.3  18.4±3.3  <0.001  

  Maximal knee Fl  99.5±7.39  99.7±5.24  0.926  

Ankle DF at IC**  10.2±5.6  17.7±3.9  <0.001  

  Maximal ankle DF  26.1±4.6  25.6±4.6  0.707  

  Maximal ankle PF*  14.5±5.9  9.9±4.9  0.014  

Data are presented as mean ± SD or n (%) 

*P-value<0.05, **P-value<0.001 

OA: osteoarthritis, BMI: body mass index, Fl: flexion, IC: initial foot contact, DF: 

dorsiflexion, PF: plantar flexion 

 

 

 

B. Prediction Performance 

Table II summarizes the results of the LOOCV and 
variable selection used in the SVM and the methods in 
previous studies. Gray shadow represents the original 
implementation proposed by Miyazaki [3] and Kamruzzaman 
[16]. We applied this method to obtain other results. SVM 
performed best in the detection of knee OA with an accuracy 
of 97.4% (AUC: 0.972, 95% CI: 0.789-0.988) in patients and 
controls. SVM also performed best in the prediction of severe 
pain (accuracy: 83.3%, AUC: 0.833, 95% CI: 0.476-0.955) 
and radiographic severity (accuracy: 83.3%, AUC: 0.833, 
95% CI: 0.746-0.955) among patients with knee OA. The 
predictors of the SVM model included time for stair ascent, 
maximum anterior pelvis tilting, knee flexion at initial foot 
contact, and ankle dorsiflexion at initial foot contact. Fig. 2 
shows the performance of the prediction models in a ROC 
space using the LOOCV. While SVM performed better in the 
detection of knee OA, severe pain, and severe radiographic 
OA than other methods in previous studies, there was no 
difference between the method by Miyazaki [3] and SVM in 
the prediction of unfavorable outcomes (accuracy: 69.2%, 
AUC: 0.702, 95% CI: 0.277-0.950). 

Pain and radiographic severity, which are well known 
features of knee OA, are indications for total knee 
replacement surgery. To elucidate why SVM performed better 
than previous methods, we studied the relationship between 
knee pain or radiographic severity and predictors of SVM. 
Knee pain was associated with time required for stair ascent (r 
= 0.489, P = 0.020) and ankle dorsiflexion at initial foot 
contact (r = -0.403, P = 0.048). Similarly, radiographic 

 

Figure 2.  Classifier performance in the ROC space using leave-one-out 

cross-validation to detect (A) knee osteoarthritis, (B) severe pain (WOMAC 

pain score>6), (C) more sever osteoarthritis (Kellgren-Lawrence grade>2), 

and (D) unfavorable outcome (e.g. having undergone total knee replacement) 
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was associated with maximum anterior pelvis tilting (r = 0.449, 
P = 0.031) and knee flexion at initial foot contact (r = -0.492, 
P = 0.019). There was no significant relationship between pain 
and radiographic severity (r = 0.232, P = 0.354).  

IV. DISCUSSION AND CONCLUSION 

This cross-sectional study used ML analysis of movement 
to predict detection of knee OA, severe pain, severe 
radiographic OA, and poor prognosis at seven-year follow-up. 
We hypothesized that ML could assist in decision-making for 
knee OA management when a patient has knee symptoms 
during activities such as stair ascent. This study confirmed the 
relationship between movement during stair ascent and knee 
OA related factors in the prediction of pain and radiographic 
severity. 

SVM differentiated patients with varying stages of knee 
OA from normal controls with very high accuracy of 97.4%. 
SVM also showed high accuracy of 83.3% in predicting of 
radiographic severity. These results indicate that an early 
stage of knee OA could be detected using this method. Since 
recent studies suggest that an early diagnosis of OA before 
irreversible degenerative changes occur is important, our 
methods could be used to prescreen for knee OA. To our 
knowledge, this is the first study to investigate the use of 
kinematic and long-term follow-up data on movement during 
activities such as stair ascent to predict pain, radiologic 
severity, and prognosis of knee OA using ML. 

Because the SVM model considers input variables based 
on their own characteristics of nonlinearity and high 
dimension [16], the SVM model dealt with a separating space 
consisting of variables in high dimension and was thus able to 
consider all variables, improving its performance in predicting 
pain and radiographic severity of knee OA. One of the 
disadvantages of SVM was that it required many parameters 
to construct an optimal SVM model. Since there is no reliable 
method for selecting the optimal penalty parameter, C, and 
scaling factor, σ, of the Gaussian kernel function, we carried 
out an exhaustive grid search by changing the parameters. 

There were several limitations to this study. First, since the 
sample size was too small to accurately test the hypothesis it 
was difficult to separate the data into training and test sets for 
obtaining consistent results. Therefore, we adopted the 
LOOCV. Second, this was a cross-sectional study. This meant 
that we assessed movement once at baseline, but did not assess 
movement changes at follow-up because many patients did 
not agree with the further gait analysis. Third, we did not 
evaluate socio-economic factors of lifestyle. Previous studies 
have shown that a lower economic and educational level is a 
significant risk factor for knee OA [13]. Finally, our inclusion 
criteria for unfavorable outcomes may have been affected by 
the treatment choice of each physician. 

In conclusion, the ML method could contribute to the 
advancement of clinical decision-making tools and to our 
understanding of risk factors for knee OA progression. 
Assessment of time of stair ascent, maximum anterior pelvis 
tilting, knee flexion at initial foot contact, and ankle 
dorsiflexion at initial foot contact during stair ascent using 
SVM may be helpful in the detection of knee OA and in the 
evaluation of pain and radiographic severity. Further studies 
should be conducted with the goal of developing an extended 
prediction model for progressive knee OA. In addition, future 
studies are warranted to replicate using other machine 
learning methods such as artificial neural networks, random 
forest, and logistic regression. 
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