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Abstract

:

Joint pain is a prominent symptom of Hip and Knee Osteoarthritis (OA), impairing patients’ movements and affecting the joint mechanics of walking. Self-report questionnaires are currently the gold standard for Hip OA and Knee OA pain assessment, presenting several problems, including the fact that older individuals often fail to provide accurate self-pain reports. Passive methods to assess pain are desirable. This study aims to explore the feasibility of OA-Pain-Sense, a passive, automatic Machine Learning-based approach that predicts patients’ self-reported pain levels using SpatioTemporal Gait features extracted from the accelerometer signal gathered from an anterior-posterior wearable sensor. To mitigate inter-subject variability, we investigated two types of data rescaling: subject-level and dataset-level. We explored six different binary machine learning classification models for discriminating pain in patients with Hip OA or Knee OA from healthy controls. In rigorous evaluation, OA-Pain-Sense achieved an average accuracy of 86.79% using the Decision Tree and 83.57% using Support Vector Machine classifiers for distinguishing Hip OA and Knee OA patients from healthy subjects, respectively. Our results demonstrate that OA-Pain-Sense is feasible, paving the way for the development of a pain assessment algorithm that can support clinical decision-making and be used on any wearable device, such as smartphones.
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1. Introduction


Motivation: Osteoarthritis (OA) is a progressive joint ailment that leads to weight-bearing joint dysfunction and pain, limits patient mobility and quality of life, and causes an enormous economic burden [1,2,3,4]. Nearly 500 million individuals are affected by OA worldwide, and a third of the population is expected to experience OA by 2030 [5,6]. Hip and Knee Osteoarthritis (HKOA) are the most prevalent types of OA in the United States (US) and worldwide, afflicting 12% of the world’s population [7,8], and 32.5 million adults in the US [6]. OA primarily affects middle-aged to older adults and ranks 12th out of 359 conditions contributing to global disability [7]. In 2020, there were roughly 650 million individuals with knee OA (KOA) globally, and 7–25% of people ages 56 and older have Hip OA (HOA) [9,10]. Figure 1 shows the trajectory of past OA diagnoses as well as future projections of 100 types of arthritis, with OA being the most common type [11].



The OA problem: Pain is a common clinical characteristic of OA, and the hallmark complaint and manifestation of incapacitation of HKOA patients, impacting sleep, mood, and mobility [10,12,13]. OA pain is caused by the stretching of tendons and ligaments after the surface cartilage has worn away, causing bones to rub against each other painfully and compromising the patient’s movement [14]. Figure 2 illustrates the differences between a hip with OA and a healthy hip and between a knee with OA and a healthy knee. OA pain is unequally distributed and drives patients to seek healthcare intervention, resulting in rising medical costs [13,15]. Periodic OA pain assessment is necessary to guide treatment. However, in clinical practice, pain assessment is currently conducted using self-report questionnaires and physical examination [16]. The Western Ontario and McMaster Universities Osteoarthritis Index (WOMAC) is the most widely used self-administered instrument for assessing pain, physical activity, and stiffness in HKOA patients. The Hip disability and Osteoarthritis Outcome Score (HOOS), Knee Injury and Osteoarthritis Outcome Score (KOOS), and other self-administered hip-specific and knee-specific questionnaires were developed from the WOMAC for younger and elderly patients with end-stage OA. Therefore, in this study, we utilize patients’ self-reported HOOS and KOOS scores since they are reliable and responsive instruments for HKOA patients involving those eligible for total hip/knee replacement surgery [17,18]. These questionnaires assess pain comprehensively, containing separate subscales that assess various aspects, including patient’s pain, symptoms, activities of daily living for physical function, sport and recreation function, and hip/knee-related quality of life. The overall pain subscale scores are scaled from 0 to 100, where 100 represents no pain and 0 represents severe pain.



The need for objective OA pain assessment methods: Several problems arise with self-report questionnaires, including the fact that patient responses are influenced by psychological and sociocultural factors such as catastrophizing. These factors introduce bias. Sociocultural factors often rely on interpretation by a physician’s subjective judgment, which increases the risk of erroneous or biased assessments [13,21]. Older individuals fail to provide accurate self-pain reports because they are afraid of hospitalization, medications, and expenses [22]. The consequence of failure to adequately assess self-reported HKOA pain inevitably leads to inappropriate clinical decision-making in pain management. In addition to the above-mentioned limitations of pain assessment methods, OA patients with the same OA stage severity have been found to experience varying levels of pain [13]. Thus, developing an algorithm that estimates the patient’s self-reported HOOS/KOOS scores and predicts their pain level more accurately and consistently is a crucial task, especially if it can be integrated into the clinical system. Such an algorithm would make a patient’s accurate pain level available to the physician in a way that contributes to timely and appropriate interventions and assists in targeting the right treatments.



Our OA-Pain-Sense approach: In this paper, we investigate the feasibility of OA-Pain-Sense, a machine learning-based system that can be effectively and reliably employed to intelligently and consistently assess and report HKOA patients’ HOOS/KOOS pain scores in a clinical setting. OA-Pain-Sense analyzes accelerometry data from a lumbar-mounted Inertial Measurement Unit (IMU) sensor and estimates clinical characteristics of gait (walk). Gait is one of the physical functions compromised by pain in HKOA patients [23]. Late-stage HKOA patients experience frequent pain and discomfort when walking or moving the joint due to the friction between the moving parts of a joint [24]. OA-Pain-Sense is the first attempt toward validating SpatioTemporal Gait Parameters (STGPs) as features that are then classified using Machine Learning (ML) algorithms in order to predict the HOOS/KOOS pain levels reported by end-stage HKOA patients from the Anterior-Posterior (AP) accelerometer signals. We believe ML could provide a new approach for developing a pain assessment tool to predict pain levels by combining multiple STGPs in a single ML model.



However, several questions arise about this approach’s feasibility, accuracy, and reliability, which are explored in this paper. Specifically, this work focuses on determining the most important STGPs that can be used as input features to a traditional machine learning classifier algorithm to differentiate between HOOS/KOOS moderate–severe pain and no pain in HKOA patients as a step toward developing the OA-Pain-Sense framework. A key feature of this proposed framework is employing only a single-axis accelerometer signal in the AP direction along with investigating the best data rescaling methods to achieve high classification performance [25,26,27,28]. The use case utilized in this paper involves active involvement of the patient and focuses on validating the ML prediction from STGP features. The patient would wear the IMU sensor on their lumbar region and walk. IMU sensor data would be gathered and transmitted to the OA Sense ML pain prediction module in the cloud, which would predict and send back the patient’s pain level back to their provider. Our eventual OA-Pain-Sense use case illustrated in Figure 3 is a more ambitious passive, continuous use case that presents the patient with minimal burden. Accelerometer sensor data would be gathered passively from the sensors built into the patient’s smartphone as they live their lives. The accelerometer data could be analyzed by the cloud-based ML pain prediction method to generate frequent, consistent, and objective feedback that would engage patients more in their care. We chose a lumbar-mounted IMU placement as the first step toward real-world scenarios that utilize smartphones for data gathering in free-living scenarios as people usually carry their phones in their front or back trouser pockets. Figure 4 depicts our OA-Pain-Sense system pipeline.



Challenges: Predicting self-report pain levels based on STGPs is a challenging technical problem for the following reasons:




	1.

	
IMU accelerometer signals are usually noisy and have some bias in the data.




	2.

	
STGP features extracted from IMU data may be affected by variations in a patient’s self-selected pace, which may vary substantially over the data collection period.




	3.

	
Distinct gait events such as heel strike and the start/stop of each step within the accelerometer signal may be challenging to distinguish as there can be multiple such events in a single step, leading to an incorrect count of the number of steps and, in turn, the wrong measurement of the STGPs.




	4.

	
Machine Learning models may be affected by the variability in the subject’s gait and dispersion of the raw gait data, which leads to a lack of ML model generalizability.









Background: STGPs are the most common gait parameters extracted and used for gait measurements. STGPs include gait velocity (walking speed), cadence, step time, stride time, stance time, swing time, double support time, step length, and stride length [29,30]. STGPs can be affected by walking-induced pain in HKOA patients [31,32]. STGP assessment is of particular importance in clinical practice and provides information on relevant and functional aspects of patient’s suffering, and therefore reflects HKOA patients’ pain manifested through their gait dysfunction [33,34,35]. Prior research has demonstrated promising results of using STGPs in classifying individuals with gait disorders as a marker of an increased risk of incidents of various conditions, including stroke, depression, and Parkinson’s disease [36,37,38,39,40]. Accordingly, in this study, we employed the STGPs to predict the self-reported pain of HKOA patients.



In clinical settings, STGPs are currently often extracted from clinical gait lab data acquired from the patients while they are performing a clinical walking test. Such clinical data collection utilizes instrumented walkways or motion-capture systems [41]. Although extracting STGP from gait lab data is a gold standard, it is tedious, time-consuming, and expensive as it requires a lengthy calibration process and the involvement of qualified experts. Furthermore, it involves a cumbersome, intrusive marker setup process and restricts the patient’s typical movement. Moreover, waiting lists for such gait analyses can be long, and the patient may remain on a waiting list for an unspecified period. Finally, a clinical gait lab is costly, not portable, and not always accessible to many patients [42,43,44].



Wearable technologies have become vital measuring instruments that can provide an efficient measurement of STGPs [45], including outside the clinic, possibly decreasing the demand for clinicians’ time. In the literature, the Inertial Measurement Unit (IMU) sensor is one of the most frequently used wearable technologies for measuring STGPs. The IMU incorporates a tri-axis accelerometer and tri-axis gyroscope that can be used to capture various valuable and accurate gait parameters, gait-related outcomes [46,47], and rich information about gait abnormalities [48,49,50]. Moreover, IMUs are affordable, portable, and can be used outside laboratory environments [44].



In recent years, extracting STGP features from data captured from IMU sensors attached to a subject’s body has become indispensable in HKOA research studies [51,52,53,54,55]. In the literature, signals captured from multiple IMU placed on various body parts have been used to compute STGPs in HKOA patients [54,55,56,57,58]. However, as the trunk is mostly stable, during locomotion, a single IMU attached to the lumbar spine/lower back provides the most reliable information of all body parts [25,26]. Figure 5 shows the lower back on the spine area.



The AP accelerometer signal of IMU has been found to be the most revealing signal in identifying valid gait cycle events in prior work, mainly in research involving pathological subjects [59,60,61,62]. Specific gait cycle events are then detected and used to facilitate reliable STGP measurements [63,64]. Many research studies have proven the effectiveness of utilizing AP accelerometer signals in determining important gait events that are necessary to compute STGPs. However, there is a lack of research extracting the STGPs based solely on AP accelerometer signals in the HKOA population. We believe that measuring STGPs for HKOA patients using the AP axis/direction of the acceleration signal is novel and of interest to the OA community, especially if these STGPs are employed to assess if an HKOA patient is suffering from pain or not.



Mean STGPs have been highlighted as sensable biomechanical parameters that discriminate severe OA patients with end-stage OA) from healthy control groups [65,66]. Many OA research studies have utilized the mean of STGPs as primary outcomes derived from IMU sensors placed on patients’ lower backs because the mean of STGPs is a reliable and practical method for estimating the gait of end-state HKOA patients. Hence, the mean of STGPs can be utilized for predicting the pain level of HKOA patients, facilitating reliable pain assessment that clinicians can use to improve the quality of care.



ML has successfully been used for various OA and medical applications in general and to predict HKOA pain in particular [67,68]. Many different ML-based methods for predicting the pain levels of HKOA patients have been proposed [69,70,71]. However, less attention has been paid to directly classify STGPs as input features for ML algorithms in order to predict the pain level of HKOA patients. Consequently, in this research, we build ML models to predict the pain of HKOA patients using STGP features, filling a critical gap in the literature.



To the best of our knowledge, no prior work has proposed a comprehensive, cost-effective, ML-based framework to predict HKOA self-report patients’ pain using data from objective wearable IMU sensors by extracting STGP features from a single-direction accelerometer signal. This work fills that gap by performing binary ML classification of pain (Yes/No) in HKOA patients using STGP features. As many widely owned smartphones are equipped with the necessary IMUs for data collection, we envision that in the future, smartphones can be used for predicting patients’ HOOS/KOOS pain levels using ML based on STGP features without any human intervention.



Our contributions: include



	1.

	
A complete ML HKOA pain prediction pipeline of steps for OA-Pain-Sense, as depicted in Figure 4, comprises six main steps: signal pre-processing (filtering and gait event detection), STGP feature extraction, feature rescaling, model hyperparameter optimization, feature ranking, and classification.




	2.

	
Pre-processing steps are designed to mitigate noisy IMU sensor data and improve results. These steps include fourth order low-pass Butterworth filtering of the AP Acceleration signal (AccAP) and identification of Heel Strike (HS) and Toe-Off (TO) gait events in the filtered AccAP signal that facilitate segmentation of the continuous AccAP signal.




	3.

	
Extraction of a comprehensive set of STGP features motivated by prior work. After segmenting the filtered AccAP data into gait cycles, twenty-one (eleven STGPs, five Time Variability (Var), and five Fluctuation Magnitude (FM) for temporal gait) features were computed.




	4.

	
ML learning classification of the extracted STGP features, and trained and tested six ML classification algorithms to predict subjects’ HOOS/KOOS moderate-to-severe pain (<100 HOOS/KOOS pain score) from no-pain (binary classification): Logistic Regression (LR), Support Vector Machines (SVM), K-Nearest Neighbours (KNN), Decision Tree (DT), Random Forest (RF), and XGBoost (XGB).




	5.

	
Investigation of the effectiveness of two types of signal data rescaling in mitigating variability in the data: subject-level normalization applied in STGPs using a Dimensionless (DL) method and dataset-level normalization of the STGP data. The DL normalization method employed corrections for anthropometric variations between the subjects. Application of the rescaling methods yielded four experimental datasets: STGP, normalized STGP (STGP-Normz), standardized STGP (STGP-Standz), and dimensionless STGP (DL STGP), which were utilized for training and testing six ML pain classification algorithms.




	6.

	
A comprehensive evaluation of the proposed pain prediction methods using 5-fold cross-validation on data from 51 HKOA patients and 27 age-matched healthy controls (HC) with subject-level splitting to avoid data leakage.







Summary of our findings: An LR classifier trained on DL STGP achieved an optimal classification mean accuracy of 84.91% for HOA vs. HC and presented the highest mean accuracy (80.73%) using STGP-Standz for KOA vs. HC. To further optimize the performance of our model, hyperparameter tuning was conducted using grid search, enabling us to achieve 86.79% by DT using STGP-Norm data and 83.57% by SVM using STGP-Normz data for HOA vs. HC and KOH vs. HC, respectively. Finally, feature ranking was carried out according to feature importance values generated by the RF algorithm. We found that gait velocity, cadence, step count, stride count, step time, stride time, step length, and stride length were the most important features for classifying both HOA vs. HC and KOA vs. HC. We investigated classification using the top 1, 3, 5, and 10 features. However, we noticed that reducing the number of features also utilized the reduced RF model’s performance. However, utilizing SVM with the top three features for classifying HOA vs. HC, we achieved a similar accuracy using all features. For classifying KOA vs. HC, using the top five features with KNN, we achieved close to the accuracy when all features were utilized.



The rest of the paper is as follows. Section 2 describes related work. Section 3 describes our methodology. Section 4 presents our results and main findings. Section 5 discusses our results and main findings and Section 6 concludes the paper.




2. Related Work


2.1. Wearable Sensor-Based Gait Parameter Extraction


Several studies have utilized various analytical approaches for analyzing gait parameters, including statistical significance assessment tests such as the t-test and the Analysis Of Variance (ANOVA). A study by [53] investigated the effects of walking speed differences on the STGP in end-stage HOA patients vs. HC based on normal and matched speed using Statistical Parametric Mapping (SPM) analysis. They found that HOA patients had a significantly slower walking speed with a lower cadence and a shorter single support phase (p-value < 0.001) than HC. Christian et al. [25] analyzed gait variability and symmetry in KOA patients based on AP axis data obtained from a tri-axial accelerometer positioned on the patient’s lower back. They computed the mean step and stride times to determine stride and step regularity and symmetry. KOA patients were found to have significantly greater mean stride times and step times than healthy control, while both groups had statistically insignificant stride and step time variability. Bolink et al. [26] defined physical function parameters such as walk speed, cadence, step time, and step length that can discriminate patients with severe stage KOA from healthy controls. Their results indicate statistically significant differences in the walking speed, cadence, step length (p-value < 0.001), and step time (p-value < 0.05) of KOA patients in comparison to HC. A study from [61] computed the mean step time and mean stride time from a 9 min walk data, comparing older patients with bilateral KOA and age-matched HC group according to sex. Andrade et al. [72] presented significant differences (p < 0.05) between the mean step and stride times of patients with unilateral HOA and healthy controls. The inertial sensor system RehaGait® was employed by [73] to distinguish STGPs between the affected and unaffected side in unilateral KOA patients and between end-stage KOA patients and healthy control subjects. Their results indicated that the gait velocity was slow, the stride duration was longer, and the cadence was lower in KOA patients (p < 0.001). In the [74] study, mean walking velocity, mean stride length, and mean cadence were computed to discover statistically significant differences between young (age 21–35) and older (age 65–80) asymptomatic and KOA patients. Table 1 summarizes prior work using mean STGP in HKOA studies.




2.2. Machine Learning-Based Prediction of Pain


In comparison to statistical analysis methods that often establish relationships between individual STGPs and a patient’s pain, ML methods are more accurate because they explore relationships with combinations of multiple STGPs. Developing ML prediction models for various prediction tasks in OA applications has been reported in the literature using MRI, X-ray, clinical information, and biomechanical data as inputs to ML models [76,77,78,79]. However, in this review, we focus on ML models to predict pain related to OA, which have mostly focused on predicting pain related to KOA. In fact, to the best of our knowledge, only one study in the literature focused on predicting pain in HOA patients. A study by [71] applied an ML approach to predict HOA patients’ pain levels during a five min walk based on Electroencephalography (EEG) features. They achieved 79.6% accuracy using the SVM algorithm. However, EEG studies need to be conducted in a laboratory or specialized clinics, are expensive, and can be problematic for translation to large-scale clinical practice. Alexos et al. [70] used ML to predict pain in KOA patients based on the WOMAC pain progression data extracted from the Osteoarthritis Initiative (OAI) database—“a multicenter, observational study of knee OA containing 4796 subjects conducted in the United States”—showed the ability of ML to classify pain progression condition: pain decline, no significant pain change, and pain increase, achieving 84.3% and 82.5% accuracy for the prediction of pain on the left leg and the right leg, respectively, using an RF classifier. Marieke et al. [80] also developed an ML model to predict Frequent Knee Pain (FKP) and symptomatic KOA in overweight and obese middle-aged women based on questionnaire and physical examination variables. They achieved an Area Under the Curve (AUC) of 71% for predicting FKP. This study utilized Multivariable analysis by backward stepwise deletion. Deep learning and traditional ML algorithms were also utilized to analyze knee radiographs by [69] in order to predict pain progression in patients with KOA. The authors reported that their Artificial Neural Network (ANN) and Convolutional Neural Network (CNN) models achieved AUCs of 69.2% and 77%, respectively. The drawbacks of prior studies are that they predominantly utilized data collected in the clinic or required patient–clinician encounters and controlled laboratory settings, which have a high cost in terms of money and time. Therefore, there is a need to develop assessment methods that can be utilized in real-life environments, such as the patient’s home, and can report patients’ pain at an affordable price, minimize in-person clinical visits, and predict patients’ self-reported pain objectively rather than subjectively.





3. Materials and Methods


3.1. Data Acquisition


3.1.1. Participants and Clinical Assessment


The data used in this study were collected at the Sint Maartenskliniek, Netherlands [81]. Fifty-three patients with unilateral end-stage hip (n = 26 ) or knee (n = 25) OA and 27 HC in the same age range were recruited. The OA group was included based on the following criteria: Body Mass Index (BMI) ≤ 40 kg/m   2  , had radiological and symptomatic OA, waiting for joint replacement surgery, able to walk more than 2 min without any assistive device, no other musculoskeletal or neurological affecting gait or balance and no joint replacement within a year in another weight-bearing joint. Subjects for the healthy control group met all the same criteria, except radiographic evidence of hip or knee OA and no history of any pain in the lower back. The HKOA severity is assessed by experienced orthopedic surgeons based on the Kellgren–Lawrence (KL) radiographic severity scale, the radiographic metric commonly used to measure OA progression [82]. Reference values for KL grading scale [83] and the statistical distributions of KL scores of HKOA patients in our dataset are shown in Figure 6. Patients with OA completed the HOOS or KOOS to assess self-reported functioning [17,18]. Table 2 presents the list of HOOS and KOOS pain-related questions. Patients’ overall HOOS/KOOS scores were used as ML prediction target variables. Table 3 summarizes the demographic and clinical attributes of the study participants.




3.1.2. Instruments and Protocol


Gait data were collected using four wearable wireless IMUs (APDM Opal V2, APDM Inc., Portland, OR, USA. Sensors were attached to the subjects’ sternum, dorsum of both feet, and lumbar using elastic straps. The APDM Opal is a wristwatch-sized device that provides tri-axial accelerometer, gyroscope, and magnetometer data at a sampling rate of 128 Hz [84,85]. The IMU Opal V2 Characteristics are shown in Figure 7. Data were collected while participants walked across a 6 m walkway incorporating a 180   °   turn at a self-selected preferred pace for 2 min, barefoot or wearing comfortable flat shoes as shown in Figure 4 (data collection box).





3.2. Data Preprocessing


In this work, all data processing and implementation of the rest of OA-Pain-Sense were conducted using the Python language version 3.9.5 in Visual Studio Code version 1.59.0. The data used in this study were extracted from a lumbar-mounted IMU in order to mimic a common smartphone placement (e.g., in the hip pocket or on the trunk) in a real-world scenario. This setup generated results that could be useful in future work toward smartphone-based data gathering in a free-living setting, in which people usually wear their phones in the front/back trouser pocket. We measured and calculated gait parameters based on the acceleration signals since the accelerations measured by the sensor at the lumbar level in the sagittal plane can better represent the major human movements, such as walking [27,28]. The lumbar sensor reference coordinate frame (Figure 8) was aligned with the anatomical directional references where x, y, and z axes are defined as Vertical (V), Medial-Lateral (ML), and Anterior–Posterior (AP) directions, respectively, as depicted in Figure 4. The acceleration along the z-axis in the AP direction (Acc    A P   ) when the IMU is fixed at the lumbar position facilitated the identification of Gait Events (GE), including initial contact or Heel Strike (HS) and final contact or Toe-Off (TO). Therefore, we used only Z-dimensional signals for STGP estimations, which required the determination of HS and TO events for each gait cycle. A gait cycle is defined as a complete stride measured from HS to HS of one-foot [62,86]. One stride comprises two consecutive steps, and the individual step is the time interval between the HS of the observed foot and the HS of the opposite foot [87]. From a temporal perspective, the gait cycle is divided into two phases: the stance phase and the swing phase [88]. The stance phase is the time between the HS event and the TO event, i.e., the period where the foot is in contact with the ground [89]. The swing phase begins with the TO event and ends with the next HS of the same foot, i.e., the time during which the foot is lifted off the ground [90].



3.2.1. Data Filtering


In order to generate a less spurious signal that was amenable for analyses, the AccAP signals were filtered using a fourth-order Butterworth low pass filter with a 2 Hz cut-off frequency given by Equation (1). This filtering removed noise and high-frequency components without distorting the shape of the signals. The cut-off frequency was determined by taking the average of the typical walking frequency range (between 1.6 Hz and 2.4 Hz) [91]. Figure 9 illustrates the raw and filtered AccAP signal patterns while subjects with various OA-related conditions were walking.


   |   H j   ω | =   1   1 +   (  ω  ω c   )  8      



(1)




where    H j  ω   is the transfer function at angular frequency  ω , and   ω c   is the cutoff frequency.




3.2.2. Gait Events


In order to extract STGP features, the gait cycle needs to be determined by detecting HS events in the signal for one foot. Each gait cycle includes TO events, which are used along with HS to calculate the STGP features. Identifying the HS and TO events requires signal peak detection, one of the most common GEs widely utilized in the literature [92,93], in each gait cycle to distinguish the steps. Peaks (local maxima) with very high AccAP signal amplitude occur when the heel touches the ground, and valleys (local minima) in the AccAP appear when the foot leaves the ground during walking. In this study, prior to detecting the HS and TO events, we removed the gait initiation phase (i.e., the first three steps) in order to ensure that the gait parameters were calculated from steady-state walking [94]. Then, to detect the HSs and TOs, the findpeak function from the Sensor Motion Python package was applied to the filtered AccAP signal. The findpeak method detects local maximums and/or local minimums in the given sensor signal [95]. The HS instances were tagged as local maxima peaks, while the TO instances were tagged as minimum peaks of the AccAP. Figure 10 shows an example of signals and the detected HS and TO events. To designate the right and left foot, we used the vertical axis angular velocity (  ω v  ) signal at the instant of HS after filtering it using the fourth-order Butterworth filter with a 2 Hz cut-off. The positive deflection of   ω v   indicates the heel strike of the left foot, and its negative sign implies the heel strike of the right foot [96,97].



To avoid finding more than two HSs in an individual step and to eliminate the erroneous peaks from unexpected parts of the signals, we applied two thresholds: Minimal Peak Distance (MPD), the minimum distance between each peak, and Minimal Peak High (MPH). To reduce the false positive identification and the number of peaks/valleys caused by the turn phase, the MPD was set to 0.16 s. Only positive and negative peaks greater or less than MPH were considered. The MPH was determined by Equation (2):


  M P H =       μ  p e a k s   −  σ  p e a k s   ,     if   P i   is  a  maximum  peak        μ  v a l l e y s   +  σ  v a l l e y s   ,     if   P i   is  a  minima  valley       



(2)




where the   μ  p e a k s    and   μ  v a l l e y s    are the average of peaks or valleys,   σ  p e a k s    and   σ  v a l l e y s    are the peaks and valleys’ standard deviation, respectively. P is the detected peak/valley at the i position (i = 0, 1, 2, …, n). The MPD and MPH threshold values were selected empirically to find the most suitable partition rate capturing only dominant peaks/valleys, which are peaks or valleys with maximum or minimum amplitude, respectively. Figure 11 shows example AccAP signals for three subjects: HOA, KOA, and HC, along with the selected MPH thresholds.





3.3. Gait Feature Extraction


After segmenting the filtered AccAP data into gait cycles, twenty-one (eleven STGPs, five Time Vars, and five Fluctuation Magnitude (FM) for temporal gait) features were computed. We define time Var as a quantifiable hallmark of gait that varies in older adults with walking impairments and FM as the amount of variation in the body’s trunk movement during walking [98,99,100]. The STGPs were averaged for each subject based on HS and TO events. We quantified time Var and FM in temporal gait parameters, including step time, stride time, swing time, stance time, and terminal double support time. We computed the coefficient of variation (%CoV) defined by Equation (3) and SD to reflect the time Var and FM, respectively, for temporal gait parameters:


  C o V =  σ μ  × 100  



(3)







To compute the step length and stride length, we estimated the total distance (TD) for each subject in the 2 min walk by multiplying the walkway length (6 m) by the number of turns for each individual. Table 4 provides a summary of the calculated STGP descriptions using the right foot as a reference and the left foot as a contralateral foot. Figure 12 depicts how temporal gait parameters were computed on the AccAP signals.




3.4. Data Rescaling Procedures


Rescaling of values in a dataset is sometimes required, particularly from a machine learning and Biomechanics perspective. From a machine learning perspective, certain types of algorithms are sensitive to ranges of values, including gradient descent-based algorithms, such as LR, and distance-based algorithms, such as SVM and KNN [104]. From a biomechanics perspective, the features extracted from sensor data on human motion studies, such as accelerometer data, are influenced by participants’ physical attributes, including their age, height, body mass, and gender. Such inter-subject differences invariably increase inter-subject gait variability. Consequently, rescaling gait data based on a patient’s attributes, especially height, is frequently employed to minimize the inter-subject variation.



In this study, we utilized the following normalization procedures for each STGP, X of length n, where   X = (  x 1  ,  x 2  , . . . ,  x n  )  :




	1.

	
No normalization: use the raw spatial-temporal gait features.




	2.

	
Dataset-level normalization: shift and re-scale X using the min and max values as computed over X. This normalization results in values ranging between 0 and 1:


     x ^   i  =    x i  − m i n  ( X )    m a x ( X ) − m i n ( X )    



(4)








	3.

	
Dataset-level standardization: re-scale X to have a mean of 0 and a standard deviation of 1:


     x ^   i  =    x i  − m i n  ( X )    σ   X     



(5)








	4.

	
Subject-level normalization: subject demographics can cause variations in gait parameters causing some confounding, which ultimately reduces the ability to discern underlying pathological gait patterns. For instance, a shorter individual may naturally take a longer stride than those taken by a taller subject. When comparing two groups, these variations in gait parameters increase the influence of between-subject differences in physical characteristics and walking speed, leading to data dispersion [39]. Dimensionless (DL) equations proposed by Hof have frequently been used in prior work to normalize gait data, significantly decreasing variations in gait that are not attributable to the underlying pathological gait pattern [105]. The idea behind DL is to present the data in a non-dimensional form, representing the ratio of the feature value with subject height (h) rather than its value with a measurement unit [106,107]. Table 5 displays DL equations corresponding to measures of gait length (l), time (t), frequency (f), and velocity (v) features. In this study, we normalized each X feature by the subject’s height (h), using DL equations to improve the ML classification accuracy between the two groups.









We ended up with four experimental datasets: (1) raw STGP; (2) normalized STGP (STGP-Normz); (3) standardized STGP (STGP-Standz); (4) dimensionless STGP (DL STGP). We used these datasets as input for our ML classification models. Figure 13 depicts examples of the STGP features before and after normalization for HOA, KOA, and HC data.




3.5. Machine Learning Pain Classification


To distinguish between clinically moderate-to-severe pain and no-pain conditions, we investigated using various ML algorithms to classify the STGP extracted from AccAP (forward direction) signals. We then compared their performances in order to determine the best combinations of features and machine learning models. We experimented with six classifiers from various domains: linear (LR and SVM), non-linear (KNN), and tree ensemble (DT, RF, and XGB) in order to discover the optimal model for classifying HOOS/KOOS moderate-to-severe pain from no-pain. Train and test data for the classifiers were based on the STGP, STGP-Normz, STGP-Standz, and DL STGP datasets. Train and test data for the classifiers were based on the STGP, STGP-Normz, STGP-Standz, and DL STGP datasets. The best performing classifier was selected based on the best results observed.




3.6. Model Evaluation


Model performance was evaluated with the accuracy and Area Under the Curve (AUC) metrics, which are frequently used to evaluate the performance of binary classification algorithms. To avoid overfitting, a 5-fold stratified cross-validation (cv) evaluation method was utilized with results from each fold averaged (Equations (6) and (7)). We used the stratified cv to reduce experimental variance and avoid the risk of having zero positives in one or more of the folds, leading to undefined AUC.


  c  v  ( k )   =  1 k   ∑  i = 1  k  A c c u r a c  y i   



(6)






  c  v  ( k )   =  1 k   ∑  i = 1  k  A U  C i   



(7)




where   k = 5  , the fold number in cross-validation.




3.7. Model Hyperparameter Optimization


In supervised ML, hyperparameter tuning, the task of selecting optimal hyperparameters for each ML learning algorithm is crucial for achieving the best possible results. We tuned the hyperparameters of our ML models to determine optimal hyperparameters while also avoiding overfitting by striking a balance between bias and variance. For hyperparameter tuning, the Grid search algorithm [108] was employed. In grid search, a search space is defined as a grid of given discrete hyperparameters. The grid search algorithm evaluates combinations of hyperparameter values in the grid simultaneously [109] to determine optimal values. Table 6 presents our hyperparameters optimized by grid search and their optimal values for each ML algorithm.




3.8. Feature Ranking


Feature ranking was applied to determine which input features were most predictive of pain levels. The RF algorithm integrates feature ranking algorithms for classification tasks, which we utilized in this work; RF has built-in feature importance computed based on the impurity or permutation importance [110]. In this work, we measured the importance scores of our features based on the impurity measure, also known as the mean decrease of impurity [111].





4. Results


The proposed OA-Pain-Sense scheme is based on STGPs extracted from AccAP data. The raw STGP and rescaling data, using normalization, standardization, and dimensionless methods, were used separately as input features to six ML algorithms (LR, SVM, KNN, DT, RF, XGB) to evaluate the performance of our proposed OA-Pain-Sense framework. The ML algorithms were applied to train and test HOA vs. HC and KOA vs. HC data with a 30%:70% split. The average accuracy and AUC values were recorded.



4.1. Data Rescaling Performance


The average accuracies and AUCs of self-reported pain classifiers using the raw STGP and rescaling STGP data are depicted in Figure 14 and Figure 15. Table 7 and Table 8 present the performance of various rescaling methods. LR with raw STPG data inputs outperformed all other ML models for the classification task of HOA vs. HC (79.45% accuracy, 80.33% AUC). XGB achieved the best performance when discriminating KOA from HC (76.73% accuracy, 76.67% AUC). SVM (54.55% accuracy, 53.67% AUC) and KNN (55.45% accuracy, 55.67% AUC) with raw STGP features perform the worst for the HOA vs. HC and KOA vs. HC classification tasks, respectively, indicating that data rescaling data is necessary in order to optimize the performance of these models. Applying the rescaling methods to STGP features had no significant effect on tree ensemble methods; this could be because these methods are scale-invariant, making them insensitive to variations in data. On the other hand, it improved the performance of LR, SVM, and KNN, which are scale-variant. Different results were obtained for features with varying ranges. Overall, the accuracy and AUC results for LR using the DL STGP features for HOA vs. HC (84.91% and 85%) and the standardized STGP for KOA vs. HC (80.73% and 80.67%) were relatively high.




4.2. Hyperparameter Optimization


Figure 16 shows the average accuracy of ML algorithms before and after hyperparameter tuning using the grid search method. It can be observed that hyperparameter optimization improved the performance of all models. Consequently, using normalized STGP features, the best performances were achieved with the DT (86.79%) for HOA vs. HC and the SVM (83.57%) for KOA vs. HC.




4.3. Feature Ranking


This section presents the results of feature ranking results using Random Forest, applied after hyperparameter tuning. Figure 17 exhibits the importance score of the Top 1, 3, 5, and 10 STGP features. We expected that removing less important features would improve classification performance. However, as shown in Figure 18, we achieved the best accuracy using all features for HOA vs. HC and KOA vs. HC. Regardless, noticeably, using only one feature (gait velocity), RF and XGB performed similarly to using all features and better than employing the top 3, top 5, and top 10 most important features. This is possible because of gait velocity’s high importance (predictive value).



As shown in Table 9 and Figure 18A, for HOA vs. HC, the top three features (gait velocity, stride time, stride count) represented 83.67% of the accuracy when using SVM, which was close to the performance achieved using all features. LR outperforms all other classifiers with an accuracy of 83% when utilizing the five top features (gait velocity, stride time, stride count, step count, step time). Using the 10 top features (gait velocity, stride time, stride count, step count, step time, cadence, stride length, TdsT SD, step length, stride time SD) reduces the accuracy of all ML models except RF and XGB when compared to using the top three and top five features. It is noteworthy that KNN achieved the same accuracy (80%) using the top 1, top 3, top 5, and all features.



Table 10 and Figure 18B show the results of feature ranking for predicting KOA vs. HC. With only the gait velocity feature, LR has the highest accuracy (76.67%). Similar accuracy was achieved using the 3 top features (gait velocity, cadence, stride time) and 10 top features (gait velocity, cadence, stride time, stride length, step length, step time, step count, stride count, swing time Var, Terminal Double Support Time Var). Of all ML models, KNN achieved the best accuracy (79%) when using the five top features (Gait Velocity, Cadence, Stride time, Stride length, and Step length). RF and XGB had a lower accuracy when using the top 3, top 5, and top 10 features.





5. Discussion


Using un-normalized STGPs as ML features to predict self-reported HOOS/KOOS moderate–severe pain levels of older patients with end-stage HKOA achieved encouraging results. Specifically, the results of LR and XGB using HOA vs. HC (shown in Table 9) and KOA vs. HC data (shown in Table 10), respectively, support our hypothesis that ML can achieve reasonable classification performance of whether an HKOA patient has pain or not. These results provide a strong basis for our OA-Pain-Sense framework, which could, in turn, lead to improvements in clinical pain management.



Rescaling STGP Features using dataset-level methods improved the performance of ML models: Referring to the results in Table 7 and Table 8 and depicted in Figure 14 and Figure 15, the dataset-level rescaling methods significantly improved the SVM and KNN performance and did reduce the performance of XGB. These results align with the literature that distance-based ML algorithms are sensitive to dominant features, degrading the algorithm’s performance. Further, they reflect the fact that XGB is invariant to feature rescaling [112]. On the other hand, the LR results disagree with the findings of Adeyemo et al.’s study [113], in which LR performs inadequately in rescaled data. The mean accuracy of the LR with rescaled STGP features increased by ∼2% and ∼13–17% for HOA and KOA, respectively. The DT and RF performance improved after rescaling based on the HOA vs. HC classification results. However, the RF results were unsatisfactory after employing the rescaled STGP for KOA vs. HC classification, whereas the DT had minimal improvement. Overall, the improvements achieved by data rescaling methods are data-dependent, which is in line with the findings of prior work [113,114].



Dimensionless normalization of features was able to correct the effects of physiological variation on ML performance: Specifically, reducing data dispersion caused by physiological variations using DL equations resulted in noticeable improvements in the LR, SVM, and KNN accuracies in the ranges of ∼6–24% and ∼11–13% for HOA vs. HC and KOA vs. HC, respectively. These results were significantly higher than using the results achieved using raw STGP features as observed in Table 7 and Table 8. Nevertheless, dimensionless normalization caused the performance of the tree ensemble models to drop marginally compared to their performance using raw STGP features; we speculate that this may be due to the small size of the dataset and the participants’ demography.



The effects of the data rescaling methods on various ML classification algorithms were dataset-dependent: Comparing the DL equations to the dataset-level normalization and standardization algorithms, it can be observed that most ML models achieved the best average accuracy and AUC when classifying STGPs rescaled using the min-max normalization or z-score algorithms. Using the HOA vs. HC data, achieved the best average accuracy (84.91%) of the LR model when classifying DL STGPs. It also had the highest classification performance with an average accuracy of 80.73% when using STGP-Stanz extracted from KOA and HC data. The LR results indicate that the STGP features reasonably correlate with HOOS/KOOS pain levels. In conclusion, utilizing the dataset rescaling methods seems to perform better than other normalization and rescaling methods explored on some of our selected ML algorithms. However, the specific ML methods on which dataset rescaling improved performance depended on the data structure. Thus, while there is no one-fits-all solution, some dataset rescaling methods can be recommended.



Applying a hyperparameter tuning technique to the best models increased their accuracies slightly: Hyperparameter tuning achieved the highest performance depending on the input features (raw STGPs or rescaled STPGs) with classification performance improvements in the range of ∼2–10%. We believe such a technique requires a large dataset in order to observe noticeable differences due to hyperparameter tuning. Alternate techniques should be considered to achieve optimal models on a small dataset. Regardless, the results in Figure 16 present promising preliminary evidence for the OA-Pain-Sense framework, which could be generalizable to using STGP data extracted from an accelerometer in any wearable sensor, including smartphone position on the human body trunk regions.



Reducing the number of features also reduced the performance (accuracies) of most of the ML models: As shown in Figure 18, we explored the effects of reducing the number of features on ML performance in order to discover the optimal number of features after hyperparameter optimization (Figure 17). Removing features did not improve the performance of the ML models. We believe that this may be because of the relatively small sample size. Regardless of changes in the ML models’ performance, the following was noticed after reducing the number of features:




	
Gait velocity (GV) was the most important feature in predicting HOOS/KOOS pain levels. With only this feature, the KNN, RF, and XGB achieved 80%, and LR gained 76.67% for HOA vs. HC and KOA vs. HC, respectively. Previous studies reported that individuals with HKOA walk slower than healthy controls of the same age. Thus, our results for the top 1 feature agree with the results of prior research [53,115].



	
Employing the top 3 STPG features extracted from HOA and HC data achieved a mean accuracy (83.67% with SVM) closer by ∼3% to using all 21 STGP features (86.79% with DT).



	
KNN performance improved by ∼4%, with the top five features outperforming using all STPGs for KOA and HC data.








These findings, after applying the feature ranking technique, presented new insights and suggest a way to investigate more compelling features for classifying HOOS/KOOS pain levels.



Comparison with other studies is challenging because different sets of features were used and not only STGP features: There is a lack of research on this area, especially in the HOA population. Most prior studies were conducted to predict pain in KOA, while there is only one study on HOA. Table 11 compares our proposed OA-Pain-Sense comprehensively with all previous studies that predict pain in the HOA or KOA population using ML algorithms. We intended to compare our work using STGPs extracted from only one axis signal with those using other kinds of features. Table 11 indicates that our method performs better than state-of-the-art methods for KOA and HC. The highest accuracy was obtained using our method, outperforming all previous and related studies except that of Alexos et al. [70]. However, we believe our work has advantages over Alexos et al. work. We predicted the self-reported pain for both legs while Alexos et al. predicted each leg’s pain. We achieved an accuracy (83.57%) between those achieved by Alexos et al. accuracies (82.50% and 84.30%). We used the STGP features, which are more reliable, robust, and clinically validated. Moreover, our prediction approach using STGPs is more practical in the real world than using the baseline questionnaire data used by Alexos et al.



Study limitations: A few limitations should be acknowledged and considered in our future work. Our study population was exclusively elderly subjects with unilateral end-stage hip/knee OA, which raises a question on the generalizability of our outcomes to other populations. The datasets we classified were small, and subjects were not gender-matched (42 males and 36 females), which may have influenced our ML model results. Finally, the reliance on patient self-reports of their pain introduces bias, and the lack of a gold standard or reference data limited our ability to evaluate the performance of the peak detection algorithm used to identify gait events in our preprocessing step.



Future work: We plan to collect more data from patients at different stages of HKOA and ages and apply the proposed framework to determine the effectiveness of our OA-Pain-Sense framework in even more realistic scenarios. Furthermore, we plan to combine features from various physical activities such as sit-to-stand, stand-to-sit, and stair ascent and descent with gait features into our model to improve the robustness of our model as these features enhance our model and reduce confounding. We also plan to explore emerging deep learning models as more data becomes available, which may increase the robustness and reliability of the OA-Pain-Sense framework. Moreover, we plan to perform a comprehensive analysis of HKOA gait abnormalities and compare our findings to normative STGP values from the medical perspective of HKOA patients. Finally, we would like to validate OA-Pain-Sense in a live deployment.




6. Conclusions


This paper investigated the feasibility of OA-Pain-sense, a machine learning framework to classify the HOOS/KOOS self-report pain level in HKOA patients. Data were collected from IMU APDM Opal attached to each subject’s lumbar while performing a 2 min walk at a self-selected pace. Spatial-Temporal Gait Parameters (STGPs) were extracted from only anterior-posterior accelerometer data and then rescaled using dataset-level and subject-level rescaling methods. Various machine learning algorithms were utilized to classify the STGPs in order to predict the pain of HKOA patients with further improvements resulting from hyperparameter tuning using grid search. Feature ranking using Random Forest was conducted in this study to demonstrate the impact of reducing feature numbers on the models’ performance. The proposed method achieved an average classification accuracy of 86.79% with DT and 83.57% with SVM for hip OA vs. healthy control and knee OA vs. healthy control, respectively. The results of this work demonstrate that STGPs can serve as reliable biomarkers and predictive ML features for predicting whether HKOA patients have moderate–severe pain or not. We envision the possible deployment of the eventual system on smartphones and in natural settings.
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The following abbreviations are used in this manuscript:



	OA
	Osteoarthritis



	HKOA
	Hip and Knee Osteoarthritis



	HOA
	Hip Osteoarthritis



	KOA
	Knee Osteoarthritis



	HOOS
	Osteoarthritis Outcome Score



	KOOS
	Knee Injury and Osteoarthritis Outcome Score



	WOMAC
	Western Ontario and McMaster Universities Osteoarthritis Index



	IMU
	Inertial Measurement Unit



	STGP
	Spatiotemporal Gait Parameters



	ML
	Machine learning



	AP
	Anterior-Posterior



	AccAP
	P Acceleration



	Var
	Variability



	FM
	Fluctuation Magnitude



	DL
	Dimensionless



	SD
	Standard Deviation
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Figure 1. The diagnosed and projected Arthritis. 
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Figure 2. Anatomy of (A) Hip Osteoarthritis vs. Normal Hip (Reproduced with permission from OrthoInfo. © American Academy of Orthopaedic Surgeons. https://orthoinfo.org/ accessed on 26 March 2022) [19], (B) Knee Osteoarthritis vs. Normal Knee (rights in the images are owned by a third party) [20]. 
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Figure 3. OA-Pain-Sense future application. 
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Figure 4. The OA-Pain-Sense framework shows four different experimental datasets used as input to the classification models. The data collection block shows the IMU location on a subject’s lower back for the 2 min walk trails. The raw accelerometer signal in the Anterior-Posterior (AP) direction is input into the data pre-processing block to filter and detect heel strikes and toe-off events. The STGPs are computed after the pre-processing step and fed to the ML classification algorithms (first dataset). STGPs are passed to the data rescaling block to apply dataset-level (two methods: z-score and min-max) and subject-level (one method: dimensionless) normalization and then fed to ML algorithms. 
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Figure 5. The regions of the spine, including the lumbar spine (Reproduced with permission from OrthoInfo. © American Academy of Orthopaedic Surgeons. https://orthoinfo.org/ accessed on 20 February 2022). 
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Figure 6. (A) Kellgren–Lawrence grading scale and (B) statistical distributions of Kellgren–Lawrence scores of HOA and KOA patients. 
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Figure 7. APDM Opal V2 IMU. 
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Figure 8. Illustration of the IMU setup. APDM opal sensors were positioned on the subjects’ lower backs over the clothing using elastic straps. 
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Figure 9. Raw (gray color) and filtered AccAP (red, green, and blue) signals for HOA, KOA, and HC, respectively. The signals for HOA (red) and KOA (green) participants represent subjects who are experiencing pain, while the signal for the HC (blue) represents a subject without pain. 
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Figure 10. Filtered AccAP signal for HOA (purple line), KOA (orange line), and HC (blue line), and vertical angular velocity (gray line) along a few steps are depicted. Local maxima and minima in the AccAP signal correspond to HSs (filled circles) and TOs (asterisks), respectively. The red color represents the left foot, while the green color represents the right foot. 
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Figure 11. Illustration examples of the various MPH thresholds to determine the local maxima and local minima for HOA, KOA, and HC subjects. The red dash line is   M P H =  μ  p e a k s    ; the green dash line is   M P H =  μ  p e a k s   −  σ  p e a k s    ; the plum dash line is   M P H =  μ  v a l l e y s    ; the black dash line is   M P H =  μ  v a l l e y s   +  σ  v a l l e y s    . 
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Figure 12. Illustration of how each temporal gait feature is defined on the AccAP signal. The Heel Strike of the right foot (HS   R  ) is used as a reference. (HS   L  ) is the HS of the left foot, and TO   R   and TO   L   are the toe-off of the right and left foot, respectively. 
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Figure 13. Examples of the three STGP features (gait velocity, stride time, and stride count) before and after applying data re-scaling for HOA, KOA, and HC. The green circles represent the raw STGP (before data re-scaling). The red, blue, and purple circles represent the normalized STGP, the standardized STGP, and the dimensionless STGP, respectively. 
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Figure 14. Accuracy of baseline models using raw STGP and rescaled STGP data. The white rectangular boxes represent the best accuracy for each ML model. 
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Figure 15. Baseline models AUC using raw STGP and scaled STGP data. 
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Figure 16. Best accuracy for each baseline ML model with its input data before hyperparameter tuning (blue color) and after hyperparameter tuning (gold color). 
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Figure 17. Feature ranking generated by the Random Forest. The filled circles with colors green, red, purple, and yellow indicate the 1 top, 3 top, 5 top, and 10 top features, respectively. 
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Figure 18. Accuracy of ML with top 1, 3, 5, 10, all STGP features for (A) HOA vs. HC and (B) KOA vs. HC. 
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Table 1. Mean STGP features prior to HKOA studies have found statistically significant differences in HKOA patients vs. healthy controls.
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	Study
	Subjects
	Sensor

Location
	Protocol

(Walking)
	STGP Feature
	Technique
	Performance





	Bolink et al.

2015 [52]
	HOA = 20

KOA = 20

HC = 20
	Back
	SSS

20-min
	WS, CD,

SpT, SpL
	Statistical

p-value
	HOA vs. HC: WS, SpL: <0.01

KOA vs. HC:

WS, SpL: <0.001; CD, Sp: <0.05



	Ismailidis st al.

2021 [53]
	HOA = 24

HC = 48
	Back
	SSS

20-min
	WS, CD,

SdL, StP,

SdD, SwP,

SSP, DSP
	Statistical

p-value
	WS, SdL, SSP: <0.001



	Christian et al.

2016 [25]
	KOA = 15

HC = 15
	Back
	SSS

10-min
	SpC, SpT,

SdT, SpT SD,

SdT SD
	Statistical

p-value
	SpT: <0.024; SdT: <0.031



	Bolink et al.

2012 [26]
	KOA = 20

HC = 30
	Back
	SSS

20-min
	WS, CD,

SpT, SpL
	Statistical

p-value
	WS, CD, SpL: <0.001

SpT: <0.05



	Reininga et al.

2012 [75]
	HOA = 60

HC = 30
	Back, Head
	SSS

25-min
	WS, CD,

SpL
	Statistical

p-value
	WS: <0.001



	Andrade et al.

2017 [72]
	HOA = 24

HC = 10
	Pelvis
	TR(2 km/h)

1-min
	SpT, SdT
	Statistical

p-value
	SpT, SdT < 0.05



	Ismailidis et al.

2021 [73]
	KOA = 22

HC = 46
	Foot, Thigh,

Lumbar,

Lower Leg
	SSS

20-m
	WS, CD,

SdD, SdL
	Statistical

p-value
	WS, CD, SdD, SdL: <0.001



	Hafer et al.

2020 [74]
	KOA = 10

HC = 20
	Foot, Thigh,

Sacrum, Shank
	SSS

30-min
	WS, CD,

SdL
	Statistical

p-value
	WS: <0.007; SdL: <0.027







Note: Significant differences between groups (p-value < 0.05). SD: Standard Deviation; WS: Walking Speed; CD: Cadence; SpC: Step Count; SpT: Step Time; SpL: Step Length; SdL: Stride Length; SdD: Stride Duration; StP: Stance Phase; SwP: Swing Phase; SSP: Single Support Phase; DSP: Double Support Phase; SpR: Step Regularity; SdR: Stride Regularity; TR: Treadmill; SSS: Self-Selected Speed.
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Table 2. The HOOS and KOOS subscales pain items.






Table 2. The HOOS and KOOS subscales pain items.





	
Item

	
HOOS Question

	
Item

	
KOOS Question

	
Assign Scores






	
P1

	
How often is your hip painful?

	
P1

	
How often is your knee painful?

	
Never = 0, Monthly = 1,

Weekly = 2, Daily = 3,

Always = 4




	
What amount of hip pain have you experienced the last week during the following activities?




	
P2

	
Pain straightening hip fully?

	
P2

	
Twisting/pivoting on your knee

	
For each item:

None = 0

Mild = 1

Moderate = 2

Severe = 3

Extreme = 4




	
P3

	
Pain bending hip fully?

	
P3

	
Pain straightening knee fully?




	
P4

	
Walking on a flat surface?

	
P4

	
Pain bending knee fully?




	
P5

	
Going up or down stairs?

	
P5

	
Walking on a flat surface?




	
P6

	
At night while in bed?

	
P6

	
Going up or down stairs?




	
P7

	
Sitting or lying?

	
P7

	
At night while in bed?




	
P8

	
Standing upright?

	
P8

	
Sitting or lying?




	
P9

	
Walking on a hard surface (asphalt, concrete, etc.)

	
P9

	
Standing upright?




	
P10

	
Walking on uneven ground?
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Table 3. Demographic data and clinical information of the study participants.






Table 3. Demographic data and clinical information of the study participants.





	
Category

	
HOA

	
KOA

	
HC




	
n = 26

	
n = 25

	
n = 27






	
Age (years)

	
64 ± 07

	
64 ± 07

	
66 ± 06




	
Gender (M:F)

	
17:09

	
12:13

	
13:14




	
Height (m)

	
177 ± 07

	
172 ± 11

	
172 ± 09




	
Weight (kg)

	
88 ± 19

	
84 ± 14

	
76 ± 11




	
BMI(kg/m2)

	
28 ± 05

	
29 ± 04

	
26 ± 03




	
KL score (03:04)

	
07:19

	
08:17

	
-




	
HOOS Pain score

	
40 ± 14

	
-

	
-




	
KOOS Pain score

	
-

	
42 ± 20

	
-








Values are presented as mean ± standard deviation. BMI, body mass index; n, number; m, meter; M, male; F, female.
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Table 4. Operational definitions of spatial-temporal gait parameters.






Table 4. Operational definitions of spatial-temporal gait parameters.





	STGP
	Formula
	Description





	Step Count (SpC)
	    S p C   : =   # H S    
	Number of steps taken over the gait time (2 min).



	Stride Count (SdC)
	   S d C   : =   ( # H  S   / 2   )
	Number of gait cycles over the gait time (2 min).



	Step Length (SpL)
	   S p L   : =   ( T  D   / S p C   )
	Distance between the ipsilateral and contralateral HS [101].



	Stride Length (SdL)
	   S d L   : =   ( T  D   / S d C   )
	Distance between two consecutive HS of the same foot [101].



	Step Time (SpT)
	    S p T   : =   H  S L  − H  S R     
	Time between ipsilateral and contralateral HS [102].



	Stride Time (SdT)
	    S d T   : =   H S − H S    
	Time between two consecutive HS of the same foot [102].



	Swing Time (SgT)
	    S g T   : =   H S − T O    
	Elapsed time from TO to successive HS of the same foot [103].



	Stance Time (ScT)
	    S c T   : =   T O − H S    
	Elapsed time from HS to successive TO of the same foot [103].



	Terminal Double Support Time(TdsT)
	    T d s T   : =   T  O R  − H  S L     
	Time between contralateral HS and ipsilateral TO [103].



	Cadence
	   C a d e n c e   : =   (  60   / S p T )   )
	Rhythm expressed in steps per unit time [102].



	Gait Velocity (GV)
	   G V   : =   ( S p  L   / c a d e n c e   )
	Distance traveled per second [101].







R: right foot; L: left foot; TD: Total Distance.
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Table 5. Dimensionless forms related to spatial-temporal gait features.






Table 5. Dimensionless forms related to spatial-temporal gait features.





	Quantity
	Dimensionless Equation
	STGP Features





	Length
	    l   ′  =  l g     
	SpL, SdL



	Time
	    t   ′  =  t   h g       
	SpT, SdT, SgT, ScT, TdsT



	Frequency
	    f   ′  =  f   g h       
	Cadence



	Velocity
	    v   ′  =  v   g ∗ h       
	GV







g is the acceleration due to gravity.
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Table 6. Hyperparameter tuning space for ML algorithms.






Table 6. Hyperparameter tuning space for ML algorithms.





	
ML

	
Parameters

	
Values/ Range






	
LR

	
Max iteration

	
[100, 1000, 2500, 5000]




	
Class weight

	
{[1:0.5, 0:0.5], [1:0.4, 0:0.6], [1:0.6, 0:0.4], [1:0.7, 0:0.3]}




	
SVM

	
C

	
[0.001, 0.1, 1, 10, 15, 20, 100, 1000]




	
Gamma

	
[0.001, 0.01, 0.1, 10, ’scale’]




	
Kernel

	
[rbf, sigmoid, poly, linear]




	
KNN

	
Number of Neighbors

	
[2–25]




	
Leaf size

	
[1–15]




	
P

	
[ 1, 2 ]




	
Metric

	
[euclidean, manhattan]




	
Weights

	
[uniform, distance]




	
DT

	
Criterion

	
[gini, entropy]




	
Max features

	
[1, 20]




	
Max depth

	
[60,50, 30, 20, 9, 7, 5, 3]




	
RF

	
Criterion

	
[gini, entropy]




	
Max depth

	
[3, 5]




	
Max features

	
[auto, sqrt, log2]




	
Bootstrap

	
[True, False]




	
Min samples split

	
[2,3,5,8]




	
Min samples leaf

	
[1–10]




	
Number of estimators

	
[100, 300, 500]




	
XGB

	
Max depth

	
[3, 5]




	
Min child weight

	
[1, 5, 10]




	
Gamma

	
[0.5, 1, 1.5, 2, 5]




	
Subsample

	
[0.6, 0.8, 1.0]




	
Colsample bytree

	
[0.6, 0.8, 1.0]
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Table 7. HOA vs. HC Accuracy of ML models.






Table 7. HOA vs. HC Accuracy of ML models.





	
ML

	
Accuracy (Mean) %




	
STGP

	
STGP-Normz

	
STGP-Standz

	
DL STGP






	
LR

	
79.45

	
81.45

	
81.45

	
84.91




	
SVM

	
54.55

	
83.27

	
83.27

	
79.45




	
KNN

	
60.55

	
79.27

	
75.64

	
72.00




	
DT

	
64.55

	
77.09

	
69.82

	
62.55




	
RF

	
72.00

	
76.00

	
75.64

	
71.00




	
XGB

	
73.82

	
73.82

	
73.82

	
70.00
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Table 8. KOA vs. HC Accuracy of ML models.






Table 8. KOA vs. HC Accuracy of ML models.





	
ML

	
Accuracy (Mean) %




	
STGP

	
STGP-Normz

	
STGP-Standz

	
DL STGP






	
LR

	
63.64

	
76.73

	
80.73

	
74.73




	
SVM

	
59.82

	
80.55

	
73.27

	
73.09




	
KNN

	
55.45

	
70.91

	
68.91

	
68.91




	
DT

	
59.82

	
59.64

	
67.27

	
55.82




	
RF

	
67.09

	
61.45

	
63.45

	
59.45




	
XGB

	
76.73

	
76.73

	
76.73

	
65.64
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Table 9. HOA vs. HC accuracy of feature ranking.






Table 9. HOA vs. HC accuracy of feature ranking.





	
ML Model

	
Number of Features




	
1

	
3

	
5

	
10

	
ALL






	
LR

	
76.33

	
81.67

	
83.00

	
81.67

	
86.64




	
SVM

	
72.00

	
83.67

	
76.00

	
76.00

	
86.10




	
KNN

	
80.00

	
80.00

	
80.00

	
75.33

	
80.00




	
DT

	
76.67

	
70.00

	
78.00

	
75.67

	
86.79




	
RF

	
80.00

	
72.00

	
70.00

	
78.00

	
83.00




	
XGB

	
80.00

	
73.67

	
80.00

	
80.00

	
81.79
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Table 10. KOA vs. HC accuracy of feature ranking.






Table 10. KOA vs. HC accuracy of feature ranking.





	
ML Model

	
Number of Features




	
1

	
3

	
5

	
10

	
ALL






	
LR

	
76.67

	
74.67

	
74.67

	
76.33

	
83.21




	
SVM

	
74.33

	
76.33

	
76.33

	
76.33

	
83.57




	
KNN

	
72.67

	
71.00

	
79.00

	
71.00

	
75.40




	
DT

	
70.00

	
75.33

	
73.33

	
65.00

	
78.21




	
RF

	
74.67

	
67.33

	
67.33

	
65.00

	
78.00




	
XGB

	
74.33

	
69.00

	
65.00

	
66.67

	
78.57
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Table 11. Comparison of performance achieved by prior related work.






Table 11. Comparison of performance achieved by prior related work.





	Study
	Studied

Population
	Classification

Technique
	Type of

Predicting Pain
	Extracted

Feature
	Performance
	Best

Model





	Kimura et al. [71]
	HOA = 23
	SVM
	Hip pain

during walking
	EEG features
	Acc = 79.60%
	SVM



	Alexos et al. [70]
	KOA = 4796
	DT, KNN, RF,

Naive Bayes

SVM, XGB
	Knee pain

progression
	Baseline QNR:

QOL; Knee pain,

Knee difficulty

Knee symptoms
	Left Leg

Acc = 84.30%



Right leg

Acc = 82.50%
	RF



	Guan et al. [69]
	KOA = 4674
	ANN, CNN
	Knee pain

progression
	Age, Gender, BMI,

Race, KL grade

WOMAC pain score
	AUC = 69.20%

AUC = 77.00%
	CNN



	OA-Pain-Sense

(proposed method)
	HOA = 26

KOA = 25

HC = 27
	LR, SVM

KNN, DT

RF, XGB
	Self-report

pain level
	SpC, SdC, SpL,

SdL, SpT, SdT, SwT,

StT, TdsT, CD, GV,

SpT SD, SdT SD,

SwT SD, StT SD,

TdsT SD, SpT VAR,

SdT VAR, SwT VAR,

StT VAR, TdsT VAR
	HOA and HC:

Acc = 86.79%

AUC = 86.80%



KOA and HC:

Acc = 83.57%

AUC = 83.62%
	DT





SVM







QNR: Questionnaire; QoL: Quality of life; RadG: Radiographic.
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