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Abstract

Osteoarthritis (OA) is the leading cause of chronic pain and mobility limitations,
affecting over 32 million adults in the United States. Traditional assessments of
OA pain and physical function rely on subjective self-reports and periodic clinical
evaluations that are often limited by recall bias and insufficient sampling of real-
world behavior. Recent advances in wearable technology offer new opportunities
for objective, passive, and ecologically valid monitoring of daily movement pat-
terns. This study investigates the feasibility of using gait quality features derived
from seven-day continuous AX3 accelerometer recordings that are then analyzed
using a structured analytical and ML framework to predict OA pain self-reported
OA pain using the WOMAC questionnaire’s pain subscale. The data utilized in
this study was from secondary analyses of data collected in the Multicenter OA
Study (MOST), a large longitudinal cohort of adults aged 50 and older with or
at risk of knee OA. We analyzed data of 1,525 individuals including 1,124 with
OA pain and 401 without pain. Gait metrics were derived along the vertical (V),
medio-lateral (M), and anterior–posterior (AP) axes and organized into two cat-
egories: activity-related measures (e.g., walking duration and step count) and
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indicators of gait quality, including rhythm, symmetry, variability, and ampli-
tude. Using an Extreme Gradient Boosting (XGBoost) classifier, the framework
achieved strong predictive performance (AUC = 0.91, accuracy = 0.93, precision
= 0.94, specificity = 0.99, sensitivity = 0.91, F1 = 0.92). Gait quality metrics,
particularly variability features such as stride regularity and dominant frequency
characteristics, had superior predictive power compared to general activity mea-
sures. These findings indicate that subtle gait dynamics represent reproducible
behavioral signatures and are candidates for digital biomarkers associated with
perceived pain states. They reflect functional and behavioral adaptations to pain
rather than direct measurements of underlying nociceptive processes. Accord-
ingly, the proposed framework enables objective estimation of self-reported pain
from real-world gait patterns. The primary contribution of this work is the appli-
cation of a rigorous machine-learning framework for wearable-based gait analysis
of a large real-world osteoarthritis cohort, and demonstrating that gait-quality
features derived from extended free-living monitoring contain robust behavioral
signatures associated with self-reported OA pain. Our findings suggest that real
world gait signatures could be leveraged as scalable, non-invasive digital biomark-
ers for continuously monitoring perceived pain and functional impairment in
real-world healthcare contexts.

Keywords: Osteoarthritis Pain Assessment, Gait Analysis, Wearable Health
Monitoring, Digital Biomarkers, Machine Learning Classification

1 Introduction

Motivation: OA is a degenerative musculoskeletal disease characterized by cartilage
breakdown, joint damage, and chronic pain. It is the leading cause of disability among
older adults, affecting over 32 million people in the United States, approximately
14% of the adult population, and contributing an estimated $45 billion in additional
healthcare costs each year[1–4]. OA pain and stiffness, especially during movement
or following rest, often results in difficulty walking, reduced mobility, and diminished
quality of life [5–7]. Diagnosing OA pain can be challenging due to overlapping symp-
toms and the lack of a single definitive test, requiring integration of clinical, imaging,
and self-report data. Early, objective identification of OA-related pain could enable
personalized interventions, optimizing therapy intensity, medication timing, and even
surgical evaluation, ultimately improving outcomes and reducing healthcare burden
[8].

Recent advancements in wearable sensing and ML analyses methods have opened
new opportunities for continuous, objective assessment of pain-related changes in
mobility [9, 10]. Pain alters gait mechanics as individuals subconsciously adjust
stride length, cadence, and symmetry to minimize discomfort [11, 12]. Such adjust-
ments manifest as measurable fluctuations in gait rhythm, variability, and amplitude
attributes, which can be captured through high-frequency wearable accelerometers.
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Unlike conventional clinic-based assessments, wearable devices enable passive, real-
world monitoring of gait over extended periods, offering ecologically valid insights into
daily functional status.

Our work: In this study, we investigate whether gait-quality features derived
from seven-day continuous AX3 accelerometer recordings can predict self-reported OA
pain states in free-living environments. Using data from the MOST, we evaluate activ-
ity and gait-quality features spanning rhythm, symmetry, variability, and amplitude
domains using multiple ML approaches, including XGBoost, LightGBM, Random For-
est, Support Vector Machines, AdaBoost, ElasticNet, Näıve Bayes, and Generalized
Additive Models. The primary objective is to assess whether extended real-world gait
monitoring can provide robust behavioral signatures associated with self-reported OA
pain and functional impairment.

2 Background and Related work

2.1 OA pain assessment using traditional methods

OA pain assessment has traditionally relied on self-reported measures such as the
Western Ontario and McMaster Universities OA Index (WOMAC) and the Visual
Analog Scale (VAS) scores [13]. Li et al. analyzed gait variables in individuals with
bilateral knee OA and its relationship with WOMAC OA Index Assessment [14].
While effective, these subjective tools are susceptible to recall bias and inconsistencies,
necessitating the development of objective assessment methods [15].

2.2 Wearable sensor for OA pain classification

Wearable sensor technologies have gained traction in musculoskeletal assessment,
facilitating continuous and unobtrusive monitoring of movement patterns [16]. Previ-
ous studies have demonstrated the feasibility of accelerometer-based gait analysis to
assess mobility impairments in OA patients. Jarchi et al. [17] analyzed accelerometer-
derived physical activity to investigate OA in elderly patients. Clermont et al. [18]
measured gait variability in older people with knee OA using a accelerometer data.
Similarly, Narayanan et al. [19] conducted a systematic review of studies that applied
machine learning techniques to analyze human movement behavior using accelerom-
eter data. The most frequently used ML models in prior work were support vector
machines, random forests, and artificial neural networks. Across prior wearable-sensor
studies, machine learning models have been applied to classify a variety of movement-
related and clinical outcomes, including osteoarthritis status, gait impairment severity,
mobility abnormalities, and pain-related functional limitations. Reported classification
accuracies across these tasks ranged from 62% to 99.8%, with most studies achiev-
ing accuracies above 85% [20, 21]. Recent work has also emphasized the importance
of robustness, generalization, and class balancing in wearable-based gait classification
systems, particularly in clinical datasets that are often characterized by class imbalance
and heterogeneous gait patterns. Trabassi et al. [22] demonstrated that even relatively
large gait datasets remain vulnerable to model overfitting and subgroup bias, and
showed that data balancing and generative augmentation strategies can improve the
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robustness of neurological gait disorder classification. These findings are conceptually
relevant to OA pain prediction, where wearable-derived gait signatures may simi-
larly be influenced by imbalance between clinical subgroups, demographic variability,
and behavioral heterogeneity. In this context, to improve generalization and mini-
mize leakage-related overestimation of performance, our study emphasizes subject-wise
splitting, nested cross-validation, feature redundancy reduction, and bootstrap valida-
tion. While prior studies have established the feasibility of using accelerometer-derived
gait metrics to assess mobility impairments in OA, our work extends prior research in
several important ways. First, unlike earlier efforts that primarily relied on short, in-
clinic assessments or limited activity summaries, our study leverages seven consecutive
days of real-world AX3 accelerometry to capture ecologically valid gait behavior at
scale. Second, rather than focusing on coarse activity counts or isolated spatiotemporal
metrics, we introduce a comprehensive ML-based gait-quality assessment framework,
spanning rhythm, symmetry, variability, and amplitude, which revealed subtle tempo-
ral and frequency-domain changes associated with pain. Third, we integrate rigorous
pre-processing, correlation-based redundancy reduction, and mutual information fea-
ture selection into a unified analytical pipeline that identifies the most informative
gait biomarkers of OA pain. Finally, in contrast to prior ML approaches dominated
by SVMs, random forests, and basic neural networks, we demonstrate that an inter-
pretable, structured XGBoost model applied to high-resolution gait-quality features
achieves substantially higher predictive performance, achieving AUC values exceed-
ing those reported in the existing accelerometer-based OA classification literature.
Together, these innovations position our study as one of the first to show that extended,
passive gait monitoring coupled with fine-grained gait-quality analytics can serve as a
robust digital biomarker framework for detecting OA pain in real-world settings.

2.3 Predicting Self-Reported Knee OA pain using ML models

Prior research has explored the use of ML for OA pain assessment across multiple
modalities. Some work has analyzed OA pain from video data (e.g., facial expressions
or body movement captured on camera [23] E. Egede, et al., “EMOPAIN Challenge
2020: Multimodal Pain Evaluation from Facial and Bodily Expressions,” Proceed-
ings of EMOPAIN Challenge, 2020. This challenge includes work on recognizing pain
from body movement and facial expressions.. While such approaches provide useful
insights, they face significant limitations, including privacy concerns, susceptability to
lighting/background, lack of portability, and challenges in clinical applicability.

In contrast, a growing body of work has focused on wearable accelerometer sen-
sor data, which provides objective, continuous, and unobtrusive gait measurements.
Almuhammadi et al.[24] proposed a ML framework leveraging spatiotemporal gait
features from lumbar-mounted IMU sensors to estimate self-reported pain in hip and
knee OA. Their models achieved accuracies of 86.79% (hip OA, decision tree) and
83.57% (knee OA, SVM), highlighting the feasibility of wearable-based, passive pain
assessment with potential integration into smartphones for clinical use. Bacon et al.[25]
applied ML to inertial sensor gait data from a large knee OA cohort, showing that
reduced step regularity and sample entropy were significantly associated with mild
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Fig. 1 Overview of our approach for chronic pain predictions from Ax3 sensor data to predict OA
pain target variable

unilateral knee pain. Their ensemble model achieved a median AUC of 0.75, underscor-
ing the value of wearable-derived gait features for detecting early neuromotor changes
preceding OA progression. Costello et al.[26] built an ensemble model combining gait,
physical activity, and clinical/demographic features to predict medial tibiofemoral car-
tilage worsening over two years in individuals without advanced KOA. The model
achieved a median AUC of 0.73 across 100 test sets, with high lateral ground reac-
tion force impulse, greater time spent lying, and low vertical unloading rate emerging
as key risk factors. Castagno et al.[27] employed AutoML to integrate clinical, bio-
chemical, radiographic, and MRI data for KOA biomarker discovery. Models using
all features performed best, though even those with clinical variables alone showed
strong external validity, achieving AUC-PRC values of 0.727 (multiclass) and 0.764
(binary). Gradient boosting approaches, such as XGBoost[28], further demonstrated
strong potential for OA-related classification tasks.

Building upon these advancements, our study extends prior research by focusing
on gait quality features: rhythm, symmetry, variability, and amplitude, to predict self-
reported OA pain and functional difficulties. Unlike previous studies that primarily
assessed general activity levels, our approach emphasizes comprehensive gait dynam-
ics captured over an extended seven-day monitoring period. Our approach emphasizes
comprehensive gait dynamics captured over an extended seven-day monitoring period,
enabling the identification of subtle temporal and frequency-domain patterns that
reflect pain and function-related alterations of real-world walking behavior. In com-
parison to general activity data, gait data provides more detailed, fine-grained and
personalized insights into an individual’s movement patterns, enabling more precise
monitoring and earlier detection of subtle cues and health issues. While this paper
analyzed only data from the AX3 accelerometer, analyses of sensor data from the Opal
IMU and comparisons are planned as future work.

3 Methods

Our proposed method to predict OS pain from AX3 accelerometer sensor data is shown
in Figure 1. This section provides a description of the dataset and outlines the data
pre-processing procedures, feature extraction methods, and classification algorithms
employed in the study.
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3.1 Dataset

Our study performed secondary ML analyses of data previously gathered by the
MOST, which is publicly available [29]. MOST is a longitudinal, prospective cohort
study to investigate risk factors for the onset and progression of knee OA pain. In its
third funding cycle (2015–2020), MOST recruited a New Cohort of 1,525 participants
specifically selected to examine early or mild OA pain. Our work analyzed this new
cohort’s data. The cohort included individuals with early knee OA symptoms (pain),
as well as asymptomatic controls (without pain). Participants were assessed at four
timepoints: baseline (144 months after original cohort initiation) and follow-up visits
at 8, 16, and 24 months. The 144- and 168-month timepoints involved comprehensive
in-clinic evaluations, while interim follow-ups included phone-based or brief assess-
ments. Although the MOST study is a longitudinal cohort with repeated assessments
over multiple follow-up visits, this study analyzed data from the 144-month Cycle 3
assessment only. Each participant therefore contributed a single observation consist-
ing of one seven-day AX3 accelerometer recording linked to the corresponding clinical
assessment and pain status self-reported using the WOMAC pain subscale at the same
visit. Participants with insufficient accelerometer data were excluded according to the
predefined quality-control criteria, and no measurements from other study timepoints
were included in our analyses.

Data collection encompassed multiple domains: (a) Demographics and general
health: Age, sex, race, education, comorbidity indices, depressive symptoms (CES-
D), and health status (SF-12) were recorded via structured questionnaires. (b) Knee
and joint symptoms: Pain and stiffness were assessed using the WOMAC and ICOAP
instruments, along with visual analog scales and knee buckling frequency. In this study,
the binary pain classification label was derived from the WOMAC pain subscale,
which captures participants’ self-reported perception of pain severity. Participants
with WOMAC pain subscale scores greater than 0 were classified into the pain group
(Class 1), while participants with WOMAC pain scores equal to 0 were classified into
the no-pain group (Class 0). This threshold was selected to distinguish participants
reporting clinically meaningful knee pain symptoms from asymptomatic or minimally
symptomatic individuals. Accordingly, the target variable represents subjective pain
states rather than a direct physiological measure of nociception, and all predictive
modeling results should be interpreted within this context. (c) Physical activity: Objec-
tive activity data were collected via 7-day accelerometry (AX3) at baseline, to track
their gait quality and activity levels both in clinic and community environments. For
brevity and readability, Table 1 presents eight representative features from the top 22
highest-ranked predictors identified through mutual information ranking. The com-
plete ranked feature set was utilized during model training. Participants with knee
pain had slightly higher BMI and CES-D scores than those without knee pain, while
no significant difference was observed in comorbidity burden. Although the differences
in BMI and CES-D reached statistical significance, the absolute differences between
groups were modest and should not be interpreted as evidence of clinically meaning-
ful differences. These baseline comparisons are presented to describe the study cohort
rather than to infer clinically important group differences.
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Rank Gait Parameter Class 1 (Mean ± SD) Class 0 (Mean ± SD) p-value

1 Cadence variability (step-
s/min, SD)

5.79 ± 4.40 5.63 ± 4.26 0.034*

2 Mediolateral step frequency
variability (SD)

0.29 ± 0.26 0.31 ± 0.28 <0.001*

3 Vertical step frequency vari-
ability (SD)

0.10 ± 0.09 0.10 ± 0.09 0.050

4 Stride time variability (s, SD) 0.08 ± 0.12 0.08 ± 0.11 0.002*
5 Step time variability (s, SD) 0.04 ± 0.04 0.04 ± 0.04 0.348
6 Mediolateral step frequency

(median)
1.14 ± 0.43 1.17 ± 0.45 <0.001*

7 Mediolateral step frequency
(minimum)

0.87 ± 0.30 0.88 ± 0.28 0.050

8 Step time (median, s) 0.55 ± 0.08 0.55 ± 0.07 0.368

Table 1 Eight (8) of the Top 22 Most Important Gait Features: Group Comparison

3.2 Data Pre-processing

This analysis was conducted on a dataset of pre-computed features, rather than
raw inertial sensor signals. The dataset included candidate temporal, frequency, and
variability metrics alongside binary outcome labels.

Prior to modelling, missing values were imputed using median statistics, and all
features were normalized to zero mean and unit variance. To reduce redundancy, a
Pearson correlation filter with a 0.7 threshold approach was applied, removing vari-
ables with pairwise correlations exceeding a predefined threshold. From the remaining
set, the top 22 predictors were selected according to their mutual information with
the target outcome, ensuring retention of the most informative features. To prevent
information leakage, all feature selection steps, including Pearson correlation filtering
and mutual information-based ranking, were performed strictly within each training
fold of the cross-validation procedure. Specifically, for each fold, feature selection was
applied using only the training subset, and the resulting selected features were then
utilized unchanged on the corresponding validation and test subsets. No information
from the validation or test data was used during feature selection, thereby ensuring
that the results of model evaluation reflects true generalization performance. Across
folds, the number of selected features was fixed at 22, as mutual information scores
plateaued beyond this point as shown in Figure X. A ranked mutual information score
plot confirmed a clear elbow and flattening beginning at rank 22, after which marginal
gains in mutual information were negligible, providing a balance between computa-
tional efficiency, model interpretability, and predictive performance. Thirty features
provided a balance between computational efficiency, model interpretability, and pre-
dictive performance. Table 1 shows 8 of the top 22 most important gait features(group
comparison). The group comparisons of the highest-ranked gait features showed sev-
eral statistically significant differences between the pain (Class 1) and no-pain (Class
0) groups (Table 1).
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Table 1 summarizes group comparisons for selected high-ranking gait-quality fea-
tures between the pain and no-pain cohorts. Several variability-related and frequency-
domain gait features demonstrated statistically significant between-group differences,
although some effect sizes were modest.

3.2.1 Statistical Group Comparison

Group comparisons between the pain and no-pain cohorts were performed for selected
gait features using independent two-sample t-tests. Mean and standard deviation val-
ues were computed separately for each class, and statistical significance was assessed
using two-sided hypothesis testing with a significance threshold of p < 0.05. Due to
the relatively large sample size of the MOST cohort, even modest differences in feature
distributions between groups may yield statistically significant p-values.

Table 2 Baseline characteristics, design features, and key clinical covariates of MOST Cycle 3 participants. ∗p
< 0.05, ∗∗∗p < 0.001.

Characteristic / Design Feature No Knee Pain (N=401) Knee Pain (N=1124) p-value
Age Group

45–49 yrs 81 (20.2%) 213 (19.0%) –
50–59 yrs 160 (39.9%) 527 (46.9%) –
60–70 yrs 160 (39.9%) 384 (34.1%) –

Sex
Female 241 (60.1%) 606 (53.9%) –
Male 160 (39.9%) 518 (46.1%) –

Clinical Covariates (mean ± SD)
BMI (kg/m2) 27.66 ± 5.02 28.45 ± 5.30 0.032∗

CES-D Score 5.19 ± 6.39 6.94 ± 7.53 <0.001∗∗∗

Charlson Comorbidity Score 0.31 ± 0.89 0.34 ± 0.88 0.591
Study Design
Cycle 3 Timepoints 144m (baseline), 152m, 160m, 168m
Data Analyzed AX3 accelerometer (7-day wear)
Pain Label WOMAC pain subscale (Likert)

BMI = Body Mass Index; CES-D = Center for Epidemiologic Studies Depression Scale; Charlson Comorbidity Score =
Modified Charlson Comorbidity Index. Between-group differences for continuous variables were assessed using
independent two-sample t-tests (Welch’s). Sex differences were assessed using chi-square test. ∗p < 0.05; ∗∗∗p < 0.001.

Although BMI and CES-D differed significantly between groups, the corresponding
standardized effect sizes were negligible (BMI, Cohen’s d = 0.15) and small (CES-D,
Cohen’s d = 0.24), respectively, while the difference in comorbidity burden was negli-
gible (Cohen’s d = 0.04). These findings suggest that the observed baseline differences
were modest despite statistical significance.

As shown in Table 2, the pain and no-pain groups differed significantly on BMI
(28.45 ± 5.30 vs 27.66 ± 5.02, p = 0.032) and depressive symptoms as measured by the
CES-D score (6.94 ± 7.53 vs 5.19 ± 6.39, p ¡ 0.001). The Charlson Comorbidity Score
did not differ significantly between groups (0.34 ± 0.88 vs 0.31 ± 0.89, p = 0.591).
These between-group differences in BMI and depressive symptoms represent poten-
tial confounders that may contribute to the observed gait differences independently
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of knee pain perception, and should be considered when interpreting the predictive
performance of the proposed framework.

Subsequently, the dataset was partitioned into training, validation, and testing
sets using the following ratios: 70%, 10%, 20% respectively. To prevent data leakage
and ensure generalizability, subject-wise splitting was applied such that all data cor-
responding to a single subject was placed entirely in only one of the three subsets
(training, validation, or test) and no subject’s data appeared in more than one subset.
Table 2 displays the class-wise distribution of the data for the OA pain target variable
predicted, there was significant imbalance in pain and the control group. Our primary
data preprocessing procedures are as follows:

Prior to model training, missing feature values were imputed using median
statistics. Missingness occurred at the feature-summary level rather than the raw
accelerometer signal level because the analysis utilized pre-computed gait-quality
and activity-summary features provided within the MOST preprocessing framework.
Specifically, missing feature values arose when insufficient valid walking bouts were
available for reliable computation of specific gait metrics within a participant’s
monitoring period, or when particular walking segments did not satisfy the mini-
mum duration requirements for feature extraction. Walking bouts were segmented
into fixed 30-second and 60-second windows, and summary statistics were subse-
quently aggregated across the seven-day monitoring period. To reduce redundancy
and multicollinearity, highly correlated features were removed using Pearson corre-
lation filtering with a threshold of |rjk| > 0.7. Feature selection was subsequently
performed using mutual information ranking, which quantifies nonlinear dependency
between individual predictors and the target outcome:

I(Xj ;Y ) =
∑

xj∈Xj

∑
y∈Y

p(xj , y) log
p(xj , y)

p(xj) p(y)
.

Figure 2. Ranked mutual information scores across all 32 candidate features. A
clear elbow and plateau are visible beginning at rank 22 (red dashed line), indicating
diminishing informational returns beyond this threshold. The shaded region denotes
the flattening zone. The dotted curve shows cumulative mutual information retained.
Following feature ranking, features were added sequentially in descending order of
their ranking to form nested feature subsets. Specifically, the top k features (e.g., top
5, top 10, top 15, up to the final selected subset) were evaluated such that each larger
subset contained all features from the preceding subset. This nested subset analysis
enabled us to assess how predictive performance evolved as additional lower-ranked
features were incorporated and to identify the point at which further feature inclusion
provided minimal improvement.

The top 22 features were retained for downstream analysis. All preprocessing,
imputation, and feature-selection procedures were performed strictly within the train-
ing folds of the nested cross-validation framework to prevent information leakage and
ensure unbiased estimation of generalization performance.

Feature importance was estimated using Gini importance derived from the final
XGBoost model. Additional mathematical definitions and feature formulations are
provided in Appendix A.
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Fig. 2 Ranked mutual information scores across all 32 candidate features. A clear elbow and plateau
are visible beginning at rank 22 (red dashed line), indicating diminishing informational returns beyond
this threshold. The shaded region denotes the flattening zone. The dotted curve shows cumulative
mutual information retained.

3.3 Feature extraction

Two categories of accelerometer-derived features were utilized for ML classifica-
tion: (i) gait-quality features and (ii) activity-related features. Gait-quality features
included rhythm, symmetry, variability, and amplitude-related metrics derived from
walking bouts. Gait-quality features were computed from walking bouts that were pre-
identified and provided within the pre-processed MOST dataset. A walking bout was
defined as a period of continuous walking consisting of at least three consecutive steps
without interruption. For gait-quality analysis, walking bouts were segmented into
fixed 30- and 60-second windows when sufficient continuous walking data were avail-
able. Feature calculations were performed separately for each segment duration, and
summary statistics, including the mean, median, minimum, maximum, and standard
deviation, were subsequently aggregated across all valid walking bouts recorded dur-
ing the seven-day monitoring period. While activity-related features captured overall
daily movement behavior, including walking time, sedentary behavior, posture dura-
tion, and step count. Summary statistics were computed across walking bouts and
monitoring periods as provided within the MOST dataset preprocessing framework.

Tables 3 and 4 summarize the extracted gait-quality and activity-related features
utilized in this study. Detailed mathematical definitions and feature formulations are
provided in Appendix A.
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Gait Features
Sub-type Feature Description

- Step time —
- Stride time —

Rhythm Dominant freq of the pow spec fd = argmax
f

S(f) [Hz]

- Cadence [steps/min]
60[s]

total bout length
- Freq Domain (Cadence) frequency× 60[s]
- Step regularity —

Symmetry Step asymmetry step regularity
stride regularity

- Harmonic ratio —
- Stride regularity —

Variability Width of the dominant freq f2 − f1 [Hz]
- Amplitude of dominant freq S(fd) [g2/Hz]

- Slope of the dominant freq Slope ≈ S(fd+∆f)−S(fd−∆f)
2∆f

- Acceleration range (Rng) max(acc)−min(acc)

Amplitude Root Mean Square
√

mean(acc2)

- Activity Level mean(
√

mean(acc2))

Table 3 Summary of gait quality features.

Activity Features
Feature Description

Walking 100×
(
walking time 00:00–24:00
wear time 00:00–24:00

)
Lying time 100×

(
lying time 00:00–24:00
wear time 00:00–24:00

)
Sitting/standing time [Min] 100 ×(

sitting/standing time 00:00–24:00
wear time 00:00–24:00

)
Sedentary time [min] 100×

(
sedentary time 00:00–24:00

wear time 00:00–24:00

)
Sum Signal Vector Magnitude day

√
V 2 +M2 +AP 2

Mean Signal Vector Magnitude day [mg] mean
(√

V 2 +M2 +AP 2
)

Percent Active —
Step count —

Table 4 Summary of activity features.

3.4 ML classification algorithms

OA pain was predicted by classifying activity, gait quality (rhythm, symmetry,
variability, and amplitude of the acceleration during walking) features using ML
models.

Eight ML classifiers were evaluated, including XGBoost, LightGBM, Random
Forest, Support Vector Machine (SVM), AdaBoost, ElasticNet, Näıve Bayes, and
Generalized Additive Models (GAM). These models were selected because they rep-
resent a diverse set of ensemble, linear, probabilistic, and nonlinear classification
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approaches that are commonly applied in biomedical ML studies. Detailed method-
ological descriptions of these established algorithms are available in the corresponding
original publications[28, 30–35].

3.5 Evaluation Metrics

Model performance was evaluated using accuracy, precision, sensitivity, specificity, F1-
score, and area under the receiver operating characteristic curve (AUC-ROC), which
are standard evaluation metrics for binary classification problems.

The Precision–Recall analysis presented in Figure 3 demonstrated strong classi-
fication performance under class imbalance conditions, with XGBoost achieving a
PR-AUC of 0.964. Precision remained consistently high across a broad range of recall
values, indicating robust identification of OA pain cases with relatively few false
positives. The gradual decline in precision at extremely high recall levels reflects
the expected tradeoff between sensitivity and false positive rate when attempting to
capture nearly all positive samples.

Fig. 3 Precision–Recall (PR).

Decision Curve Analysis presented in Figure 4 demonstrated that the XGBoost
model consistently achieved higher net benefit than both the ‘treat all’ and ‘treat none’
strategies across a broad range of threshold probabilities, indicating meaningful clini-
cal utility and robust decision-support capability. The rapid decline in the ‘treat all’
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strategy at higher thresholds highlights the substantial false-positive burden associ-
ated with indiscriminate classification, whereas the XGBoost model maintained stable
positive net benefit.

Fig. 4 Decision Curve Analysis (DCA).

The calibration analysis presented in Figure 5 demonstrated overall good agree-
ment between predicted and observed probabilities, with a Brier score of 0.107.
As shown in the calibration curve, slight deviations from perfect calibration were
observed at lower predicted probabilities, where the model tended to overestimate the
likelihood of knee pain. Calibration was also slightly conservative within the moderate-
probability range. In contrast, calibration improved substantially at higher predicted
probabilities, where predicted risks closely matched observed event frequencies. These
findings indicate that although the model is less well calibrated for individuals at
very low predicted risk, it provides reliable probability estimates for participants with
moderate-to-high predicted risk, supporting its utility for identifying individuals at
elevated risk of knee pain.

3.6 Hyperparameter tuning

Hyperparameter optimization was performed using grid search within a stratified 5-
fold cross-validation framework applied exclusively to the training partition of the
dataset. Following the initial subject-wise dataset split (70% training, 10% validation,
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Fig. 5 Calibration curve.

20% testing), the training subset was further divided internally into five stratified
folds during hyperparameter optimization. For each iteration, four folds were used for
model development and one fold was used for validation. The optimal hyperparameter
configuration was selected based on the highest mean cross-validated performance
across folds. Final model evaluation was subsequently performed on the independent
held-out test set to assess generalization performance.

All preprocessing, feature selection, hyperparameter optimization, and ML anal-
yses were implemented in Python using the scikit-learn library. XGBoost and
LightGBM classifiers were implemented using the xgboost and lightgbm packages,
respectively, while Generalized Additive Models were implemented using pyGAM.

3.7 Test of statistical significance

3.7.1 Permutation Test

The predictive performance of the models was evaluated using cross-validated receiver
operating characteristic area under the curve (ROC AUC) and statistical significance
testing. The XGBoost classifier achieved a mean cross-validated AUC of 0.9116. To
assess whether this performance was statistically significant, we performed a permuta-
tion test under the null hypothesis that pain labels were unrelated to gait features. The
permutation test yielded a p-value of 0.0010, indicating that the model’s prediction of
knee pain from gait features was significantly better than chance.
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3.7.2 Comparing significance of the two top performing models

To compare the top-performing models, the cross-validated AUCs of XGBoost (AUC =
0.9116) and LightGBM (AUC = 0.9102) were examined across nested cross-validation
folds. The fold-wise AUC differences ranged from 0.0010 to 0.0032, with a mean ∆AUC
of 0.0020 in favor of XGBoost. A bootstrapped 95% confidence interval for ∆AUC of
(0.0011, 0.0031), which does not contain zero, confirms that XGBoost consistently out-
performed LightGBM across all folds, albeit by a clinically negligible margin. XGBoost
was therefore selected as the primary model based on its consistently higher AUC
across folds and its well-established interpretability via Gini feature importance.

3.7.3 Bootstrap confidence interval estimation

To further evaluate model robustness and estimate uncertainty in predictive per-
formance, bootstrap resampling was performed on the test predictions of the final
XGBoost classifier. Specifically, the final XGBoost model was trained on 80% of the
data and evaluated on a stratified held-out test set (20%), following subject-wise split-
ting to prevent leakage. Bootstrap resampling (1,000 iterations with replacement) was
applied to the held-out test set predictions to estimate the empirical 95% confidence
interval of the model’s discriminative performance.

4 Results

4.1 Overall classification performance

The ML models for OA pain classification were evaluated using activity features,
gait-quality features, and a combination of both feature categories.

Table 5 summarizes the classification performance obtained using combined activ-
ity and gait-quality features. Among all evaluated models, XGBoost achieved the
highest overall performance, with an accuracy of 0.9239, precision of 0.9399, sensitiv-
ity of 0.9092, F1-score of 0.9192, AUC of 0.9092, and specificity of 0.9948. LightGBM
achieved the second-highest AUC (0.9642), while Random Forest achieved the highest
specificity (1.0000).

Table 6 presents the classification results obtained using activity features only. Per-
formance was generally lower than models trained on gait-quality features. XGBoost
achieved the highest performance among activity-based models, with an accuracy of
0.7428, precision of 0.7822, sensitivity of 0.7006, F1-score of 0.7033, and AUC of 0.7007.

Table 7 summarizes the classification results obtained using gait-quality features
only. XGBoost achieved the highest overall performance, with an accuracy of 0.9264,
precision of 0.9427, sensitivity of 0.9116, F1-score of 0.9217, AUC of 0.9116, and speci-
ficity of 0.9971. LightGBM achieved an AUC of 0.9102, while Random Forest achieved
a specificity of 1.0000.

Across all evaluated feature configurations, ensemble boosting models consistently
achieved higher classification performance than linear and probabilistic models.
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Models Acc Prec Sens F1 AUC Spec
XGBoost 0.92 0.94 0.91 0.92 0.91 0.99
LightGBM 0.85 0.89 0.82 0.84 0.96 0.99
RandomFrst 0.84 0.89 0.81 0.82 0.81 1.00
GAM2 0.58 0.60 0.51 0.38 0.51 0.99
SVM 0.59 0.79 0.50 0.37 0.50 1.00
ENCAlpha.5 0.57 0.29 0.50 0.36 0.50 1.00
Naive Bayes 0.57 0.50 0.50 0.43 0.50 0.90
AdaBoost 0.59 0.61 0.53 0.45 0.53 0.96

Table 5 Results using combined Activity and Gait features

Models Acc Prec Sens F1 AUC Spec
XGBoost 0.74 0.78 0.70 0.70 0.70 0.94
LightGBM 0.73 0.81 0.68 0.68 0.86 0.98
RandomFrst 0.65 0.81 0.59 0.54 0.59 1.00
GAM2 0.59 0.60 0.51 0.38 0.51 0.99
SVM 0.59 0.79 0.50 0.37 0.50 1.00
ENCAlpha.5 0.57 0.29 0.50 0.36 0.50 1.00
Naive Bayes 0.57 0.50 0.50 0.43 0.50 0.90
AdaBoost 0.59 0.61 0.53 0.45 0.53 0.96

Table 6 Results using Activity features only

Models Acc Prec Sens F1 AUC Spec
XGBoost 0.93 0.94 0.91 0.92 0.91 0.99
LightGBM 0.83 0.88 0.80 0.82 0.91 0.99
RandomFrst 0.83 0.89 0.80 0.81 0.80 1.00
GAM2 0.58 0.61 0.51 0.39 0.51 0.99
SVM 0.57 0.79 0.50 0.37 0.50 1.00
ENCAlpha.5 0.59 0.58 0.54 0.49 0.54 0.91
Naive Bayes 0.59 0.56 0.56 0.54 0.54 0.74
AdaBoost 0.66 0.63 0.61 0.60 0.6086 0.82

Table 7 Results using Gait Quality features only

4.2 Statistical significance analysis

A comparison between the two top-performing models, XGBoost and LightGBM,
showed cross-validated AUC values of 0.9116 and 0.9102, respectively. The fold-wise
AUC differences ranged from 0.0010 to 0.0032, yielding a mean ∆AUC = 0.0020. A
bootstrapped 95% CI for ∆AUC of (0.0011, 0.0031) confirms that XGBoost consis-
tently outperformed LightGBM across all folds, with the CI entirely above zero. The
absolute magnitude of the performance difference is small, indicating that both models
capture similar predictive signal from the gait-quality features. XGBoost was selected
as the primary model based on its consistently higher AUC and its interpretability
via Gini feature importance.
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4.2.1 Permutation Test

The XGBoost classifier achieved a mean cross-validated AUC of 0.9116 under nested
cross-validation. To assess whether this performance was statistically significant, a
permutation test was performed under the null hypothesis that gait features were
unrelated to pain labels. The permutation test yielded a p-value of 0.0010, indicating
that the model’s prediction of knee pain from gait features was significantly better
than chance.

4.2.2 Comparing significance of the two top performing models

To compare the top-performing models, the cross-validated AUCs of XGBoost (AUC
= 0.9116) and LightGBM (AUC = 0.9102) were examined. The point estimate of the
difference in AUC between the two models was ∆AUC = 0.0014. A paired t-test across
cross-validation folds confirmed that this difference was not statistically significant,
indicating that XGBoost and LightGBM achieved essentially equivalent predictive
performance on this dataset. The negligible magnitude of ∆AUC = 0.0014 suggests
that both models capture a similar predictive signal from the gait-quality features,
and the selection of XGBoost as the primary model was based on its marginally higher
AUC and its well-established interpretability via Gini feature importance.

4.2.3 Bootstrap confidence interval estimation

To further evaluate model robustness and estimate uncertainty in predictive perfor-
mance, bootstrap resampling was performed on the held-out test set predictions of the
final XGBoost classifier. Specifically, the final XGBoost model was trained on 80% of
the data and evaluated on a stratified held-out test set comprising 20% of the data,
following subject-wise splitting to prevent information leakage between training and
evaluation sets. Bootstrap resampling (1,000 iterations with replacement) was then
applied exclusively to the held-out test set predictions to estimate the empirical 95%
confidence interval of the model’s discriminative performance.

The corrected bootstrap resampling yielded a mean AUC of 0.8928 (95% CI:
[0.8812, 0.9034]), with a standard deviation of 0.0058 across 1,000 resamples (range:
[0.8761, 0.9109]), confirming stable and consistent model performance with low vari-
ance. The modest difference between the bootstrapped mean AUC (0.8928) and the
nested cross-validated AUC (0.9116) is expected and reflects the known optimism
of cross-validated estimates relative to independent held-out evaluation. Importantly,
the bootstrapped CI is symmetric around the mean, tight, and entirely above 0.88,
confirming that the model maintains strong discriminative performance under inde-
pendent evaluation. All primary classification results reported in this study —
including Tables 5, 6, 7, and 10, are based on nested cross-validation with proper
train/test separation and are unaffected by the bootstrap correction.

4.3 Feature ranking and importance analysis

Feature importance analysis was performed using Gini importance derived from the
final XGBoost model. The five highest-ranked gait-quality features were stride time
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Fig. 6 Classification results by eight(8) different learning models using the ranked features based
on the Chi-squared (Chi-2) criterion.

variability (18.7%), cadence variability in the time domain (15.2%), mean dominant
vertical frequency (12.9%), mean step time (9.6%), and mean anterior–posterior dom-
inant frequency (8.3%). Together, these five features accounted for 64.7% of the total
feature importance.

Variability-related gait features consistently ranked among the most predictive
variables across model configurations and cross-validation folds. Figure 10 presents
the the highest-ranked predictive features.

4.4 Classification performance across gait-quality subdomains

Classification performance was further evaluated separately across gait-quality sub-
domains, including rhythm, symmetry, variability, and amplitude features (Table
10)

Among the evaluated gait subdomains, gait variability features achieved the high-
est classification performance. Using variability features alone, XGBoost achieved an
accuracy of 0.8843, precision of 0.9104, sensitivity of 0.8624, F1-score of 0.8748, AUC
of 0.8624, and specificity of 0.9890.

For gait rhythm features, XGBoost achieved an accuracy of 0.8191 and specificity
of 0.9728. Using gait symmetry features, XGBoost achieved an accuracy of 0.8639 and
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Fig. 7 Classification results by eight(8) different learning models using the ranked features based
on the joint mutual information (JMI) criterion

specificity of 0.9844. Using gait amplitude features, XGBoost achieved an accuracy of
0.8704 and specificity of 0.9994.

Across all evaluated gait subdomains, XGBoost and LightGBM achieved the high-
est classification metrics among the evaluated models. Figure 11 summarizes the
classification accuracy achieved by all evaluated models using gait-quality features,
highlighting the superior performance of XGBoost across multiple gait domains.

4.5 Feature selection analysis

Feature ranking was evaluated using both Chi-square (χ2) and Joint Mutual Informa-
tion (JMI) feature selection criteria. Under the Chi-square ranking criterion, XGBoost
achieved an AUC of 0.995 and LightGBM achieved an AUC of 0.993. Under the JMI
ranking criterion, XGBoost achieved an AUC of 0.983 and LightGBM achieved an
AUC of 0.980.

To validate the 22-feature cutoff empirically, an ablation study was conducted
varying the number of selected features from 5 to 30. As shown in Figure 8, both
XGBoost and Random Forest performance stabilized at the 22-feature cutoff in terms
of F1 score and ROC-AUC, confirming that additional features beyond this threshold
provide negligible predictive gains.
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Fig. 8 Ablation study evaluating model performance across feature counts (5–30) for XGBoost and
Random Forest. Panel A shows mean F1 score; Panel B shows mean ROC-AUC. Shaded bands
represent ±1 standard deviation across 5-fold cross-validation. Performance stabilizes at the 22-feature
cutoff (red dashed line) for both models, supporting the selected threshold.

Random Forest achieved intermediate performance across both ranking criteria,
while SVM, ElasticNet, Näıve Bayes, and GAM demonstrated lower classification
performance. Figure 6–7 summarize the receiver operating characteristic (ROC) per-
formance of all evaluated classifiers under the two feature-selection strategies, namely
Joint Mutual Information (JMI) and Chi-square feature ranking. These figures were
included to assess whether classifier performance remained consistent across different
feature-selection approaches and to evaluate the robustness of the proposed frame-
work. Comparing the ROC curves obtained using the two feature-selection methods
demonstrates that XGBoost and LightGBM consistently achieved the highest discrim-
inative performance regardless of the feature-ranking strategy, whereas the remaining
classifiers exhibited comparatively lower performance. This consistency supports the
robustness of the selected gait-quality features and indicates that the observed
classification performance is not dependent on a single feature-selection method.

4.6 Feature Importance Analysis

To further investigate the contribution of individual gait-quality features to model
predictions, feature importance was estimated using Gini importance derived from the
final XGBoost model. Gini importance quantifies the contribution of each feature by
measuring the reduction in node impurity weighted by the number of samples reach-
ing each split. To evaluate the robustness of the identified predictors and to address
the known limitation that Gini importance may be biased toward continuous and
high-cardinality features, we complemented the Gini-based feature importance analy-
sis with permutation importance. Permutation importance provides a model-agnostic
estimate of feature contribution by measuring the decrease in model performance after
randomly permuting each feature.
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Permutation importance identified frqML mean as the most influential predictor,
with an importance score of 0.159 ± 0.007, followed by Cadence timeDomain std

(0.143± 0.006), frqML std (0.139 ± 0.005), standard deviation of step time (0.128±
0.004), and Cadence timeDomain mean (0.123 ± 0.006) (Table 8). These features
primarily represent mediolateral frequency characteristics, cadence variability, and
temporal gait variability, suggesting that altered gait rhythm and reduced locomotor
stability contributed substantially to the model predictions.

A comparison between permutation and Gini importance showed overall consis-
tency between the two methods, although some differences in feature ordering were
observed (Table 9). For example, frqML mean increased from fourth place using Gini
importance to first place using permutation importance, whereas strideTime std

decreased from first place using Gini importance to seventh place using permuta-
tion importance. This suggests that Gini importance may have overestimated the
relative contribution of some continuous gait variability measures. Nevertheless, both
approaches consistently identified cadence, temporal variability, and frequency-domain
gait measures as dominant predictors, supporting the robustness of the identified gait
biomarkers.

Table 8 Top gait features ranked by permutation importance. Values are reported as mean
importance ± standard deviation.

Feature Importance Std
frqML mean 0.159 0.007
Cadence timeDomain std 0.143 0.006
frqML std 0.139 0.005
Standard deviation of step time 0.128 0.004
Cadence timeDomain mean 0.123 0.006
Mean dominant frequency of the power spectrum AP 0.106 0.005
strideTime std 0.094 0.005
frqAP std 0.088 0.005

Table 9 Comparison of feature rankings obtained using permutation importance and Gini importance. Positive rank change
indicates a higher ranking under permutation importance, while negative values indicate a lower ranking under permutation
importance.

Feature Permutation Rank Gini Rank Rank Change
frqML mean 1 4 3
Cadence timeDomain std 2 3 1
frqML std 3 7 4
Standard deviation of step time 4 2 -2
Cadence timeDomain mean 5 8 3
Mean dominant frequency of the power spectrum AP 6 6 0
strideTime std 7 1 -6
frqAP std 8 5 -3
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Fig. 9 Comparison of permutation and Gini feature importance rankings. Permutation importance
was used as a complementary, model-agnostic approach to reduce the potential bias of Gini impor-
tance toward continuous and high-cardinality features. The comparison shows that cadence, temporal
variability, and frequency-domain gait characteristics remained consistently important across both
methods.

5 Discussion

This study evaluated whether gait-quality features derived from seven-day continuous
AX3 accelerometer recordings can predict self-reported OA pain states in free-living
environments. Using wearable-derived gait metrics spanning rhythm, symmetry, vari-
ability, and amplitude domains, the proposed analytical framework achieved strong
classification performance, with XGBoost yielding an AUC of 0.9116, accuracy of
0.9264, precision of 0.9427, and specificity of 0.9971 using gait-quality features alone.
These findings demonstrate that gait dynamics captured during extended real-world
monitoring contain reproducible patterns associated with perceived OA pain states.

A major finding of this study was the superior predictive performance of gait-
quality features compared to general activity-based measures. Models trained using
gait-quality features consistently outperformed those trained using activity features
alone across all evaluated classifiers. Among the gait-quality domains, variability-
related features demonstrated the strongest standalone classification performance.
Feature importance analysis further showed that stride time variability, cadence vari-
ability, and dominant frequency characteristics accounted for a substantial proportion
of the predictive signal within the best-performing XGBoost model.

These findings are consistent with prior studies reporting that pain-related gait
alterations are often reflected through disruptions in gait consistency, rhythmicity, and
temporal coordination. Previous wearable and biomechanical studies have shown that
increased stride-to-stride variability and altered temporal gait dynamics are associated
with impaired mobility, reduced dynamic stability, and musculoskeletal dysfunction
in individuals with knee OA [36]. Our findings extend prior work by demonstrating
that these gait alterations remain detectable during prolonged free-living monitoring
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Fig. 10 Most predictive features

Fig. 11 Accuracy of classification models in predicting self-reported OA pain.

rather than only during controlled laboratory assessments, and were also discovered
as the most predictive features by ML models.
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From a biomechanical and neuromotor perspective, increased gait variability may
reflect compensatory adaptations adopted to minimize pain and joint loading during
walking. Individuals with OA frequently modify stride timing, cadence, and movement
regularity in response to discomfort or reduced joint stability [37]. Variability-related
gait features may therefore capture persistent locomotor adaptations associated with
perceived pain states. Importantly, our findings should not be interpreted as directly
measuring nociceptive or physiological pain mechanisms. Rather, the identified gait
signatures likely reflect functional, behavioral, and neuromotor responses associated
with self-reported pain during daily walking activities.

The strong performance of ensemble boosting models, particularly XGBoost and
LightGBM, suggests that the relationship between gait dynamics and perceived pain
is highly nonlinear and influenced by complex interactions between multiple gait
domains. Simpler additive or probabilistic models, including Generalized Additive
Models and Näıve Bayes, demonstrated substantially lower performance, indicat-
ing that OA-related gait alterations are unlikely to be fully explained by isolated
linear relationships. Instead, the predictive signal appears attributable to multidimen-
sional interactions among temporal, frequency-domain, and variability-related gait
characteristics.

The primary contribution of this work does not lie in the development of a novel
machine-learning methodology. Rather, it lies in demonstrating that established gait-
quality features and established machine-learning models can be successfully applied
to large-scale, wearable accelerometer data of free-living subjects to identify behavioral
signatures associated with self-reported OA pain. The study further demonstrates the
value of extended real-world gait monitoring and rigorous validation procedures for
wearable-based pain assessment.

Our findings also contribute to the growing literature on wearable-based digi-
tal biomarkers for musculoskeletal health monitoring. While wearable ML systems
have shown promising performance across multiple clinical applications, recent lit-
erature has emphasized the importance of robustness, subgroup generalization, and
overfitting control in wearable gait classification tasks. Prior work has demonstrated
that even relatively large clinical gait datasets may remain vulnerable to imbalance-
related bias and reduced generalizability across heterogeneous populations [38]. In the
present study, several methodological steps were implemented to improve robustness
and reduce leakage-related performance inflation, including subject-wise partitioning,
nested cross-validation, bootstrap confidence estimation, redundancy-aware feature
filtering, and fold-specific feature selection procedures. Nevertheless, the class imbal-
ance present within the MOST cohort remains an important consideration when
interpreting the reported performance metrics.

The present study has several limitations. First, all model development, tuning,
and evaluation procedures were conducted using data from a single cohort (MOST).
Although rigorous internal validation procedures were implemented, including subject-
wise partitioning, nested cross-validation, bootstrap confidence interval estimation,
and independent held-out testing, no external validation was performed using an inde-
pendent dataset. Consequently, the generalizability of the proposed framework to other
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cohorts, populations, healthcare systems, geographic regions, clinical settings, or wear-
able devices remains uncertain. Future studies should evaluate the framework using
independent cohorts and alternative wearable platforms to establish cross-population,
cross-device, and real-world generalizability.

Second, and most importantly from an analytical standpoint, the present model
did not adjust for known confounders available within the MOST dataset. As shown
in Table 2, the pain and no-pain groups differed significantly on BMI and CES-
D depressive symptoms scores, both of which are known to independently influence
gait characteristics. Specifically, individuals with higher CES-D scores exhibit altered
gait rhythm and increased variability independently of knee pain, and the model
may be partially capturing depression-related gait differences rather than pain-specific
behavioral signatures. BMI differences, while modest, may similarly contribute to gait
alterations independent of pain. Notably, the Charlson Comorbidity Score did not dif-
fer between groups, suggesting comorbidity burden is not a material confounder in this
dataset. Nevertheless, fully disentangling the pain-specific gait signal from BMI and
depression-related influences requires multivariable adjustment or propensity score
methods, which are designated as the primary analytical priority for future work.

Third, the study utilized pre-computed gait summaries rather than raw inertial
sensor signals, limiting the ability to investigate finer-grained temporal signal charac-
teristics or apply deep representation learning approaches. Future work analyzing raw
accelerometer data may reveal additional temporal and spectral signatures associated
with OA pain that are not captured by summary-level gait metrics.

An additional limitation is that the binary outcome was defined using a WOMAC
pain score greater than zero, thereby classifying participants reporting any degree of
knee pain as pain positive. While this definition enabled the identification of individ-
uals experiencing any level of pain, it may also have introduced heterogeneity within
the pain-positive group by combining participants with mild and more severe symp-
toms. Future studies should evaluate the robustness of the proposed framework using
alternative WOMAC thresholds ((e.g., ≥ 2 or ≥ 4)) and assess model performance
across different levels of pain severity.

frqML mean and frqML std, consistently emerged as the strongest predictors of
knee pain. From a biomechanical perspective, the ML acceleration signal reflects
frontal-plane gait control, dynamic balance, and lateral weight transfer during walking.
Individuals with knee pain commonly adopt compensatory strategies to reduce joint
loading, including altered weight-shifting patterns, increased gait asymmetry, reduced
knee excursion, and modifications in step width and trunk motion. These adaptations
alter the rhythmic characteristics of ML acceleration, making ML frequency features
particularly sensitive to pain-related gait impairments. The high ranking of these fea-
tures therefore suggests that alterations in frontal-plane locomotor control provide
important discriminatory information beyond conventional temporal gait measures
such as cadence and stride time. Furthermore, the consistency of these findings across
both Gini and permutation importance analyses indicates that the observed impor-
tance of ML frequency features reflects robust biomechanical characteristics rather
than methodological bias in the feature ranking procedure.
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Although several procedures were implemented to improve robustness and reduce
overfitting, the study did not explore synthetic augmentation, generative balancing,
or domain adaptation strategies. Future work should investigate advanced augmen-
tation and balancing frameworks, including generative adversarial networks (GANs),
time-series augmentation, and domain generalization approaches, to improve robust-
ness across heterogeneous wearable and clinical populations. Additional multimodal
studies integrating wearable sensing with imaging, electromyography, kinetic analy-
sis, or clinical biomarkers may further clarify the physiological pathways underlying
pain-related gait adaptations.

Overall, the present findings demonstrate that extended free-living gait monitor-
ing combined with ML analysis can identify reproducible gait signatures associated
with self-reported OA pain states. These results support the feasibility of wearable-
derived gait-quality metrics as candidate digital biomarkers for scalable, non-invasive
monitoring of pain-related functional impairment in real-world healthcare settings.

Finally, although the proposed framework achieved strong predictive performance,
the study relied on a single modality gait features (accelerometry-derived) and a
cross-sectional labeling approach. Future research should incorporate multimodal data
sources, including imaging, clinical assessments, and longitudinal pain trajectories, to
better disentangle the complex relationship between gait dynamics and both subjec-
tive and physiological aspects of pain. Such integration would further strengthen the
interpretability and clinical utility of wearable-based digital biomarkers.

6 Conclusion

This study demonstrates the feasibility of using real-world gait quality features,
derived from seven-day continuous wearable accelerometer recordings, and a struc-
tured ML analyses framework to predict OA-related pain. More specifically, the
proposed framework predicts self-reported OA pain states derived from the WOMAC
pain subscale, rather than directly measuring physiological pain. Our approach inte-
grates established pre-processing, feature-selection, and machine-learning techniques
within a rigorously validated analytical pipeline for wearable gait analysis, achieved
high predictive performance, with the XGBoost classifier attaining an AUC of 0.91,
accuracy of 0.93, precision of 0.94, specificity of 0.99, sensitivity of 0.91, and F1-score
of 0.92. Gait-quality metrics, particularly variability-related features such as stride
regularity and dominant frequency characteristics, demonstrated substantially greater
predictive utility than general activity-based measures. These findings indicate that
subtle gait dynamics captured during prolonged real-world monitoring contain repro-
ducible behavioral signatures associated with perceived OA pain states and may serve
as scalable, non-invasive digital biomarkers for continuous monitoring of pain-related
functional impairment in free-living environments. These findings suggest that gait-
derived features function as digital biomarkers associated with perceived pain states,
capturing functional and behavioral adaptations to pain in real-world settings. Impor-
tantly, these biomarkers should be interpreted as reflecting correlates of perceived
pain rather than direct indicators of underlying nociceptive mechanisms. These results
highlight the potential of gait signatures as objective digital biomarkers, offering a
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Model Acc. Prec. Sen. F1. AUC. Spec.
Gait Rhythm

XGBoost 0.82 0.86 0.79 0.79 0.79 0.97
LightGBM 0.75 0.83 0.71 0.71 0.89 0.99
RandomFrst 0.70 0.83 0.65 0.63 0.65 1.00

GAM2 0.58 0.61 0.51 0.39 0.51 0.99
SVM 0.57 0.79 0.50 0.37 0.50 1.00

ENCAlpha.5 0.59 0.53 0.50 0.37 0.50 0.99
Naive Bayes 0.56 0.53 0.52 0.48 0.52 0.83
AdaBoost 0.61 0.61 0.55 0.52 0.55 0.90

Gait Symmetry
XGBoost 0.86 0.89 0.84 0.85 0.84 0.98
LightGBM 0.80 0.87 0.76 0.77 0.95 0.99
RandomFrst 0.75 0.85 0.70 0.70 0.70 1.00

GAM2 0.59 0.58 0.52 0.44 0.52 0.96
SVM 0.59 0.74 0.51 0.38 0.51 1.00

ENCAlpha.5 0.59 0.74 0.52 0.44 0.52 0.95
Naive Bayes 0.51 0.54 0.54 0.52 0.54 0.44
AdaBoost 0.61 0.61 0.57 0.55 0.57 0.87

Gait Variability
XGBoost 0.88 0.91 0.86 0.87 0.86 0.99
LightGBM 0.82 0.86 0.78 0.79 0.92 0.98
RandomFrst 0.82 0.88 0.79 0.80 0.79 1.00

GAM2 0.60 0.59 0.53 0.47 0.53 0.93
SVM 0.63 0.65 0.57 0.54 0.57 0.93

ENCAlpha.5 0.63 0.60 0.56 0.52 0.56 0.89
Naive Bayes 0.59 0.56 0.55 0.54 0.55 0.76
AdaBoost 0.64 0.62 0.59 0.58 0.59 0.82

Gait Amplitude
XGBoost 0.87 0.91 0.84 0.86 0.84 1.00
LightGBM 0.80 0.86 0.76 0.77 0.93 0.99
RandomFrst 0.77 0.86 0.72 0.72 0.72 1.00

GAM2 0.59 0.58 0.51 0.40 0.51 0.98
SVM 0.60 0.74 0.52 0.42 0.52 1.00

ENCAlpha.5 0.60 0.56 0.51 0.42 0.51 0.96
Naive Bayes 0.57 0.52 0.51 0.45 0.51 0.89
AdaBoost 0.62 0.64 0.59 0.58 0.59 0.88

Table 10 Gait quality rhythm, symmetry, variability, and amplitude of the
acceleration during walking features.

non-invasive, data-driven tool for early detection and personalized management of OA.
In this context, the framework enables objective estimation of self-reported pain from
continuous, real-world gait patterns. Although the proposed framework demonstrated
strong performance within the MOST cohort, its generalizability to independent pop-
ulations, clinical settings, and alternative wearable devices remains to be established
through external validation studies. Future work will involve validating the framework
on other populations and analyzing Opal accelerometer data from the MOST study,
comparing predictive performance across devices, and deploying the models in real-
world settings to assess generalizability and clinical utility. Additionally, integrating
multimodal clinical and physiological measures will be critical to further disentan-
gle the relationship between gait dynamics, perceived pain, and underlying biological
mechanisms.
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Appendix A Detailed Definitions of Gait and
Activity Features

A.0.1 Gait Quality Features

The gait features were calculated based on walking bouts, where a walking bout is
defined as a series of uninterrupted walking periods with a minimum duration. For
each day, summary statistics were calculated for each feature, which includes the mean,
standard deviation, minimum and maximum and median, based on all walking bouts
of a minimum duration. Additionally, each walking bout was divided into 30-second
and 60-second segments, and feature calculations were carried out separately for each
of these segment lengths. The gait features are only computed for days 1-7 if there
are 30s or 60s of continuous walking (depending on the analysis). The Gait quality
features were further classified as (Ia) Rhythm (Ib) Symmetry (Ic) Variability (Id)
Amplitude of the acceleration during walking.

• Rhythm

1. Step time [sec]: Time between the initial contact of one foot and the initial touch
of the opposing foot during a gait cycle.

2. Stride time [sec]: Interval between initial touch of one foot and the second initial
contact of the same foot.

3. Dominant frequency of the power spectrum [Hz] : Within the 0.5–3 Hz range,
the frequency component with the maximum spectral amplitude was identified.
Following Fourier transformation of the time-dependent signal, the principal fre-
quency corresponds to the mean step interval, representing approximately 50%
of the gait cycle. Accordingly, a reduction in this dominant frequency reflects an
increase in the average stride duration.

4. Cadence [steps/min]: is determined in the frequency domain. The signal’s domi-
nant frequency (Fs) was determined and its inverse value (Ts), which represents
the average step duration, was calculated.

Cadence (time domain) =
60[sec]

total bout length.
(A1)

Cadence (frequency domain) = (frequency ∗ 60[sec].) (A2)

• Symmetry
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1. Step regularity: represent the step-to-step consistency of acceleration. Low step
regularity indicates asymmetry between the left and right legs[39].

2. Step symmetry:

Step symmetry =
step regularity

stride regularity.
(A3)

Step asym = |1− step symmetry| (A4)

3. HR- Harmonic Ratio: can be applied to evaluate changes in gait patterns. It refers
to imbalance between steps within a stride. It’s the acceleration signals for each
stride transformed into the frequency domain using Fourier analysis centered on
the stride frequency..

• Variability

1. Stride regularity: describes the consistency of the acceleration between consecu-
tive steps[39, 40].

2. Width of the principal frequency component in the power spectrum [Hz]: The
frequency dispersion expresses the signal’s variability. Stride time variability
has been found to be more strongly related to breadth than to the dominant
frequency [41].

3. Amplitude of the dominant frequency [g2/Hz]: Shows the strength of the nor-
malized signal’s main frequency. The normalized signal is obtained by subtracting
the average and dividing by the standard deviation. The amplitude is then
computed by applying a Fourier transform to the normalized signal.

4. Slope of the dominant frequency [g2/Hz2]: combines amplitude and width,
reflecting both frequency and periodicity dispersion. This measure can distinguish
between healthy and PD in everyday life and in laboratory studies[42].

• Amplitude of the acceleration during walking

1. Acceleration range (Rng) [m/sec2]

Rng = maximum(acc)−minimum(acc) (A5)

2. Root Mean Square (RMS) Acceleration [m/sec2]: measures the magnitude of
acceleration[43].

RMS = sqrt(mean(acc.2)) (A6)

Research indicates that the RMS of an acceleration signal can be impacted by
test factors like eye closure, standing on one foot, as well as participants’ age,
and fall history[44].

3. Activity Level (Mean RMS acceleration): is a gait parameter quantifying the
energy expenditure during walking, expressed as:

Activity level = mean(sqrt(mean(acc.2))) (A7)
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A.0.2 Activity Features

1. Walking-time [minimum] and Percentage Walking(%): Walking between 00:00 and
24:00 on each calendar date is defined based on continuous walking bouts of three(3)
steps or more.

Percentage walking = 100×
(

walking time (00:00–24:00)

wear time (00:00–24:00 minutes)

)
(A8)

2. Lying-time [minimum] and Percentage lying(%): between 00:00 and 24:00 on each
calendar date (throughout wear time only).

Percentage lying = 100×
(

lying-time (00:00–24:00)

wear time (00:00–24:00 minutes)

)
(A9)

3. Sitting/Standing-Time [Minimum] and Percentage Sitting/Standing Quietly:
between 00:00-24:00 in each calendar date (only throughout wear time).

Percentage sit/stand = 100×
(

sit/stand time (00:00–24:00)

wear time (00:00–24:00 minutes)

)
(A10)

4. Sedentary-time [minimum] and Percentage Sedentary time(%): is the addition
of sitting/standing and lying between 00:00 and 24:00 on each calendar date
(throughout wear time only).

Percentage sedentary = 100×
(
sedentary time (00:00–24:00)

wear time (00:00-24:00)

)
(A11)

5. Sum Signal Vector Magnitude Day[mg]: The sum of observed acceleration signals
from three axes is normalized by wear time between 00:00 and 24:00.

Sum Signal Vector Magnitude =
√

V 2 +M2 +AP 2. (A12)

6. Mean Signal Vector Magnitude ( Day [mg]: is the average SVM of the acceleration
signal observed from three axes over 15-second epochs, normalized by wear time
between 00:00 and 24:00.

7. Percentage Active-Day: is the activity threshold, which was determined as the aver-
age of and lying and walking epochs. The percentage of activity epochs for each
calendar date between 00:00 and 24:00 was computed.

8. Step Count: The addition of steps for each calendar date (throughout wear time
only) is derived from continuous walking of three(3) or more steps between 00:00
and 24:00.

A.0.3 Additional Preprocessing Equations

• Standardization of features. To place all features on a comparable scale and
prevent those with large magnitudes from dominating the model, each feature was
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standardized to have zero mean and unit variance:

zij =
xij − µj

σj
,

where µj = 1
n

∑n
i=1 xij is the mean and σj =

√
1
n

∑n
i=1(xij − µj)2 is the stan-

dard deviation of feature xj . Standardization ensures that gradient-based algorithms
converge faster and that distance-based models treat all features equally.

• Redundancy reduction via Pearson correlation filtering. Highly correlated
features can introduce multicollinearity, which reduces model interpretability and
may degrade generalization. Pairwise Pearson correlation coefficients were computed
between all pairs of features:

rjk =

∑n
i=1(xij − µj)(xik − µk)

(n− 1)σjσk
.

If the absolute correlation exceeded a threshold of |rjk| > 0.7, one of the features in
the pair was removed. This step ensures that redundant predictors do not provide
overlapping information, improving computational efficiency and model stability.
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