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ABSTRACT 

Physical activity and mobility are critical for healthy aging and predict diverse health outcomes. 

While wrist-worn accelerometers are widely used to monitor physical activity, estimating gait 

metrics from wrist data remains challenging. We extend ElderNet, a self-supervised deep-

learning model previously validated for walking-bout detection, to estimate gait metrics from 

wrist accelerometry. Validation involved 819 older adults (Rush-Memory-and-Aging-Project) 

and 85 individuals with gait impairments (Mobilise-D), from six medical centers. In Mobilise-D, 

ElderNet achieved an absolute error of 8.82 cm/s and an intra-class correlation of 0.87 for gait 

speed, outperforming state-of-the-art methods (p < 0.001) and models using a lower-back sensor. 

ElderNet outperformed (percentage error; p < 0.01) competing approaches in estimating cadence 

and stride length, and better (p < 0.01) classified mobility disability (AUC = 0.80) than 

conventional gait or physical activity metrics. These results render ElderNet a scalable tool for 

gait assessment using wrist-worn devices in aging and clinical populations.   



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 
 

INTRODUCTION 

Physical activity (PA) and mobility, the ability to move independently1, are essential components 

of healthy aging and are strong predictors of a wide range of clinical outcomes, including 

cognitive decline, disability, and mortality2–7. Objective measures of PA—such as sedentary time 

and moderate-to-vigorous PA— are conventionally measured using wrist-worn accelerometers 

and offer valuable insights8,9. However, these measures typically capture overall physical activity 

levels and fail to distinguish between specific types of physical activity, such as gait versus other 

daily movements, limiting the ability to identify the distinct health benefits associated with 

different forms of activity10.  

Gait-specific measures, such as gait speed, cadence, and stride length, have been shown to serve 

as potential biomarkers, potentially providing complementary insight and objective measures of 

aging, functional health, and disease progression11–14. Thus, untangling gait from total daily 

physical activity may enable more precise identification of activity types to optimize the predic-

tion of health outcomes in older populations and inform targeted interventions. 

Traditionally, the assessment of gait quality has been conducted under controlled laboratory or 

clinical conditions, often using short walking tests or instrumented walkways15,16. While these 

methods offer high accuracy, they only reflect brief snapshots of an individual's mobility and 

may miss important variations that occur during daily life17–19. Recent advancements in wearable 

sensor technology have opened new opportunities to monitor gait in free-living, daily-life condi-

tions, enabling long-term, remote assessment in natural environments20,21. Most real-world gait 

studies to date have relied on accelerometers placed on the lower back, trunk, legs or feet15,22,23. 

From a signal processing perspective, these sensor locations benefit from proximity to the body’s 

center of mass or ground contact. These sensor placements allow for accurate spatial-temporal 

gait estimates15, but comfort and usability concerns may limit long-term adherence and scalabil-

ity24. 

In contrast, wrist-worn accelerometers are widely adopted in both clinical and consumer settings 

due to their convenience and high user compliance9,16,25. Large-scale population studies, such as 
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the UK Biobank, have successfully demonstrated the feasibility of using wrist-worn accelerome-

ters to derive meaningful population-level physical activity metrics, including step counts6,9,26–28. 

For example, Doherty et al. developed open-source algorithms for processing wrist accelerome-

try data, facilitating foundational insights into physical activity patterns across more than 

100,000 participants6,29–32. However, these efforts have predominantly focused on overall physi-

cal activity quantification rather than on detailed assessments of spatial-temporal measures of 

gait, highlighting a critical gap and untapped potential. 

The wrist’s distance from the body’s center of mass and the complexity of its motion during 

walking pose significant challenges for extracting meaningful and accurate gait metrics33. As a 

result, only a limited number of studies have attempted to estimate the spatial-temporal measures 

of gait from wrist data in real-world conditions. The few that do have largely focused on healthy 

individuals, rather than older adults or those with gait impairment16,34, and often necessitate indi-

vidual-level calibration35,36. 

Multi-day wrist recordings capture all of the movements of arm and hand. These recordings can 

include varied activities of the arm as well as walking. Two steps are necessary to extract 

meaningful gait metrics from wrist data. First, tools are needed to differentiate bouts of gait from 

non-gait movements throughout the entire recording. Once the bouts of gait are identified, 

additional tools are needed to quantify conventional gait characteristics, including speed, 

cadence, stride length, and regularity. In a recent study, we introduced and validated a self-

supervised deep-learning framework, ElderNet, that accurately identifies bouts of gait from 3D 

wrist data21. ElderNet leverages a self-supervised learning (SSL) approach, utilizing large 

amounts of unlabeled accelerometry data to learn robust, generalizable representations of gait 

patterns. The framework comprises two main steps: an initial SSL-based pretraining using the 

large unlabeled UK Biobank dataset6,9,26 (Dataset 1) followed by additional SSL training on the 

RUSH Memory and Aging Project (MAP) dataset37,38 (Dataset 2) tailored toward older 

populations with diverse mobility characteristics and impairments. The second step involves 

fine-tuning the foundational SSL model for a specific downstream task, such as gait speed 

estimation, using a smaller, labeled dataset. Here, we adapted and expanded ElderNet to estimate 

detailed gait metrics for each identified walking bout, building on its previously demonstrated 

ability to detect walking segments from wrist-worn accelerometry. 
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More specifically, we fine-tuned ElderNet using a labeled dataset from the Mobilise-D technical 

validation study (TVS; Dataset 3), a relatively large, daily living, labeled dataset comprising 

approximately 2.5-hours recordings from older adults and individuals with gait impairments, 

alongside robust reference annotations obtained from a validated multi-sensor reference system 

that included pressure insoles39. This dataset provides extensive real-world annotations of 

spatial-temporal gait parameters, enabling accurate model training and validation40,41. ElderNet's 

performance was evaluated on the test set of the TVS dataset (Dataset 3) against a fully 

supervised baseline model with the same architecture as ElderNet (but without SSL pretraining) 

to quantify the benefit of the SSL component. For gait speed estimation, we also compared 

ElderNet to a state-of-the-art biomechanical approach proposed by Soltani et al.34, adapted to our 

dataset. In addition, to further assess generalizability, we validated ElderNet on an independent 

dataset of 11 healthy young adults (Dataset 4). Finally, to demonstrate ElderNet’s potential 

clinical utility in real-world contexts, we applied it to a multi-day, free-living data from the 

RUSH MAP37,38 (Dataset 2). Specifically, we examined whether the multi-day gait quality 

metrics extracted by ElderNet could effectively classify mobility disability status in older adults.  

Classifying mobility disability status in older adults using real-world gait metrics is essential for 

identifying individuals at elevated risk of motor and cognitive decline, gait-related falls, and 

other adverse outcomes42,43. We also directly compared the discriminative performance of multi-

day gait metrics derived from ElderNet to metrics obtained from traditional supervised short 

assessments of gait and mobility, thereby demonstrating the added value of continuous real-

world monitoring. This highlights differences between gait capacity (controlled assessments) and 

performance (daily behaviours), informing studies on real-world mobility disparities18,44. 

Furthermore, we compared the model based on multi-day gait metrics with a model using total 

daily physical activity metrics extracted from the same recordings to explore the added value of 

detailed multi-day gait metrics. 
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RESULTS 

Evaluation of ElderNet for Gait Speed Estimation  

To evaluate ElderNet’s ability to estimate real-world gait quality metrics, we fine-tuned the 

model using the labeled dataset from the Mobilise-D TVS (Dataset 3). Figure 1 illustrates the 

ElderNet pipeline, and Table 1 summarizes the key characteristics of the Mobilise-D TVS 

dataset. Further details, including dataset composition and training protocols, are provided in 

Table 2 and the Methods section. 

All reported results reflect performance on the Mobilise-D TVS test set (20% of dataset 3), 

which includes representative individuals from each clinical cohort. On this test set, ElderNet 

demonstrated high performance in gait speed estimation, achieving median values across 

subjects for mean absolute error (MAE) of 8.8 cm/s, root mean square error (RMSE) of 

10.7 cm/s, mean absolute percentage error (MAPE) of 12.73%, coefficient of determination (R²) 

of 0.74, and, compared to measures obtained from the gold-standard pressure sensitive insole 

system, an intra-class correlation coefficient ICC(2,1) of 0.87. As shown in Figure 2, ElderNet 

significantly outperformed both the current state-of-the-art model by Soltani et al.34 and a fully 

supervised baseline model, which uses the same architecture as ElderNet but is trained from 

scratch in a purely supervised manner, without any self-supervised pretraining phase. 

Furthermore, ElderNet maintained its superior performance on an external dataset (Dataset 4) 

comprising healthy young adults, achieving an MAE of 8.3 cm/s, RMSE of 11.4 cm/s, MAPE of 

8.22%, R² of 0.72, and ICC of 0.87, and significantly outperforming the supervised baseline in 

both RMSE (p<0.05) and ICC (p<0.01). Detailed performance metrics, including the 25th and 

75th percentiles at the subject level, are provided in Table S1. Figure 3 further illustrates these 

findings, showing a stronger correlation between ElderNet’s predictions and true gait speeds, 

compared to alternative models. 
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The Bland-Altman plot in Figure 4 compares ElderNet's gait speed predictions with reference 

measurements from various Mobilise-D TVS cohorts. This analysis revealed a minimal mean 

error of 0.17 cm/s, indicating low prediction bias, notably lower than a lower-back-based 

algorithm tested on the same cohorts24.  Table 3 provides a summary of ElderNet's gait speed 

estimation performance across the different cohorts in the Mobilise-D TVS dataset. Post-hoc 

analysis showed stable gait speed errors across bouts of different durations (10–30, 30–60, 60–

120, and >120 s; Kruskal-Wallis p = 0.30; Figure S1). 

Sensitivity analysis  

To assess the system's performance in a real-world deployment scenario where gait bouts are not 

pre-identified, we conducted an end-to-end validation on the Mobilise-D TVS (Internal Dataset 

3) and an external validation set (Dataset 4). We applied our previously validated gait detection 

algorithm21 on the continuous raw acceleration data to automatically identify gait bouts, which 

were then processed by the gait speed estimation model. 

The subject-level mean gait speed derived from this fully automated pipeline showed strong 

agreement with the ground truth across both datasets (Dataset 3: MAE = 10.59 cm/s, ICC = 0.92; 

Dataset 4: MAE = 6.43 cm/s, ICC = 0.77) (Figure S2 A-B). Furthermore, to isolate the specific 

impact of detection errors, we compared the fully automated pipeline directly against the 'ideal' 

scenario (using ground-truth pre-identified walking bouts). This comparison revealed a near-

perfect correlation (Dataset 3: Pearson's r = 0.97; Dataset 4: r = 0.94; p < 0.001 for both datasets) 

(Figure S2 C-D), confirming that errors propagated from the automated gait detection stage have 

a negligible impact on the final downstream gait speed estimates. 

Evaluation of ElderNet for additional Gait Metrics 

Beyond gait speed estimation, ElderNet was extended to quantify additional gait metrics, 

including cadence, stride length, and stride regularity, to provide a more comprehensive 

assessment of gait quality during daily living (Table 4). For cadence, ElderNet achieved a 

median MAE of 3.11 steps/min, RMSE of 5.19 steps/min, MAPE of 3.71%, R² of 0.65, and an 

ICC of 0.83. Compared with a fully supervised model, ElderNet showed significantly lower 
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errors (MAE: p < 0.001; RMSE: p = 0.045), higher ICC (p = 0.02), and a trend towards a higher 

R², though this did not reach statistical significance (p = 0.07). 

For stride length, ElderNet also demonstrated superior performance (MAE: 11.61 cm, p < 0.01; 

RMSE: 14.09 cm, MAPE: 11.09%, R²: 0.48, ICC: 0.72; p < 0.001 for all others) compared with 

the supervised approach. Stride regularity estimation by ElderNet exhibited performance 

comparable to the supervised model, with both models achieving similar error rates (MAE = 0.08 

A.U., RMSE = 0.11 A.U.; A.U. = arbitrary unit), though the supervised model indicated a 

slightly higher ICC (0.84 vs. 0.76) and R² (0.67 vs. 0.55). However, none of these differences 

were statistically significant (all p-values > 0.05). 

Demonstration of Potential Clinical Utility 

As a preliminary demonstration of ElderNet’s potential clinical utility, we applied it to 

continuous, ~10-day wrist accelerometer recordings from the RUSH MAP dataset (Dataset 2), 

extracting daily-living gait quality measures (see Methods). Participant characteristics are 

summarized in Table 5. A heat map summarizing the correlations between measures obtained 

using the two approaches (Figure S3) revealed that gait characteristics recorded in supervised 

assessments are only mildly related to the same gait characteristics extracted from daily living 

conditions. Although internal consistency within settings was strong (supervised lower-back 

features correlated well among themselves, and similarly for wrist-based daily-living features), 

cross-setting correlations were weaker, suggesting that supervised gait measures do not fully 

reflect daily-living gait behavior. 

To evaluate the discriminative utility of gait metrics collected in daily life, we compared 

performance against gait metrics obtained in a controlled, supervised setting, as well as PA 

features derived from daily living wrist accelerometry. We trained an XGBoost classifier to 

classify mobility disability status (defined using the Rosow-Breslau scale). As illustrated in 

Figure 5, the supervised-based model achieved an area under the curve (AUC) of 0.67 ± 0.09. In 

comparison, the model using PA features from daily-living wrist accelerometry performed 

slightly better (AUC: 0.69 ± 0.06).  The highest accuracy was achieved by a model incorporating 

the daily life gait metrics (AUC: 0.80 ± 0.06). 
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To statistically assess performance differences, we treated each outer cross-validation fold as an 

independent sample. A Friedman test revealed a significant overall effect of feature set on AUC 

(p < 0.001). Post hoc Wilcoxon signed-rank tests with a Bonferroni correction showed that the 

full daily-living gait model significantly outperformed the supervised assessment of gait model 

(p < 0.01) and also outperformed the PA model (p < 0.01). No significant difference was found 

between the supervised and PA models.  
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DISCUSSION 

The aim of this study was to extend and validate ElderNet for extracting spatial-temporal 

measures of gait from a wrist-worn accelerometer during daily living in older adults and 

individuals with gait impairments. Prior studies have reported that gait speed metrics derived 

from a wrist-worn accelerometer are associated with incident frailty and dementia13,45, yet the 

gait speed algorithms employed in prior studies have not previously been validated for use in 

older populations or those with gait impairments. Using real-world, daily-living wrist 

accelerometer recordings from a large cohort of well-characterized older adults and individuals 

with impaired gait, we optimized ElderNet to better support assessments in these groups. In 

addition, the current study includes preliminary clinical findings which demonstrate that multi-

day mobility metrics extracted from a wrist-worn accelerometer can better discriminate adults 

with and without self-reported mobility disability. These metrics may improve subtyping of older 

adults compared to conventional gait performances and quantitative measures of total daily 

physical activity. Further work is needed to determine if different combinations of these metrics 

are differentially associated with disparate adverse health outcomes and can inform targeted 

therapies for impaired gait in aging adults.  

For gait speed, ElderNet significantly outperformed the Soltani et al. state-of-the-art model34, 

and a supervised baseline model by achieving lower error rates alongside high R² and ICC on the 

Mobilise-D TVS test set. Moreover, it achieved superior performance on an external dataset of 

healthy young adults. The improved performance by ElderNet was most pronounced within the 

Mobilise-D TVS cohort, highlighting the benefits of optimizing ElderNet models for assessing 

older adults and populations with gait impairments. Additionally, ElderNet consistently 

demonstrated high reliability across all cohorts, with ICC(2,1) values exceeding 0.7— a 

threshold commonly used in state-of-the-art Mobilise-D studies39. ElderNet’s error remained 

stable across bout durations (recall Figure S1), affirming its robustness for real-world gait 

assessment. 

In terms of clinical meaningfulness, the Minimal Clinically Important Difference (MCID) repre-

sents the smallest change in a given measure that is considered clinically significant, indicating a 
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perceptible improvement or decline in a patient's condition or the effectiveness of an interven-

tion. Prior research shows that the MCID for gait speed in adults with diverse health conditions, 

such as multiple sclerosis, acute cardiovascular disease, and hip fracture, typically falls within 

the range of 10 to 20 cm/s 46,47. ElderNet's mean absolute error (MAE) of 8.8 cm/s (with RMSE 

of 10.7 cm/s and MAPE of 12.73%) falls below this threshold, suggesting that its estimation ac-

curacy holds promise for detecting clinically meaningful changes in gait speed. However, given 

that individual-level monitoring is also influenced by day-to-day variability, future longitudinal 

studies are needed to validate the model's sensitivity to change over time. Moreover, although 

MAE falls below typical MCID thresholds, the Bland–Altman limits of agreement indicate that 

individual-level change detection requires dedicated longitudinal validation. 

Fixed-placement 3D sensors on the lower back typically yield cleaner gait signals for multiday 

recordings compared to wrist-worn devices 20. However, ElderNet has been shown to 

significantly reduce this performance gap21. Indeed, ElderNet also demonstrated improved 

accuracy compared to a lower-back-based gait speed algorithm previously evaluated on the 

Mobilise-D cohort by Kirk et al.24. Furthermore, ElderNet achieved a lower mean error of 0.17 

cm/s, compared to 6.00 cm/s reported in the prior study using the lower back sensor. It is 

important to note that Kirk et al. evaluated their algorithm using all available data without 

splitting into separate training and test sets, complicating a direct comparison with our approach, 

which was strictly evaluated on an independent test set. Furthermore, Kirk et al. only included 

walking bouts that were successfully detected by both their gait detection algorithm and the 

reference system. This selection criterion likely favored simpler and less variable walking bouts, 

potentially leading to overly optimistic performance. In contrast, our validation included all 

walking bouts identified by the reference system, likely encompassing a broader range of 

complex and challenging gait scenarios. Thus, despite methodological differences, our approach 

may provide a more robust and ecologically valid estimation of real-world gait performance. 

Gait speed estimation performance of ElderNet remained robust across all cohorts within the 

Mobilise-D dataset, but was lowest in the MS cohort, which was much younger than the other 

Mobilise-D participants. Reduced performance in the younger MS cohort (Table 1) may be due 

to the fact that ElderNet was explicitly optimized for older adults during the SSL phase, having 

been pretrained on the RUSH MAP dataset, which is comprised exclusively of older individuals 
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(Table 5). In the future, if more labeled data becomes available, it may be interesting to refine 

ElderNet to improve its performance in healthier and younger adults.  

We further fine-tuned ElderNet to estimate additional gait quality metrics—cadence, stride 

length, and stride regularity—capturing diverse facets of mobility44,48,49. To evaluate the 

contribution of the SSL component, we compared ElderNet's performance with that of a purely 

supervised baseline. For cadence and stride length, ElderNet consistently outperformed the 

supervised model across most evaluation metrics, with statistically significant improvements 

observed for all metrics except cadence R², which showed a positive trend. In contrast, no 

significant performance difference was observed for stride regularity. This may be due to the 

nature of the stride regularity labels, which were derived from lower-back accelerometer data, 

whereas the SSL phase of ElderNet relied solely on wrist-worn accelerometers. Incorporating 

multi-sensor data (e.g., gyroscopes, PPG50), including from additional body locations, into the 

SSL pre-training phase may enhance performance for such metrics. However, these 

enhancements would need to be balanced against increased system complexity, deployment 

costs, and the potential for reduced user compliance, and therefore warrant careful consideration 

in future research. In the meantime, the present findings suggest that representation learning 

enables inference of trunk-level gait dynamics from peripheral movement signals. This supports 

a broader paradigm in wearable sensing: distal sensors, when combined with large-scale self-

supervised learning, may serve as scalable proxies for more proximal biomechanical 

measurements. 

A potential advantage of deriving gait metrics from multi-day recordings is their ability to 

capture natural, within-subject variability in walking behavior, offering richer and more 

ecologically valid insights compared to traditional, short-duration supervised gait assessments. 

Here, we applied ElderNet on real-world data from the RUSH MAP, extracting meaningful 

statistics describing the distributions of the different gait quality metrics. Although gait metrics 

derived from supervised assessments were significantly associated with most of those obtained 

from daily living contexts, the observed correlations were weak-to-moderate (Figure S3). This 

confirms previous findings reported using lower back-worn sensors that supervised and real-

world gait measures, while related, likely reflect distinct aspects of gait and mobility17–19. The 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 
 

ability to extract accurate gait measures from a wrist-worn accelerometer in daily life, therefore, 

holds promise for extending these insights and improving diagnostic and prognostic capabilities. 

Indeed, our analysis demonstrated that gait metrics derived from multi-day recordings provided 

superior discriminative power for mobility disability compared to conventional supervised 

assessments. Moreover, these real-world gait metrics also outperformed the model based on PA 

metrics derived from the wrist-worn accelerometer from which the gait metrics were derived. 

This highlights the added clinical value of extracting gait-specific measures from everyday living 

metrics, offering a more detailed and predictive assessment of mobility and health status. 

It is worth noting that the clinical utility analyses in the current study were based on a basic 

machine learning approach, serving as a preliminary demonstration of clinical potential. Future 

research will aim to develop dedicated neural network-based classifiers specifically trained on 

clinical outcomes, integrating and potentially fine-tuning ElderNet directly on tasks such as 

mobility disability classification or the prediction of the development of adverse events such as 

mortality or the development of Alzheimer’s or Parkinson’s using multiday recordings of daily 

living. We anticipate that the application of more advanced deep learning techniques will further 

leverage the benefits of extracting gait measures from a wrist-worn sensor.   

One limitation of this study is that ElderNet was validated on a test set drawn from the same 

distribution as the training dataset (i.e., the Mobilise-D dataset). In addition, the test set 

comprised a relatively small sample size (n=18), which may affect the robustness of our 

conclusions. Furthermore, the UK Biobank and Mobilise-D cohorts primarily represent Western 

populations, which may limit the model's generalizability to underrepresented racial, ethnic, or 

socioeconomic groups. To partially address these limitations, we employed an external dataset of 

healthy young adults (n=11) and further utilized the RUSH MAP dataset (n=423) to extend the 

validation. Nonetheless, future studies should further investigate ElderNet’s effectiveness on 

additional external labeled, diverse datasets and, if needed, aim to further enhance its 

generalizability and clinical utility. 

 We also note that while ElderNet's self-supervised pretraining incorporated data from diverse 

accelerometer devices (Datasets 1 and 2), and training included augmentations to encourage 

invariance to sensor orientations, the primary fine-tuning and validation were conducted on a 
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single device type (Datasets 3 and 4). Table S2 provides detailed device specifications for the 

different datasets used in this study. ElderNet’s design leverages multi-device exposure, with 

minimal, common device specifications, in the foundational SSL phase to potentially improve 

cross-device robustness for real-world deployment. However, future work should explicitly 

evaluate performance across a broader range of commercial wrist-worn devices and sensor 

specifications to confirm this generalizability. 

Recent work with UK Biobank accelerometry data highlights the potential feasibility of using 

daily living information to stratify older adults at risk for Parkinson’s disease51,52. However, this 

study did not exploit detailed multi-day gait-specific measures and suffered from other 

limitations. By integrating spatial-temporal gait metrics derived from multi-day recordings, there 

is an opportunity to significantly enhance the early detection and characterization of such 

conditions. 

Overall, our findings demonstrate that ElderNet, previously validated for accurately detecting 

walking bouts from wrist-worn accelerometers, can now reliably estimate spatial-temporal gait 

metrics during everyday life. This capability has been specifically validated in older adults with 

age-related gait impairments and neurological conditions. Utilizing wrist-worn accelerometers 

for remote phenotyping offers substantial practical advantages, including affordability, 

widespread acceptance by older adults, high compliance, and suitability for long-term 

unobtrusive monitoring. Historically, detailed gait characterization has been challenging due to 

the complexity of wrist-worn accelerometer signals—a limitation directly addressed by our 

approach. By overcoming these barriers, ElderNet advances aging research, enabling the 

identification of specific gait alterations that may serve as biomarkers for diseases or functional 

impairments. Ultimately, this could facilitate the development of personalized interventions 

informed by an individual's unique mobility patterns. 
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METHODS 

Study Design 

This study consisted of three primary stages: 

1.  Estimation of Spatial-Temporal Gait Measures: Extending ElderNet to quantify 

continuous gait quality metrics. 

2. Model Validation and Comparison: Comparing ElderNet's performance against state-

of-the-art and baseline supervised models using internal and external datasets. 

3. Demonstration of Potential Clinical Utility: Evaluating the clinical relevance of gait 

metrics by applying ElderNet to real-world daily living data from cohorts with varying 

clinical characteristics. 

Datasets and Participants 

Four independent datasets were used across different phases of model development, validation, 

and evaluation of clinical utility: 

Dataset 1: UK Biobank, a large-scale dataset comprising one week of wrist-worn accelerometry 

recordings (Axivity AX3, 100 Hz sampling rate) from over 100,000 individuals (mean age 

62.1 ± 7.9 years). The UK Biobank dataset was used indirectly via the publicly available ResNet 

deep learning model pre-trained using SSL by Yuan et al.26. This model served as the fixed fea-

ture extraction backbone for ElderNet. 

Dataset 2: Rush Memory and Aging Project (MAP), which includes 819 older adults (mean age 

83.4 ± 7.3 years) who wore a wrist accelerometer (Axivity AX3, 50 Hz sampling rate or GENE-

Activ, 40 Hz sampling rate) for up to 10 consecutive days. This dataset was used in two stages: 

(i) to adapt ElderNet to the mobility patterns of older adults through additional SSL pretraining, 

and (ii) to evaluate the clinical utility of ElderNet by classifying mobility disability based on 

multi-day gait metrics. A subset of 423 individuals (mean age 83.6 ± 6.9 years) also underwent 

standardized supervised gait assessments, enabling comparison between real-world and clinical 

gait measures. 
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Dataset 3: Mobilise-D Technical Validation Study. This multicenter observational study com-

prised 108 participants recruited from five clinical centers across the UK, Germany, and Israel. 

Following the exclusion of 23 individuals due to incomplete recordings, 85 participants remained 

for analysis. The cohort included both healthy older adults and individuals diagnosed with one of 

five conditions: chronic obstructive pulmonary disease (COPD), Parkinson’s disease (PD), multi-

ple sclerosis (MS), proximal femoral fracture (PFF), and congestive heart failure (CHF). Each 

participant wore an inertial unit including a tri-axial accelerometer on the non-dominant wrist, a 

lower-back inertial unit, and the INDIP multi-sensor reference system for up to 2.5 hours during 

their typical daily activities (at home, work, in the community, or outdoors). Participants were 

also encouraged to perform a limited set of predefined tasks (outdoor walking, walking up and 

down a slope and stairs, and moving from one room to another) 53. The INDIP system, which in-

tegrates complementary sensing modalities—including two plantar pressure insoles, three inertial 

units, and two distance sensors—was used to detect walking bouts and provide ground-truth an-

notations of spatial-temporal gait metrics at the stride level40,41. 

This dataset was used for hyperparameter tuning, training, and evaluation of ElderNet. It was 

partitioned into training (70%), validation (10%), and test (20%, n=18) sets, with subject-wise 

partitioning to prevent data leakage. All three sets—training, validation, and test—include repre-

sentation from all clinical cohorts in the Mobilise-D study (i.e., HA, CHF, COPD, MS, PD, and 

PFF), ensuring balanced evaluation across the diverse participant population. All performance 

comparisons—including against baseline supervised and state-of-the-art models—were con-

ducted on the held-out test set. Ethical approvals for data collection were obtained from the rele-

vant institutional review boards at all participating sites. A complete description of the data col-

lection protocol is available in Mazza et al.39. 

Dataset 4: Mobilise-D Healthy Young Adults (External Validation). An independent validation 

dataset comprising 11 healthy young adults (mean age 29.6 ± 7.8 years) , collected using the 

same protocol as the Mobilise-D TVS. These data were used to assess ElderNet’s generalizabil-

ity in gait speed estimation to a younger, healthier, and demographically distinct population. 

For the Rush Memory and Aging project, all participants provided written informed consent 

before participation. The study was approved by the Rush University Medical Center 
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Institutional Review Board and conducted in accordance with the Declaration of Helsinki. For 

the Mobilise-D study, ethical approval was obtained at the individual sites (London-Bloomsbury 

Research Ethics Committee, 19/LO/1507; Helsinki Committee, Tel Aviv Sourasky Medical 

Center, Tel Aviv, Israel, 0551-19TLV; ethical committee of the medical faculty of The 

University of Tübingen, 647/2019BO2; ethical committee of the medical faculty of Kiel 

University, D438/18) and all participants gave informed consent before participating. 

Data Preprocessing 

The INDIP reference system was first used to identify the exact start- and end-times of every 

walking bout within the approximately 2.5-hour recording20. The corresponding 

wrist-accelerometer segments were extracted, ensuring that non-walking periods were discarded. 

Each consecutive bout lasting longer than 10 seconds was then partitioned into 10-second 

windows with 90 % overlap (i.e., a stride of 1 second), where windows never spanned two 

different bouts. We chose 10-second windows to align with the pre-trained UK Biobank model26 

and added 90% overlap to enhance the temporal resolution of our analysis. Importantly, while 

overlapping windows were used for model training and visualization, all statistical comparisons 

were performed at the subject level after aggregating window-level predictions, ensuring that the 

correlated structure of overlapping windows does not affect inferential statistics. Although 

window-level samples are highly correlated due to overlap, model training was performed with 

subject-wise partitioning and cross-validation, preventing leakage of temporally adjacent 

windows across folds. 

All extracted segments were resampled to 30 Hz, matching ElderNet’s pre-training data from 

UK Biobank26. Because typical gait frequencies are below 10 Hz, this rate satisfies the Nyquist 

criterion and preserves all relevant signal content. To assess the impact of walking bout length on 

gait speed estimation, a post-hoc analysis was conducted in which gait speed error was stratified 

by bout duration (10–30 s, 30–60 s, 60–120 s, >120 s) in the Mobilise-D TVS test set (Dataset 

3). 

Wrist-worn devices varied across datasets, partially reflecting real-world diversity. Beyond 

resampling all signals to 30 Hz, we also performed a data-augmentation step during training. 

Each triaxial training sample was randomly rotated and its axes were switched, which promoted 
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rotation invariance and enhanced the model's ability to generalize across devices with different 

sensor orientations. 

Spatial-Temporal Gait Metrics 

For every 10-second walking window, we derived four reference outcomes from the INDIP 

system: gait speed (cm/s), stride length (cm), cadence (steps/min), and stride regularity (arbitrary 

units, on a scale of 0 to 1). Speed and stride length were defined as the median of all complete 

INDIP-detected strides whose start and end both fell inside the window. Cadence was obtained 

by dividing the number of strides by the 10-second window duration and multiplying by six (one 

stride equals two steps). Stride regularity was calculated following Moe-Nilssen and Helbostad54. 

Briefly, the vertical acceleration of the lower-back device was demeaned and normalized, an 

unbiased autocorrelation function was applied to the 10-second segment, and the coefficient at a 

time lag corresponding to the mean stride duration (the second dominant peak) was taken as the 

stride-regularity index (range 0–1, with 1 denoting perfectly periodic strides). Each analysis 

window, therefore, carried a fully time-aligned ground-truth label for all four gait outcomes. For 

all analyses requiring bout-level metrics, the value for a specific bout was calculated as the 

median of the predicted values across all 10-second windows comprising that bout. 

ElderNet Model Development and Training 

ElderNet, originally developed as a classification model for gait detection21, was adapted for the 

regression-based estimation of continuous gait metrics through a two-stage process. In the first 

stage, we leveraged a ResNet model that was pre-trained using SSL on the large-scale UK Bi-

obank wrist-worn accelerometry dataset6,26. This pre-trained backbone served as a fixed feature 

extractor, with all ResNet weights frozen. To adapt the model for older adults, we added three 

fully connected layers on top of the frozen backbone and trained these layers using SSL in a 

multi-task learning framework on data from the RUSH MAP, which includes wrist-worn accel-

erometer recordings of older populations. The output of this stage was a 128-dimensional feature 

vector for each 10-second accelerometry window. 

In the second stage, this RUSH-tailored SSL model was repurposed as a feature extractor for gait 

quality estimation. To enable regression outputs, we extended the model with 0–3 additional lay-

ers (selected via hyperparameter tuning) that mapped the 128-dimensional feature representation 
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to continuous gait metrics such as gait speed. During this fine-tuning stage, the entire model, in-

cluding the ResNet backbone and the newly added layers, was trained end-to-end using the train-

ing data from the Mobilise-D dataset (Dataset 3). This approach allowed ElderNet to learn pre-

cise, task-specific mappings while benefiting from the robust representations learned during the 

SSL phase. 

Because stride length can also be expressed as walking speed divided by cadence, we computed 

two independent stride-length estimates for every 10-second window: one taken directly from the 

ElderNet output trained on stride-length labels, and a second obtained by dividing ElderNet’s 

predicted speed by its predicted cadence. We then reported the simple average of these two val-

ues as the final stride-length prediction, an approach that consistently reduced error compared 

with relying on either estimate alone. We did not systematically evaluate alternative fusion strat-

egies (e.g., weighted averaging or learned fusion), which could be explored in future work. 

Hyperparameter optimization was performed on the training (70% of dataset 3) and validation 

(10% of dataset 3) sets using the Optuna Python library with 50 trials55, employing five-fold 

cross-validation stratified by clinical cohort and grouped by participants. The hyperparameter 

search space is detailed in Supplementary Table S3. Model training incorporated early stopping 

with a patience of five epochs, selecting the configuration yielding the lowest MAE on the 

validation set. The loss function used was L1. 

The model was implemented using PyTorch in Python 3.10 and trained using an NVIDIA RTX 

A4000 GPU with 16GB RAM. The training dataset consisted of 49,372 windows of 10 seconds 

each. During the final training with the optimal hyperparameter configuration, the average pro-

cessing throughput was approximately 2,541.15 windows per second. For inference, the test set 

contained 13,998 windows, with a total inference time recorded at 8.55 seconds. 

Model Evaluation and Comparison 

ElderNet's performance was evaluated against a fully supervised baseline model with an identical 

ResNet architecture (without SSL pre-training) to quantify the benefit derived from the SSL 

component. Additionally, for gait speed, we compared ElderNet to the non-personalized 

biomechanically-based approach proposed by Soltani et al.34. This approach uses regression-
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based modeling with predefined biomechanical features extracted from wrist-worn 

accelerometry data, including cadence, acceleration energy, mean absolute jerk, hand-swing 

intensity, mean acceleration norm, and altitude change of path. Given the absence of barometric 

data in our dataset, altitude-related features were excluded from the model. We trained Soltani’s 

regression model using the same training dataset as ElderNet (i.e., 80% of dataset 3) and 

evaluated it on the identical test dataset (i.e., 20% of dataset 3, and external dataset 4) to ensure a 

fair and consistent comparison. We considered the method proposed by Soltani et al. as a state-

of-the-art benchmark due to its strong real-world performance in gait speed estimation, achieving 

a median RMSE of approximately 10 cm/s and demonstrating significant associations with 

clinical metrics such as frailty and handgrip strength45. 

Demonstration of Potential Clinical Utility 

To evaluate the clinical utility of gait metrics derived from ElderNet, we applied the fine-tuned 

models to real-world wrist accelerometry data collected during daily life from 819 community-

dwelling older adults participating in the RUSH MAP37,38 (Dataset 2). Among these participants, 

423 underwent additional supervised gait assessments using lower-back accelerometry during 

standardized 8-foot and 32-foot walking tests. For each of the supervised walking tests, we 

extracted four measures corresponding to the daily living gait quality metrics: gait speed, stride 

length, cadence, and stride regularity56,57. 

Our aim was to determine whether multi-day gait metrics could capture aspects of mobility that 

are not fully represented by brief supervised assessments or general physical activity measures. 

Daily-living walking bouts were identified from the wrist-worn accelerometry recordings using 

the previously validated gait detection algorithm implemented in ElderNet21. From each 

identified walking bout, we extracted four gait quality metrics—gait speed, stride length, 

cadence, and stride regularity—using the fine-tuned ElderNet regression models. Additionally, 

stride regularity was independently calculated directly from the raw wrist accelerometry data 

using an autocorrelation-based signal processing method analogous to the approach applied to 

lower-back data54. 

To accurately analyze participant activity, we excluded time segments during which participants 

were not wearing the device. These non-wear periods were defined as consistent low movement 
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(low STD) across all acceleration axes for at least 30 minutes, as previously described2,58. 

Participants with fewer than three valid days of wrist accelerometry data were excluded, 

resulting in a final sample of 787 participants9.  For each participant, comprehensive summary 

statistics—including mean, median, standard deviation, kurtosis, skewness, range, and decile 

percentiles—were calculated at both the 10-second window level and across aggregated walking 

bouts. In parallel, PA measures were derived from the magnitude of the same 3D acceleration 

signal, summarized over a daily time frame. These daily summaries included the same set of 

statistics used for gait quality metrics and were computed for both the entire recordings (to 

capture non-walking PA) and the segments identified as walking bouts. Specifically, the 

acceleration magnitude was calculated as the Euclidean vector magnitude of the triaxial signal. 

Vector magnitude serves as a standard proxy for overall PA intensity, capturing the net body 

movement independent of directionality, and has been widely validated for estimating energy 

expenditure and activity levels in wrist-worn accelerometry6. For non-gait PA, participant-level 

features were then aggregated across valid days (e.g., median and standard deviation of daily 

vector magnitude values), providing insights into day-to-day variability in overall activity that 

complements gait-specific metrics by reflecting broader functional mobility, such as engagement 

in upper-body or light non-locomotor tasks. A detailed overview of all extracted features is 

provided in Table S4. 

Finally, to assess the clinical relevance of the derived gait metrics, we constructed classification 

models using an XGBoost classifier (implemented via the scikit-learn library) to discriminate 

between participants with and without mobility disability, as defined by the Rosow-Breslau scale 

(dichotomized into no disability versus disability)42. Three separate classification models were 

implemented: one based on gait features from supervised assessments, a second using physical 

activity features from daily living recordings, and a third incorporating daily living gait metrics. 

Model performance was evaluated using nested cross-validation with 5-fold inner and 10-fold 

outer loops with subject-wise partitioning to prevent data leakage. Hyperparameter tuning was 

performed via a randomized search (see Table S5 for the hyperparameter ranges).  Model 

evaluation was based on Receiver Operating Characteristic (ROC) analysis, with the AUC 

serving as the primary metric. 

Statistical Analysis 
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Statistical analyses for the estimation of gait metrics (Datasets 3 and 4) were conducted at the 

subject level: model-performance metrics were first aggregated over the repeated 10-s windows 

contributed by each participant, so every statistical test compares independent subjects. Shapiro–

Wilk tests rejected normality; therefore, non-parametric, two-sided tests were used throughout. 

For gait speed, where three models (ElderNet, a supervised baseline, and a state-of-the-art com-

parator) were compared, we used the Friedman test to assess overall differences across models. If 

the Friedman test indicated statistical significance, post hoc pairwise comparisons were con-

ducted using the two-sided Wilcoxon signed-rank test, with Bonferroni correction applied to ac-

count for multiple comparisons. For the other gait metrics (cadence, stride length, and stride reg-

ularity), comparisons involved only two models (ElderNet and its supervised counterpart). 

Therefore, we used the Wilcoxon signed-rank test to evaluate differences in subject-level perfor-

mance, with p-values adjusted for multiple comparisons via the Bonferroni method.   

For the classification task in the RUSH MAP (Dataset 2), the AUC from each of the ten outer 

cross-validation folds was treated as an independent observation. To compare the three 

competing feature sets (supervised gait metrics, PA metrics, and daily-living gait metrics), we 

employed the Friedman test on fold-level AUCs. When the Friedman test revealed significant 

differences, we conducted post hoc two-sided Wilcoxon signed-rank tests with Bonferroni 

correction for pairwise comparisons. 

All statistical analyses were performed in Python using the scipy.stats library. Statistical signifi-

cance was set at p < 0.05 after correction for multiple comparisons. ICC values were calculated 

to assess the agreement between ElderNet’s predicted gait metrics and the reference measure-

ments from the INDIP system. ICC values were interpreted based on established guidelines: ICC 

< 0.5 indicates poor reliability, 0.5–0.75 indicates moderate reliability, 0.75–0.9 indicates good 

reliability, and ICC > 0.9 indicates excellent reliability59. 
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Data availability 

The dataset from the Mobilise-D technical validation study (Dataset 3) can be found on Zenodo: 

https://doi.org/10.5281/zenodo.13899386. All other data and related algorithms (i.e., Dataset 2) 

included in these analyses are available via the Rush Alzheimer’s Disease Center Research 

Resource Sharing Hub, which can be found at www.radc.rush.edu. It has descriptions of the 

studies and available data. Any qualified investigator can create an account and submit requests 

for de-identified data.     

Code availability 

The underlying code for this study is available on Github and can be accessed via this link: 

https://github.com/yonbrand/gait-quality/tree/main 
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Figure 1. Overview of the ElderNet pipeline for gait metric estimation from wrist-worn 

accelerometer data. The pipeline begins with self-supervised learning pretraining on the UK 

Biobank dataset, followed by adaptation for older adults using data from the RUSH Memory and 

Aging Project. The adapted ElderNet model is then fine-tuned for gait quality estimation using 

labeled data from the Mobilise-D dataset, incorporating a regression head to derive gait-related 

features from acceleration signals. Incorporates elements from Wikimedia Commons under open 

licenses60–63. 

Figure 2: Gait speed prediction performance comparison of ElderNet with benchmark 

models. Boxplots show subject-level error and performance metrics for ElderNet (green boxes 

and circles), state-of-the-art (orange boxes and circles), and supervised baseline (blue boxes and 

circles) models on internal Mobilise-D Technical Validation Study (Dataset 3; n=18 subjects) 

and external validation with healthy young adults (Dataset 4; n=11 subjects) datasets. Outliers 

are excluded from plots for clarity but included in analyses. Overall model differences were as-

sessed using a Friedman test (p < 0.05), followed by Wilcoxon signed-rank tests for pairwise 

comparisons. Horizontal lines indicate pairwise comparisons, with significance levels denoted 

above: one asterisk for p < 0.05, two asterisks for p < 0.01, three asterisks for p < 0.001, four as-

terisks for p < 0.0001; "ns" denotes not significant. Left column: internal validation; right col-

umn: external validation. A, B MAE in cm/s; C, D RMSE in cm/s; E, F MAPE in %; G, H R²; I, 

J ICC(2,1). 

Figure 3. Correlation between predicted and true gait speeds for ElderNet compared to 

benchmark models. Scatter plots showing predicted gait speed versus true gait speed, with each 

point representing a 10-second window. The black dashed line represents perfect agreement (y = 

x). Performance metrics are displayed in each panel: MAE, RMSE, MAPE, R², and ICC. Error 

and performance metrics are calculated at the window level. The top row shows results on the 

internal validation dataset (Dataset 3, n=18): A) ElderNet, B) State-of-the-art model, C) 

Supervised model. The bottom row shows results on the external dataset (Dataset 4, n=11): D) 

ElderNet, E) State-of-the-art model, F) Supervised model. ElderNet shows superior predictive 

performance across both cohorts. 

Figure 4. Bland-Altman plot comparing gait speed predictions to ground truth in the 

Mobilise-D TVS test set (Dataset 3; n=18). Each dot represents a walking bout with a 

minimum duration of 10 seconds. The horizontal dashed lines indicate the 95% confidence 

intervals around the mean error. The red line represents the mean error of a lower-back-based 

highemodel evaluated on the entire Mobilise-D dataset (n=82) 24. 

Figure 5. Receiver operating characteristic (ROC) curves for classifying mobility disability 

in the RUSH Memory and Aging project (Dataset 2; n = 423). Curves represent mean values 

(±1 standard deviation across 10 folds) obtained from nested cross-validation. Three different 

feature sets were compared: supervised-based accelerometry features (blue) extracted from 

standardized walking tests (8-ft and 32-ft walks) measuring gait speed, step length, cadence, and 
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stride regularity; physical activity features (red) and gait quality features (green) extracted from 

daily-living accelerometer data. Classification performance, indicated by the area under the 

curve (AUC), improved from supervised-based features (AUC = 0.67 ± 0.09) to physical activity 

features (AUC = 0.69 ± 0.06), and was highest when using all available wrist multi-day gait 

metrics (AUC = 0.80 ± 0.06).  A Friedman test showed a significant effect of feature set on AUC 

(p < 0.001). Post hoc Wilcoxon tests revealed the gait quality model outperformed both 

supervised (p < 0.01) and physical activity models (p < 0.01), with no significant difference 

between the latter two. Note that these results are based on the application of both stages of the 

ElderNet pipeline: gait detection, followed by the estimation of wrist-derived gait features.    
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Table 1. Characteristics of older adults in the Mobilise-D technical validation study (Dataset 3). 

 
Healthy 

Older Adults 

Congestive 

Heart Failure 

Chronic 

Obstructive 

Pulmonary 

Disease 

Parkinson’s 

Disease 

Proximal 

Femoral 

Fracture 

Multiple 

Sclerosis 

No. of 

participants 
17 11 17 15 11 14 

Age (years) 72.4 ± 6.0 69.1 ± 11.7 69.3 ± 9.1 69.2 ± 7.5 79.6 ± 6.8 46.5 ± 8.7 

Sex (M:F) 10:7 7:4 9:8 12:3 6:5 6:8 

Montreal 

Cognitive 

Assessment 

score (0–30) 

28.1 ± 1.3 26.9 ± 2.9 24.6 ± 3.3 23.9 ± 4.5 23.8 ± 4.3 26.2 ± 3.1 

CAT score (0–

40) 
N/A N/A 19.65 ± 8.95 N/A N/A N/A 

FEV1 (L) N/A N/A 1.58 ± 0.58 N/A N/A N/A 

Hoehn and 

Yahr stage (N) 
N/A N/A N/A 

I: 3, 

II: 7, 

III: 5 

N/A N/A 

MDS-UPDRS 

III 
N/A N/A N/A 30.67 ± 13.33 N/A N/A 

SPPB (0–12) N/A N/A N/A N/A 7.73 ± 3.10 N/A 

Days since 

injury 
N/A N/A N/A N/A 132.1  ± 122 N/A 

EDSS (0-6) N/A N/A N/A N/A N/A 3.86 ± 1.60 

No. of valid 

walking bouts 

per recording 

40.41 ± 11.99 33.54 ± 22.83 29.35 ± 13.64 23.46 ± 17.29 26.82 ± 21.16 19.93± 13.37 

Average 

length of 

walking bouts 

(s) 

41.25± 31.68 36.75± 12.22 27.65± 11.56 45.18± 32.75 37.96± 17.60 36.77± 18.31 
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Average gait 

speed (cm/s) 
72.38 ± 23.18 86.66 ± 22.54 64.42 ± 10.59 68.25± 26.88 59.61 ± 11.03 69.97 ± 15.91 

CAT: chronic obstructive pulmonary disease assessment test, FEV1: forced expiratory volume in 

1 s, MDS-UPDRS III: Movement Disorder Society Unified Parkinson Disease Rating Scale Part 

III, EDSS: Expanded Disability Status Scale., SPPB: short physical performance battery; scores 

on this test range from 0 to 12 (best performance) and values less than 10 indicates one or more 

mobility limitations and lower SPPB scores have been associated with an increased risk of 

disability64. The number of walking bouts, their average length, and gait speed were derived from 

the INDIP reference system during approximately 2.5 hours of continuous recording. 

Table 2. Summary of datasets used in this study. 

Dataset 

# 
Name 

Sample 

Size 

Population 

Characteristics 
Duration 

Purpose 

in Study 

Annotation 

type 

Dataset 

1 

UK 

Biobank 
>100,000 

General 

population 
7 days 

SSL 

pretraining 
Unlabeled 

Dataset 

2 

RUSH 

MAP 
819 Older adults 10 days 

SSL 

adaptation; 

Clinical 

validation 

Mobility 

disability 

scores 

Dataset 

3 

Mobilise-

D TVS 
85 

Older adults & 

gait impaired 
2.5 hours 

Fine-tun-

ing & 

evaluation 

Spatial-

temporal 

gait 

annotations 
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Dataset 

4 

Healthy 

young 

adults 

(Mobilise-

D) 

11 
Healthy young 

adults 
2.5 hours 

External 

validation 

Spatial-

temporal 

gait 

annotations 

 

Table 3. ElderNet performance for gait speed across different cohorts in the Mobilise-D TVS 

(Dataset 3) test set (n=18). 

Cohort 
MAE 

(cm/s) 

RMSE 

(cm/s) 

MAPE 

(%) 
𝑹𝟐 ICC 

Healthy 

Adults 
10.5 13.3 11 0.87 0.92 

Congestive 

Heart 

Failure 

9.7 14.0 13 0.79 0.90 

Chronic 

Obstructive 

Pulmonary 

Disease 

6.6 9.5 11 0.76 0.88 

Parkinson’s 

Disease 
8.0 10.0 11 0.86 0.93 

Proximal 

Femoral 

Fracture 

7.5 9.4 13 0.67 0.87 

Multiple 

Sclerosis 
12.0 14.4 17 0.40 0.74 

Performance is reported at the 10-second window level for each cohort. 

Table 4. Comparison of ElderNet and a supervised model for estimating gait quality metrics in 

the Mobilise-D TVS (Dataset 3) test set.  

Measure Unit 

Facet of 

Mobility Metric 

ElderNet 

(median 

[25th-75th]) 

Supervised 

(median 

[25th-75th]) p-value 

Cadence steps/minute Rhythm 

MAE 

3.11  

[2.26 3.88] 

3.77 

 [2.94 4.46] <0.001*** 

RMSE 

5.19 

 [3.79 6.48] 

5.83 

 [4.72 6.88] 0.045* 

MAPE  3.71 4.26  <0.01** 
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[2.54 4.54] [3.27 5.39] 

R² 

0.65  

[0.58 0.74] 

0.55  

[0.45 0.74] 0.07 

ICC 

0.83  

[0.75 0.87] 

0.77 

 [0.69 0.86] 0.02* 

Stride Length cm Pace 

MAE 

11.61 

 [8.83 13.68] 

14.57 

 [10.90 17.43] <0.01** 

RMSE 

14.09  

[11.13 16.59] 

18.30  

[14.47 20.64] <0.001*** 

MAPE 

11.09 

 [8.43 14.39] 

15.62 

 [12.56 21.54] <0.001*** 

R² 

0.48 

 [0.14 0.69] 

0.31 

 [-0.62 0.45] <0.001*** 

ICC 

0.72 

 [0.59 0.83] 

0.54 

 [0.35 0.64] <0.001*** 

Stride 

Regularity 
A.U. (0-1) Variability 

MAE 

0.08 

 [0.08 0.10] 

0.08 

 [0.07 0.09] 0.30 

RMSE 

0.11  

[0.10 0.13] 

0.11 

 [0.09 0.12] 0.21 

MAPE 

28.25 

 [23.25 36.36] 

31.27 

 [19.45 35.82] 0.30 

R² 

0.55 

 [0.38 0.69] 

0.67 

 [0.42 0.76] 0.30 

ICC 

0.76 

 [0.68 0.82] 

0.84 

 [0.75 0.88] 0.012 

Performance metrics are presented as median [25th–75th percentile]. The test set included 18 

participants from the Mobilise-D dataset. Statistical significance between models (p-values) was 

determined using the Wilcoxon signed-rank test for dependent samples. Bolded values with an 

asterisk indicate statistically significant differences after Bonferroni correction for multiple 

comparisons.  one asterisk for p < 0.05, two asterisks for p < 0.01, three asterisks for p < 0.001, 

four asterisks for p < 0.0001; A.U., arbitrary unit. See Table S1 for the parallel results for gait 

speed. 

 

Table 5. Characteristics of the RUSH Memory and Aging project cohort (Dataset 2) 

Variable 
All Participants 

(n=787*) 

Subset with Supervised 

Assessment (n=423) 

Demographics 

Age, years (mean ± SD) 83.3 ± 7.4 83.6 ± 6.9 

Gender (M:F) 606:181 324:99 

Mobility disability status (Yes:No) 358:429 176:247 

Daily living gait‡ 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 
 

Wear days (median [IQR]) 9 [9 10] 9 [9 10] 

Walking bouts per day (median [IQR]) 76.9 [41.53 106.9] 80.6 [51.0 108.2] 

Median bout duration (sec; median [IQR]) 16 [15 17] 16 [15 17] 

Median daily living gait speed (cm/sec; 

median [IQR])  
65.9 [57.0 74.2] 68.2 [59.6 75.9] 

Median daily living stride length (cm; 

median [IQR]) 
97.7 [90.8 104.2] 98.5 [92.3 104.6] 

Median daily living cadence 

(steps/minute; median [IQR]) 
97.3 [90.8 105.1] 98.1 [92.3 105.4] 

Median daily living stride regularity (a.u; 

median [IQR]) 
0.31 [0.27 0.36] 0.31 [0.28 0.35] 

Supervised Assessments 

Average gait speed 32-foot test (cm/sec; 

median [IQR])  
N/A 47.2 [42.2 52.1] 

Average gait speed 8-foot test (cm/sec; 

median [IQR])  
N/A 49.8 [43.2 52.64] 

Average stride length 32-foot test (cm; 

median [IQR])  
N/A 97.5 [81.3 114.74] 

Average stride length 8-foot test (cm; 

median [IQR])  
N/A 101.6 [81.31 122.0] 

Average cadence 32-foot test 

(steps/minute; median [IQR])  
N/A 92.3 [82.9 101.5] 

Average cadence 8-foot test (steps/minute; 

median [IQR]) 
N/A 93.9 [85.1 101.2] 

Average stride regularity 32-foot test (a.u.; 

median [IQR]) 
N/A 0.61 [0.47 0.70] 

Average stride regularity 8-foot test (a.u.; 

median [IQR]) N/A 
0.56 [0.40 0.69] 

 

*From the initial cohort of 819 participants, only 787 had sufficient data (defined as more than 3 

valid days of accelerometer wear) and were included in this analysis. 

‡Daily-living gait metrics were calculated for each walking bout. For each participant, the me-

dian value across bouts was determined, and the cohort-level values are presented as the median 

[IQR] of those participant-level medians. IQR, interquartile range; A.U., arbitrary unit. 
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