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Introduction: Understanding determinants of community mobility disability is critical for developing interventions aimed at preventing or delaying disability in older adults. In an effort to understand these determinants, capturing and measuring community mobility has become a key factor. The objectives of this paper are to present and illustrate the signal processing workflow and outcomes that can be extracted from an activity and community mobility measurement approach based on GPS and accelerometer sensor data and 2) to explore the construct validity of the proposed measurement approach using data collected from healthy older adults in free-living conditions.

Methods: Personal, functional impairment and environmental variables were obtained by self-report questionnaires in 75 healthy community-living older adults (mean age = 66 ± 7 years old) living on the island of Montreal, QC, Canada. Participants wore, for 14 days during waking hours on the hip, a data logger incorporating a GPS receiver with a 3-axis accelerometer. Time at home ratio (THR), Trips out (TO), Destinations (D), Maximal distance of destinations (MDD), Active time ratio (ATR), Steps (S), Distance in a vehicle (DV), Time in a vehicle (TV), Distance on foot (DF), Time on foot (TF), Ellipse area (EA), and Ellipse maximum distance (EMD) were extracted from the recordings.

Results: After applying quality control criteria, the original data set was reduced from 75 to 54 participants (28% attrition). Results from the remaining sample show that under free-living conditions in healthy older adults, location, activity and community mobility outcomes vary across individuals and certain personal variables (age, income, living situation, professional status, vehicle access) have potential mitigating effects on these outcomes. There was a significant (yet small) relationship (rho < 0.40) between self-reported life space and MDD, DV, EA, and EMD.

Conclusion: Wearability and usability of the devices used to capture free-living community mobility impact participant compliance and the quality of the data. The construct validity of the proposed approach appears promising but requires further studies directed at populations with mobility impairments.
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INTRODUCTION

Mobility is a fundamental part of both basic activities of daily living and instrumental activities of daily living occurring in the home. It can be defined in space and time as the ability to move oneself (e.g., by walking, using assistive devices, or transportation) within community environments that extend from one's home to the neighborhood and regions beyond (1). Community mobility is indispensable for accessing services and products as well as participating in social, cultural, and physical activities (2). Cross-sectional and longitudinal studies have shown the positive and negative impacts of community mobility on quality of life and mortality (3–6). The importance of community mobility for older adults is now more than ever recognized (4), as data from the most recent National Health Interview Survey in the USA report that almost 20% of those over the age of 65 years have reported difficulty with mobility-related activities such as walking a quarter mile (7). Understanding determinants of community mobility disability is critical to developing interventions aimed at preventing or delaying disability in older adults (8) To better our understanding of these determinants, capturing and measuring community mobility is a key factor.

Mobility at large has traditionally been studied using self-report questionnaires on the perceived ability and capacity of individuals (i.e., what an individual could do or has done) or through performance-based tests in clinical settings (9). While some of these instruments provide an acceptable illustration of the relationship between perceived ability, capacity, and performance measures of function (10), these measures do not necessarily translate into actual real-life performance (11). Several studies have shown that they in fact remain a poor proxy of real life mobility of an individual, as they fail to capture the dynamics between the environment, the intrapersonal factors of mobility restriction and the real life expression of this mobility (12). This is due to their nature of being indirect assessments (i.e., an evaluation of functional capability under controlled experimental conditions) of a realistic enacted function that is modulated by complex interactions between internal physiologic capacity, motivation, and external challenges older adults experience in daily life.

Activity space, a concept originating from medical geography and defined as “the local areas within which people move or travel in the course of their daily activities” (13) has been used to examine how people's habitual movements affect their interactions with their environment in healthcare accessibility studies (14), exposure studies (15, 16), and evaluations of the built environment (17). In recent years, the measure of an individual's lifespace (an adaptation of the activity space concept) has been proposed as a better way to capture both the functional and psychological aspects of mobility while offering a better reflection of actual mobility performance. Lifespace can be defined as the size of the spatial area in which a person purposely moves through in daily life, as well as the frequency of travel within a specific time frame (18). Lifespace is also a measure of where a person goes, the frequency of going to these locations, and their dependency in getting there (19). Thus, this measure not only captures the actual spatial extent of movement, but also the desire for movement and being involved in the larger social environment. As such, a constricted life space may be a consequence of poor health, as a result of impaired sensory, motor, or cognitive functioning, that consequently makes it difficult to move throughout the community at the same level as an individual who is healthy (20). Greater lifespace has additionally been found to be correlated with better global cognition (21). Lifespace has been found to be negatively correlated with age and positively correlated with years of education (20) while men tend to have a larger life space than women (18, 20, 22).

Lifespace can be measured using various different instruments (23–29). The majority of these instruments rely on a self-report questionnaire. Amongst those, the Life-Space Assessment (LSA) proposed by Baker et al. (19) is the most widely used questionnaire instrument for assessing lifespace in community dwelling elders. The LSA permits assessment of the full range of mobility and documents how far and often a person travels to each of the defined levels, while also considering the use (or lack of) assistance. It measures a person's usual pattern of mobility during the month preceding the assessment.

With the introduction and use in research of miniaturized body worn sensing systems incorporating motion sensors, physiological sensors, and location sensors it is now possible to collect and store data on different aspects of human movement and behaviors under free living conditions for long periods of time (30, 31). Of particular interest is the fusion of such sensor technology. Geotracking (Global Positioning System-GPS) and motion sensing (inertial sensors) technologies have been used in older adults to characterize and measure physical activity location, travel behavior and modes of transportation, neighborhood walkability, and overall lifespace (32–50). With regards to these technologies and the proposed outcomes studied in the literature, details describing how these outcomes are extracted and compiled as well as their construct validity are often missing. Part of the challenge in the use and fusion of these technologies are creating meaningful aggregations of space, time, and behaviors from raw sensor data cumulated over multiple days. The datasets generated per individual is substantial, the data sources are not clean and require multiple computational steps. As stated by Jankowska et al. (51) in her proposed framework for the use of GPS, GIS, and accelerometry, the development of better methodologies that can fully make use of these rich data is needed. The objectives of this paper are to (1) present and illustrate the signal processing workflow and outcomes that can be extracted from an activity and community mobility measurement approach based on GPS and inertial sensing; (2) explore the construct validity of the proposed measurement approach from data collected in healthy older adults in free-living conditions.

MATERIALS AND METHODS

Participants and Protocol

This study used an exploratory cross-sectional design. A non-probabilistic sample of 75 healthy older adults, aged 55–85 years of age, was recruited by convenience sampling using posted advertisements and an existing bank of participants of the Research Centre of the Institut Universitaire de Geriatrie de Montréal, Quebec, Canada. The inclusion criteria consisted of being in healthy condition and residing on the island of Montreal. The exclusion criteria were a Body Mass Index (BMI) over 30, having co-morbidities affecting mobility, using a walking assistive device or having discomfort or difficulty walking during any daily living activity. The study was approved by the Ethics Review Board of the Research Center of the Montreal Geriatric Institute and all participants provided informed written consent to participate.

For 14 days, each participant wore a wearable data logging system at the waist (using a belt or clip on their belt) during waking hours (from the time they dressed to bedtime) (Figure 1A) which incorporated either a GPS receiver unit (Q-Starz travel XT recorder (52) or a GPS receiver unit with an inertial sensor (WIMuGPS-Wireless Inertial Measurement unit with GPS (53). Participants were required to charge the device each night and were instructed not to change their lifestyle or habits. During the study, three meetings with the experimental team were scheduled on days 1, 7, and 14. The first two meetings took place at the participant's home. The objective of the first meeting was to initiate the protocol (consent, instruction on the use of the wearable data logging system) and to obtain anthropometrical measures. The objective of the second meeting was to download data from the data logger system and ensure participant's compliance and comfort. In the final third meeting, a performance evaluation and self-report questionnaire were completed at the Department of physical activity sciences, Université du Québec à Montréal (UQAM), Montreal, QC. Canada. Activity and mobility outcomes from data recorded during days 1, 7, and 14 which excluded these visits and activities related to the study, as they were removed from the dataset as a means to eliminate any effect on the mobility and activity profiles of the participants. The data collection took place from May 2012 to October 2013 to prevent bias from seasonal effects related to winter (54).
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FIGURE 1. (A) Wireless inertial unit with GPS (WIMU-GPS) and quartz GPS data logger; raw signals and signal processing and analysis of (B) acceleration, and (C) GPS signals.



Variables and Outcome Measures

Personal, Functional Impairments, and Environmental Variables

Personal variables were assessed by a self-report questionnaire administered on day 1 and included: age (coded to categorical variable: < or > 75 years old), gender (coded to categorical variables: male or female), education level in years of schooling (coded to categorical variables: < or > high school level), total annual income of the household in $ (coded to categorical variables as low income or > low income based on the Statistics Canada low-income status cut offs for Census Metropolitan Area > 500 000 inhabitants or more) (55), living status (coded to categorical variables: alone or with someone), professional status (coded to categorical variables: retired or working), vehicle access (coded to categorical variables: access to a car, no access to a car).

Functional impairment variables included body composition, pain, cognition and depression which were also assessed on day 1. Body composition was assessed using the Body Mass Index (BMI), calculated by dividing the weight by height in meters squared (kg/m2). Height in centimeters (cm) was measured in standing position without shoes using a measuring rode (Seca® model 213) and the participants were weighed without shoes in kilograms (kg) on a weighing scale (Adam® GFK660a). BMI values were coded into categorical variables: overweight or normal based on the National Heart, Lung, and Blood Institute 25 kg/m2 threshold value (56). Pain in the last 30 days was assessed by questioning their degree of activity limitations due to pain on a four-point Likert scale. The question was taken from the Health Utilities Index (57) and Likert scores were coded to categorical variables: having pain or not having pain in the last 30 days. Cognitive impairments were assessed using the Montreal Cognitive Assessment (MoCA). The MoCA (58) uses a series of tasks and questions to assess the following cognitive domains: attention and concentration, executive functions, memory, language, visuoconstructional skills, conceptual thinking, calculations, and orientation. The sub scores for each section were summed for a possible maximum of 30 points. The total score was coded into categorical variables: cognitive impairments or no cognitive impairments, using the established 26-point cut-off proposed (58). Lastly, depression was assessed using the Geriatric Depression Scale (59). The total score was coded to categorical variables as having depressive symptoms or not having depressive symptoms based on the established 10-point cut-off (59).

Thirdly, the environmental variables consisted of the perceived proximity to neighborhood services and amenities (resources) and was assessed using a series of 12 questions from Levasseur et al. (60). For each question, participants were asked to estimate the waking distance (in minutes) from their home to each specified nearest resource. The 12 resources cited included: a grocery/food store, convenience/corner store, bank, pharmacy, community/leisure center, sports center, restaurants/bistro/café, library/cultural center, store/shopping centers, church/place of worship, CLSC/medical clinics, and parks. The average walking time across these 12 resources was used as the outcome for this environmental variable. The average walking time in minutes was coded to categorical variables: < or > than 15 min using the 2009 National Household Travel Survey (NHTS) data as a reference. Finally, the lifespace of the participants was evaluated using the lifespace questionnaire (27). The total score out of 120 was computed as the outcome.

Free Living Activity and Mobility Measures

Activity and mobility variables were measured non-simultaneously with two wearable systems with data logging capabilities: the Q-Starz travel XT recorder (52) and the WIMuGPS-Wireless Inertial Measurement unit with GPS) (53). An overview of these two wearable systems used, raw signals, signals processing steps and extracted outcomes from continuous daily recordings for activity and mobility are presented in Figure 1.

Raw accelerometer signals are processed to determine active time periods and compute the number of steps taken during active time periods. Recordings from the GPS receiver are processed to create individual daily GPS coordinate (longitude, latitude, altitude) time series. The time series are filtered, interpolated and processed to extract location, establish if they occur in clusters or in transit between clusters and classify the type of transit: in a vehicle or on foot. The specifics of the signal processing steps applied to accelerometers and GPS data collected are described in more details in Tables 1, 2 respectively. Briefly, raw signals from accelerometers during multiple days are preprocessed and processed (black boxes) using active time detection according to thresholds and a specific temporal window while steps are counted using a two-phase step detection algorithm. GPS data are filtered based on device-reported data precision and physically impossible instantaneous velocity between continuous data points. Interpolation on missing GPS data is performed to build a complete timeseries without any temporal hole, using the last acceptable position to fill missing data points. Location analysis is performed over the filtered GPS dataset to identify the participant's home, time spent at that location and occurrences of trips outside their home. Further processing is completed to identify outside-of-home locations based on GPS data clusters. The number of destinations and distance from home of these clusters are computed and transit between those locations are classified into two categories based on filtered velocity for each transit: being in a vehicle or on foot. Finally, a minimal area ellipse is created to include all the GPS positions of the participant's dataset. From these processing steps, 12 outcomes are extracted and can be separated into two categories: location and activity outcomes (Table 3) or transit and community mobility outcomes (Table 4). Location and activity outcomes include: Time at home ratio (THR), Trips out (TO), Destinations (D), Maximal distance of destinations (MDD), Active time ratio (ATR), and Steps (S). Transit and community mobility include: distance in a vehicle (DV), time in a vehicle (TV), distance on foot (DF), time on foot (TF), ellipse area (EA), and ellipse maximum distance (EMD).


Table 1. Signal processing steps applied to accelerometer data collected.
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Table 2. Signal processing steps applied to GPS data collected.
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Table 3. Definition of location and activity outcomes.
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Table 4. Definition of transit and community mobility outcomes.

[image: image]



Figure 2 presents the analysis workflow. An in-house developed open-source software, WIMU Studio (https://github.com/introlab/openwimu) was used as a first step in the data analysis process to format data coming from the different sensors (WIMUGPS, QStarz) in a standard file format and to split each day in its own file. Afterwards, data processing required to compute the output variables was done in Matlab R2015b using the mapping toolbox for geospatial computations. Each data processing step refers to a.m Matlab script file. Details of the signal processing and the algorithms used to compute each output variable can be found in specific.m Matlab script source code made available as Supplemental Files to this manuscript.
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FIGURE 2. Analysis workflow.



Data Analysis and Statistics

Accuracy, compliance, and their impact on data loss are inherently known issues when collecting data with wearable systems under free living conditions. To ensure that each participant's data from which the activity and mobility outcomes were extracted and synthesized adequately represented daily behaviors of that participant and that a sufficient number of days were captured to establish a meaningful profile of behaviors across multiple days, quality control criteria were applied to the collected dataset (n = 75). Each day of recordings was required to have a minimum of 480 min of recorded data and a compliance of 55% (6 out of the 11 days) to be kept for processing. Additionally, each day of data was reviewed individually to determine if the devices were worn. Repeated (n = 2) days with no GPS signal recordings were considered an anomaly and were removed from the individual dataset. Days with < 30 min of active time were noted, and upon examination of the accelerometer signals activity and expected orientation of the device, periods of non-wear during the day were identified. Additionally, days in which non-wear periods totaled > 120 min were excluded from the individual dataset. Descriptive statistics (mean, SD, range) and normality of the data for each variable were computed. Anormal distribution (p < 0.05, Shapiro-Wilk) were inspected visually to confirm the result. Depending on the normality of the distribution, independent t-tests or non-parametric Mann-Whitney U tests were performed to assess group differences in activity and mobility outcomes according to the proposed classifiers for individuals' functional impairment and environmental variables. Non-parametrics correlations (Spearman rho) between activity and mobility outcomes and lifespace assessment total scores were also computed. The significant level was set at p < 0.05. All analyses were performed on SPSS 23.

RESULTS

Personal, Functional and Environmental Outcomes

After applying the above quality control criteria, the original data set was reduced from 75 to 54 participants (28% attrition). The location and dispersion of the participants on the island of Montreal (agglomeration of 1,886,481 people) are illustrated in Figure 3. A majority (80%) of participants reported living >4 years in a condominium or apartment with an average of 2.2 bedrooms.
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FIGURE 3. Location and dispersion of the participants on the island of Montreal.



The mean and standard deviation (SD) of the daily recording duration for the final sample was 723 min (about 12 h) ± 99 min. Activity and mobility outcomes were extracted and a mean number of valid recording days of 9.52 ± 3.23 found. The characteristics of the final sample of participants (n = 54) are presented in Table 5. The sample consisted of 26 men and 29 women aged between 55 and 85 (mean of 66 years ±7 years). Most were highly educated, with less than 20.4% not finishing high school. Additionally, the sample had a mean annual reported income of 37$k (23% of the sample with an annual income categorized as low income by Statistics Canada) and an average BMI over the 25 kg/m2 threshold (typically used as an indicator of an overweight body mass composition). More than 75% of the sample had no sign of impairments related to pain, cognition or depression. With regards to living situation, 60% of participants lived with someone while in the workplace, 20% were still active professionally. Furthermore, over a third (35%) of the participants had no vehicle access, however, the average walking time to shops and services for the 12 resources cited was approximately 11 min, which implies a relatively dense urban area with easy access to services and shops.


Table 5. Descriptive statistics for personal, functional and environmental variables for sample of participants (n = 54).
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Community Activity and Mobility Outcomes

Dispersion (mean and standard deviation) of group data (n = 54) for location and activity outcomes based on GPS and accelerometer data are presented in Figure 4. An average time at home ratio (THR) throughout the recording period was 65.7 ± 13.6%, with those classified as having a low income having a significantly greater percent of time spent at home compared to those whose income was above the poverty line for the Island of Montreal. Participants made an average of 2.1 ± 1.1 trips out (TO) per day with 5.6 ± 1.9 destinations (D) reached during these trips. Individuals who lived alone or did not have vehicle access completed significantly less number of trips. The maximal distance of destinations (MDD) varied among participants, with an average of 60.6 ± 73.4 km among the sample. Within the sample, individuals who had a low income traveled a shorter distance to their destinations compared to those with greater incomes. Participants' active time ratio (ATR) per day was less than their THR ratio, with an average of 24 ± 6.7% of each recording day consisting of active time. The average number of steps (S) taken by participants each day 3421 ± 1251 with older participants (>75 years of age) taking fewer steps on an average day.
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FIGURE 4. Dispersion (mean and standard deviation) of group data (n = 54) for location and activity outcomes based on GPS and accelerometer data. Group data for each outcome were segmented according to known classifiers: Age (>/<75 years), Gender (M/F), Education (>/<high school level), Income (>/<20,000 per year) body mass index (BMI) (>25 = overweight, <25 = healthy), Pain (pain in the past 30 days affecting ADL, pain free), MOCA (MOCA score indicating cognitive impairment, normal cognition), GDS (GDS score indicating presence of depressive symptoms, normal); Living Sit. (Living Situation: alone, with someone), Prof. Stat. (Professional Status: working, retired), Veh. Acc. (Vehicle Access: have vehicle access, do not have vehicle access), Walk Acc. (Walking Access: within 15 min of shops and services, >15 mins) Significant group differences (p < 0.05, p < 0.01, p < 0.001) for each classifier after independent t-tests are highlighted below each dispersion graph in gray scale density code.



Dispersion (mean and standard deviation) of group data (n = 54) for transit and community mobility outcomes based on GPS and accelerometer data are presented in Figure 5. On average, participants' distance in vehicle (DV) was 29.9 ± 36.4 km and 43.9 ± 38 min on average per day. The distance traveled by and time spent in a vehicle was significantly lower in the lower-income population and also significantly different for those who lived alone, were retired or without vehicle access. Additionally, distance on foot (DF) and time on foot (TF) were 2.3 ± 1.8 km and 38.4 ± 36.2 min per day respectively. TF for those with impaired cognition (according to MoCA score) was significantly shorter per day. Lastly, ellipse area (EA) and ellipse maximum distance (EMD) were 6.3 ± 2.3 km (log) and 2.9 ± 1.4 km (log). Both EA and EMD were significantly different in those who had a low income and in those who were retired.
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FIGURE 5. Dispersion (mean and standard deviation) of group data (n = 54) for transit and community mobility outcomes based on GPS and accelerometer data. Group data for each outcome were segmented according to known classifiers: Age (>/<75 years), Gender (M/F), Education (>/<high school level), Income (>/<20,000 per year), body mass index (BMI) (>25 = overweight, <25 = healthy), Pain (pain in the past 30 days affecting ADL, pain free), MOCA (MOCA score indicating cognitive impairment, normal cognition), GDS (GDS score indicating presence of depressive symptoms, normal); Living Sit. (Living Situation: alone, with someone), Prof. Stat. (Professional Status: working, retired), Veh. Acc. (Vehicle Access: have vehicle access, do not have vehicle access), Walk Acc. (Walking Access: within 15 mins of shops and services, >15 min) Significant group differences (p < 0.05, p < 0.01, p < 0.001)) for each classifier after independent t-tests are highlighted below each dispersion graph in gray scale density code.



Relationship Between Activity and Mobility Outcomes and LSA Scores

Significant but weak correlations were found between the participants LSA scores and only four activities and mobility outcomes seen in Figure 6. Of the location and activity outcomes, maximum distance of destination was the only variable with a significant relationship (p = 0.019). Transit and community mobility outcomes had significant relationships for distance in vehicle (DV; p = 0.029), ellipse area (EA; p = 0.007) and ellipse maximum distance (EMD; p = 0.004) with LSA scores /120.
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FIGURE 6. Dispersion of data points, Spearman Rho correlation coefficients and p-values between LSA (Life Space Assessment) total score and Location and Activity and Transit and Community mobility outcomes. Significant correlations are highlighted by boxes.



DISCUSSION

Free living activity and community mobility were assessed using wearable sensors in healthy older adults without any mobility impairments. It should be noted that we applied strict quality control to the data collected which reduced the initial sample from 75 to 54 participants (28% attrition). Our data loss is thus reported as participants' dataset not meeting our quality criteria. The rationale behind this decision was to ensure that the computed outcomes were derived from a representative time portion of a typical day (minimum of 8 h of recordings during each day) and that we captured a sufficient number of days to provide a good representation of activity and mobility behaviors over a long period (close to 1 week which includes potentially a weekend). Data loss reported in the literature for similar measurement approaches are less, however most of those studies don't use such strict quality criteria as those applied here. It is noticeable that the data loss in this study affected our power to analyze the proposed outcomes and warrant an explanation of the difficulties associated with the use of wearable sensors in free-living conditions in older adults.

Wearability, defined as “the physical ability to mount a device on the body or the physical and mental comfort of the wearer” (61) and usability, defined as “the extent to which a product can be used by specified users to achieve specified goals with effectiveness, efficiency, and satisfaction in a specified context of use' (62) are key factors to minimize data loss when using platforms to capture behavior and activity data over long periods. Wearability is often a function of form, which is primarily determined by the battery of the wearable system and its autonomy to power the sensors according to the scenario envisioned (sampling frequency of sensors and duration of recordings without charging it). While there are multiple ultra-low power sensors (mostly motion sensors such as accelerometers) available, sensors that require communication via radio-frequency like a GPS receiver consume over 6,000 times more energy. As a result, when using a GPS receiver continuously at a rate of 1 Hz, it is near impossible to reduce the size of the battery (and the device) in order to increase its wearability without compromising the recording duration. Consequently, this also affects the location of where the device can be worn. In our study, we recorded continuously and used systems with clips that were worn on the hip (with or without a belt). Wearability was thus not optimal due to the fact that the devices needed to be recharged every night. This affected wear compliance and reliability of the recordings (i.e., device worn but dead battery or battery dying during the day. The solution to these wearability and usability limitations requires compromising the use of continuous sampling of GPS data (thus affecting the measures of transportation modes) or will require implementation of intelligent power management of the GPS sensor. This method would ensure that the device is only powered when certain conditions are met (e.g., the person is outside) and when its duty cycle is pushed to the minimum (i.e., power up and down cycles are optimized to keep data acquisition computing cycles to compute satisfactory GPS data). However, although this can be done with research devices, it is highly unlikely to be applied to commercial devices that are designed for specific consumer use (e.g., tracking runs of 3–5 h).

Results on the remaining sample (n = 54) showed that on average in a typical day, participants spent about 34% of the recording time outside of the home, with about two trips outside of the home and approximately six destinations reached in total. Typical transit distance per day was 30 km on average with 44 min spent in a vehicle. Approximately 2.3 km of travel was on foot, which was a time of 38 min on average per day. The values for the ellipse area and ellipse maximal distance of mobility over the recording period were highly variable. The values for the time spent at home may be overestimated with respect to other observations reported in previous literature (37–39), as our cluster-based processing approach (buffer zone around the cluster) and method of computing time at home (time spent in the cluster where there was the most data points occurred in a day) could have been affected by certain participants who spent most of their day outside of their home in a cluster that was not in fact their home (i.e., those still working or visiting outside of their home). This could be addressed by fixing a known coordinate as the home location for later use during data analysis. Furthermore, while the sensing devices and signal processing approaches are different, the travel behavior results (trip out and destination) presented are similar to those reported by others (40–42), suggesting that these outcomes are relatively robust and reproducible for a sample of healthy older adults. The mean maximal distance achieved over the recording period was highly variable (mean of 60 km with SD of 134 km) which potentially highlights certain motivations and opportunities to travel such distance. For example, one outlier used a personal car to travel to their workplace close to 150 km from his home.

Another limitation of the extraction method was that the active time ratio and steps were computed only for the participants who wore the WIMU-GPS. The mean active time ratio was transformed in minutes per time of recording which corresponds to about 3 h of activity per day. The approach used to compute active time in our participants from accelerometer data is based on a threshold and temporal density of the acceleration signals that was developed based on observations of older adults during in-patient rehabilitation sessions (63). Therefore, active time is a relatively sensitive measure that captures sustained low level physical activity with a small-time window which does not classify the context or the intensity of the activity. The number of steps per day (average of 3,421 steps per day, with a range between 950 steps and 7,500 steps) computed during these active time periods was relatively low in comparison to studies reported in the literature on the number of steps taken by healthy older adults. Counting steps using accelerometer data is not trivial as the devices used, their location (wrist, hip, trunk), the underlying algorithms and their specificity to detect certain activities in certain populations, affect the accuracy and validity of the steps counted, thus making comparisons difficult. This is clearly still an unresolved issue, as shown by the recent systematic review published on activity trackers (32). With the low number of steps taken on an average day, it can be deduced that our sample of healthy older adults was mostly sedentary (fewer than 5,000 steps per day). While the accuracy of our measurement approach and algorithm (an ongoing validation study) cannot be attested to, the combination of computing steps for time epochs that were considered active, the location of the sensor (at the hip) and the proposed hybrid algorithm were choices made to maximize counting real steps and minimize artifacts.

The construct validity of our outcomes was explored using personal, functional, and environmental variables to see if the activity and mobility outcomes derived from accelerometer and GPS data recordings differed among variables. The idea of life space constriction with aging is mostly based on the rationale that increasing vulnerability to negative environmental aspects is linked to deteriorating functional ability among the elderly as well as the idea that disease states (heart disease, neurological disease, arthritis/neuralgia) contribute to this phenomenon. While there were important inter-individual variations in the lifespace measured using the area of the ellipse and the maximal distance of the ellipse outcomes computed from the GPS data—outside of a few personal variables such as income and professional status—no other variables were associated with a decreased lifespace. This can be explained in part by the population selected in our study (healthy older adults without any mobility impairments) and the density of the urban area they lived in. Although certain personal variables (income, living situation, vehicle access, professional status) appeared to affect some of the measured outcomes, functional status and environmental variables did not. Age and walking access to shop and services did not impact the majority of the measured outcomes (with the exception of the number of steps). Although this was surprising, it could possibly be explained if one considers the population recruited as well as the fact that this group lived in a dense urban area. Thus, the effect of these variables appears to be negligible. Vehicle access impacted the transit distance and time in a vehicle but not the overall lifespace, which suggests that in an urban area such as the Island of Montreal, other means of active transportation can mitigate or facilitate the overall lifespace of an individual. Furthermore, amongst personal variables, participants categorized as having a low income spent more time at home and had lower maximal distances of destination. They also had a more constrained lifespace as measured by the ellipse area and maximal ellipse distance outcomes. This could potentially be explained by socio-economic status, which has been demonstrated to impact lifespace and can be directly related to access to transportation and social participation and opportunities.

With regards to the Lifespace assessment scores and the 12 location, activity and community mobility outcomes, only four of twelve correlations were significant (spearman rho < 0.40, p < 0.05). Therefore, although the maximum distance of destination, distance in vehicle, ellipse area and ellipse maximum distance were related to the LSA scores and appear measure the same construct, these correlations are weak, if at all significant. Consequently, it could be hypothesized that measures of lifespace provide a different overall representation of daily activity and lifespace compared to the presented method using wearable technology. An explanation for the lack of a likeness between the two measures could be the fact that the LSA provides data for the preceding 4 weeks and the GPS and accelerometer only 2 weeks (worn starting at day 14). Then, this could have resulted in discordance between actual performance (location, activity and community mobility outcomes) and self-reported lifespace, which has also been reported in various studies (64–66). Indeed, while the LSA is the most commonly used instrument to measure lifespace, it also has considerable limitations, the most important being that the LSA relies heavily on recall and honest reporting (27). This recall is for a lengthy 4-week period and thus is especially problematic for many, as trying to identify occurrences and frequencies of specific events in the different lifespace levels is difficult. Therefore, this measure is only an approximation of averages. To what extent these averages sufficiently represent actual mobility of the individual remains to be established. Another drawback of the LSA is that its score fails to account for the duration of mobility bouts or time spent in each lifespace level. In addition, the lifespace levels used with the instrument are categorized on a 5-level scale representing a coarse representation of existing real lifespaces. A concern is that these lifespaces are delimited by virtual boundaries which are subject to individual judgement (e.g., interpretation of the boundaries of one's neighborhood may differ between individuals). Furthermore, lifespace measures may not apply to rural areas due to substantially differing mentalities concerning what neighborhoods and other lifespace levels encompass. Therefore, these limitations may contribute to the discordance and lack of correlation with the extracted outcomes using the proposed method.

CONCLUSION

The prevalence of mobility limitations with aging is high and their impact on activity and community mobility require new so-called “ecological measures—i.e., measures that consider the environment of the person” to understand mitigating personal, functional and environmental factors that affect physical, psychological and social aspect of an older adult's life. Aactivity and community mobility measurements based on GPS and accelerometer sensor data can offer unique insights on this dynamic. Activity and mobility profiles from the proposed approach are highly variable and distinct in healthy young older adults and some of these variations are linked to personal characteristics. The construct validity of the proposed approach appears promising but requires further studies directed at populations with mobility impairments. Wearability and usability of the devices used to record the data affect compliance and data quality.

AUTHOR CONTRIBUTIONS

PB developed the analytical methods and metrics, conceived the experiment, analyzed the data and drafted the manuscript. MB participate in the data collection, interpretation and reviewed the paper. SB developed the analytical methods, analyzed the data and reviewed the paper. CD conceived the experiment and supervise the data collection, helped in the the interpretation of the data, and reviewed the paper.

FUNDING

This work was conducted as part of the Ecological Mobility in Aging and Parkinson (EMAP) research group supported by a Canadian Institute of Health Research (CIHR) team in Mobility in Aging grant: Quantifying, characterizing, and modeling the whole-body mobility of individuals in their natural environment; from normal aging to Parkinson's disease.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2018.00216/full#supplementary-material

REFERENCES

 1. Webber SC, Porter MM, Menec VH. Mobility in older adults: a comprehensive framework. Gerontologist (2010) 50:443–50. doi: 10.1093/geront/gnq013

 2. Rantanen T. Promoting mobility in older people. J Prev Med Public Health (2013) 46 (Suppl.1) S50–4. doi: 10.3961/jpmph.2013.46.S.S50

 3. Fried LP, Bandeen-Roche K, Chaves PH, Johnson BA. Preclinical mobility disability predicts incident mobility disability in older women. J Gerontol A Biol Sci Med Sci. (2000) 55:M43–52. doi: 10.1093/gerona/55.1.M43

 4. Fristedt S, Dahl AK, Wretstrand A, Bjorklund A, Falkmer T. Changes in community mobility in older men and women. A 13-year prospective study. PLoS ONE (2014) 9:e87827. doi: 10.1371/journal.pone.0087827

 5. Kennedy RE, Sawyer P, Williams CP, Lo AX, Ritchie CS, Roth DL,  et al. Life-Space Mobility Change Predicts 6-Month Mortality. J Am Geriatr Soc. (2017) 65:833–8. doi: 10.1111/jgs.14738

 6. Yong V, Saito Y, Chan A. Changes in the prevalence of mobility limitations and mobile life expectancy of older adults in Singapore, 1995-2005. J Aging Health (2010) 22:120–40. doi: 10.1177/0898264309351932

 7. (NCHS) NCfHS. Summary Health Statistics: Difficulties in Physical Functioning. (2015).

 8. Ferrucci L, Cooper R, Shardell M, Simonsick EM, Schrack JA, Kuh D. Age-related change in mobility: perspectives from life course epidemiology and geroscience. J Gerontol A Biol Sci Med Sci. (2016) 71:1184–94. doi: 10.1093/gerona/glw043

 9. Chung J, Demiris G, Thompson HJ. Instruments to assess mobility limitation in community-dwelling older adults: a systematic review. J Aging Phys Act. (2015) 23:298–313. doi: 10.1123/japa.2013-0181

 10. Coman L, Richardson J. Relationship between self-report and performance measures of function: a systematic review. Can J Aging (2006) 25:253–70. doi: 10.1353/cja.2007.0001

 11. Pinto-Carral A, Fernandez-Villa T, Molina de la Torre AJ. Patient-reported mobility: a systematic review. Arch Phys Med Rehabil. (2016) 97:1182–94. doi: 10.1016/j.apmr.2016.01.025

 12. Giannouli E, Bock O, Mellone S, Zijlstra W. Mobility in old age: capacity is not performance. BioMed Res Int. (2016) 2016:3261567. doi: 10.1155/2016/3261567

 13. Gesler WMAD. How spatial analysis can be used in medical geography. In Albert DP, Gesler WM, Levergood B, editors. Spatial Analysis, GIS and Remote Sensing Applications in the Health Sciences. Chelsea, MI: Ann Arbor Press (2000). pp. 11–38.

 14. Sherman JE, Spencer J, Preisser JS, Gesler WM, Arcury TA. A suite of methods for representing activity space in a healthcare accessibility study. Int J Health Geogr. (2005) 4:24. doi: 10.1186/1476-072X-4-24

 15. Perchoux C, Chaix B, Cummins S, Kestens Y, Kerr J, Duncan S,  et al. Conceptualization and measurement of environmental exposure in epidemiology: accounting for activity space related to daily mobility. Health Place (2013) 21:86–93. doi: 10.1016/j.healthplace.2013.01.005

 16. Kerr J, Duncan S, Schipperijn J. Using global positioning systems in health research: a practical approach to data collection and processing. Am J Prev Med. (2011) 41:532–40. doi: 10.1016/j.amepre.2011.07.017

 17. Vazquez-Prokopec GM, Stoddard ST, Paz-Soldan V, Morrison AC, Elder JP, Kochel TJ,  et al. Usefulness of commercially available GPS data-loggers for tracking human movement and exposure to dengue virus. Int J Health Geogr. (2009) 8:68. doi: 10.1186/1476-072X-8-68

 18. Stalvey BT, Owsley C, Sloane ME, Ball K. The life space questionnaire: a measure of the extent of mobility of older adults. J Appl Gerontol. (1999) 18:460–78. doi: 10.1177/073346489901800404

 19. Baker PS, Bodner EV, Allman RM. Measuring life-space mobility in community-dwelling older adults. J Am Geriatr Soc. (2003) 51:1610–4. doi: 10.1046/j.1532-5415.2003.51512.x

 20. Worrell MC, Kramer M, Yamin A, Ray SM, Goswami ND. Use of activity space in a tuberculosis outbreak: bringing homeless persons into spatial analyses. Open Forum Infect Dis. (2017) 4:ofw280. doi: 10.1093/ofid/ofw280

 21. Crowe M, Andel R, Wadley VG, Okonkwo OC, Sawyer P, Allman RM. Life-space and cognitive decline in a community-based sample of African American and Caucasian Older Adults. J Gerontol Ser A-Biol Sci Med Sci. (2008) 63:1241–5. doi: 10.1093/gerona/63.11.1241

 22. van Heeswijck T, Paquet C, Kestens Y, Thierry B, Morency C, Daniel M. Differences in associations between active transportation and built environmental exposures when expressed using different components of individual activity spaces. Health Place (2015) 33:195–202. doi: 10.1016/j.healthplace.2015.03.003

 23. Xue QL, Fried LP, Glass TA, Laffan A, Chaves PHM. Life-space constriction, development of frailty, and the competing risk of mortality. Am J Epidemiol. (2008) 167:240–8. doi: 10.1093/aje/kwm270

 24. Brown CJ, Roth DL, Allman RM, Sawyer P, Ritchie CS, Roseman JM,  et al. Trajectories of life-space mobility after hospitalization. Ann Intern Med. (2009) 150:372–8. doi: 10.7326/0003-4819-150-6-200903170-00005

 25. Barnes LL, Wilson RS, Bienias JL, de Leon CFM, Kim HJN, Buchman AS,  et al. Correlates of life space in a volunteer cohort of older adults. Exp Aging Res. (2007) 33:77–93. doi: 10.1080/03610730601006420

 26. Yeom HA, Fleury J, Keller C. Risk factors for mobility limitation in community-dwelling older adults: a social ecological perspective. Geriatr Nurs. (2008) 29:133–40. doi: 10.1016/j.gerinurse.2007.07.002

 27. Peel C, Sawyer Baker P, Roth DL, Brown CJ, Brodner EV, Allman RM. Assessing mobility in older adults: the UAB Study of Aging Life-Space Assessment. Phys Ther. (2005) 85:1008–119.

 28. Pitta F, Troosters T, Probst VS, Spruit MA, Decramer M, Gosselink R. Quantifying physical activity in daily life with questionnaires and motion sensors in COPD. Eur Res J. (2006) 27:1040–55. doi: 10.1183/09031936.06.00064105

 29. Aberg AC. Care recipients' perceptions of activity-related life space and life satisfaction during and after geriatric rehabilitation. Qual Life Res. (2008) 17:509–20. doi: 10.1007/s11136-008-9337-2

 30. Krenn PJ, Titze S, Oja P, Jones A, Ogilvie D. Use of global positioning systems to study physical activity and the environment: a systematic review. Am J Prevent Med. (2011) 41:508–15. doi: 10.1016/j.amepre.2011.06.046

 31. Loveday A, Sherar LB, Sanders JP, Sanderson PW, Esliger DW. Technologies that assess the location of physical activity and sedentary behavior: a systematic review. J Med Internet Res. (2015) 17:e192. doi: 10.2196/jmir.4761

 32. Sanders JP, Loveday A, Pearson N, Edwardson C, Yates T, Biddle SJ,  et al. Devices for self-monitoring sedentary time or physical activity: a scoping review. J Med Internet Res. (2016) 18:e90. doi: 10.2196/jmir.5373

 33. Wang Z, Yang Z, Dong T. A review of wearable technologies for elderly care that can accurately track indoor position, recognize physical activities and monitor vital signs in real time. Sensors (2017) 17:341. doi: 10.3390/s17020341

 34. Portegijs E, Tsai LT, Rantanen T, Rantakokko M. Moving through life-space areas and objectively measured physical activity of older people. PLoS ONE (2015) 10:e0135308. doi: 10.1371/journal.pone.0135308

 35. Tsai LT, Rantakokko M, Rantanen T, Viljanen A, Kauppinen M, Portegijs E. Objectively measured physical activity and changes in life-space mobility among older people. J Gerontol A Biol Sci Med Sci. (2016) 71:1466–71. doi: 10.1093/gerona/glw042

 36. Wu J, Jiang C, Houston D, Baker D, Delfino R. Automated time activity classification based on global positioning system (GPS) tracking data. Environ Health (2011) 10:101. doi: 10.1186/1476-069X-10-101

 37. Kerr J, Marshall S, Godbole S, Neukam S, Crist K, Wasilenko K,  et al. The relationship between outdoor activity and health in older adults using GPS. Int J Environ Res Public Health (2012) 9:4615–25. doi: 10.3390/ijerph9124615

 38. Thierry B, Chaix B, Kestens Y. Detecting activity locations from raw GPS data: a novel kernel-based algorithm. Int J Health Geogr. (2013) 12:14. doi: 10.1186/1476-072X-12-14

 39. Petersen J, Austin D, Mattek N, Kaye J. Time out-of-home and cognitive, physical, and emotional wellbeing of older adults: a longitudinal mixed effects model. PLoS ONE (2015) 10:e0139643. doi: 10.1371/journal.pone.0139643

 40. Chaix B, Kestens Y, Duncan S, Merrien C, Thierry B, Pannier B,  et al. Active transportation and public transportation use to achieve physical activity recommendations? A combined GPS, accelerometer, and mobility survey study. Int J Behav Nutr Phys Act (2014) 11:124. doi: 10.1186/s12966-014-0124-x

 41. Ellis K, Godbole S, Marshall S, Lanckriet G, Staudenmayer J, Kerr J. Identifying active travel behaviors in challenging environments using GPS, accelerometers, and machine learning algorithms. Front Public Health (2014) 2:36. doi: 10.3389/fpubh.2014.00036

 42. Brondeel R, Pannier B, Chaix B. Using GPS, GIS, and accelerometer data to predict transportation modes. Med Sci Sports Exerc. (2015) 47:2669–75. doi: 10.1249/MSS.0000000000000704

 43. Carlson JA, Saelens BE, Kerr J, Schipperijn J, Conway TL, Frank LD,  et al. Association between neighborhood walkability and GPS-measured walking, bicycling and vehicle time in adolescents. Health Place (2015) 32:1–7. doi: 10.1016/j.healthplace.2014.12.008

 44. Takemoto M, Carlson JA, Moran K, Godbole S, Crist K, Kerr J. Relationship between Objectively measured transportation behaviors and health characteristics in older adults. Int J Environ Res Public Health (2015) 12:13923–37. doi: 10.3390/ijerph121113923

 45. Duncan DT, Meline J, Kestens Y, Day K, Elbel B, Trasande L,  et al. Walk score, transportation mode choice, and walking among french adults: a GPS, accelerometer, and mobility survey study. Int J Environ Res Public Health (2016) 13:611. doi: 10.3390/ijerph13060611

 46. Tribby CP, Miller HJ, Brown BB, Werner CM, Smith KR. Assessing built environment walkability using activity-space summary measures. J Transp Land Use. (2016) 9:187–207. doi: 10.5198/jtlu.2015.625

 47. Tung JY, Rose RV, Gammada E, Lam I, Roy EA, Black SE,  et al. Measuring life space in older adults with mild-to-moderate Alzheimer's disease using mobile phone GPS. Gerontology 60:154–62. doi: 10.1159/000355669

 48. Sugiyama T, Salmon J, Dunstan DW, Bauman AE, Owen N. Neighborhood walkability and TV viewing time among Australian adults. Am J Prev Med. 33:444–9. doi: 10.1016/j.amepre.2007.07.035

 49. Van Dyck D, Cerin E, Conway TL, De Bourdeaudhuij I, Owen N, Kerr J,  et al. Perceived neighborhood environmental attributes associated with adults' transport-related walking and cycling: Findings from the USA, Australia and Belgium. Int J Behav Nutr Phys Act. (2012) 9:70. doi: 10.1186/1479-5868-9-70

 50. York Cornwell E, Cagney KA. Aging in activity space: results from smartphone-based gps-tracking of urban seniors. J Gerontol Ser B Psychol Sci Soc Sci. (2017). 72:864–75. doi: 10.1093/geronb/gbx063

 51. Jankowska MM, Schipperijn J, Kerr J. A framework for using GPS data in physical activity and sedentary behavior studies. Exerc Sport Sci Rev. (2015) 43:48–56. doi: 10.1249/JES.0000000000000035

 52. Co QI. Q-Starz travel XT recorder (2017) [Cited 2017]. Available online at: http://www.qstarz.com/Products/GPS%20Products/BT-Q1000XT-F.htm.

 53. Boissy P, Briere S, Hamel M, Jog M, Speechley M, Karelis A,  et al. Wireless inertial measurement unit with GPS (WIMU-GPS)–wearable monitoring platform for ecological assessment of lifespace and mobility in aging and disease. Conf Proc IEEE Eng Med Biol Soc. (2011) 2011:5815–9. doi: 10.1109/IEMBS.2011.6091439

 54. Portegijs E, Iwarsson S, Rantakokko M, Viljanen A, Rantanen T. Life-space mobility assessment in older people in Finland; measurement properties in winter and spring. BMC Res (2014) 7:323. doi: 10.1186/1756-0500-7-323

 55. Industry Mo. Low Income Lines, 2011-2012. Ottawa: Statistics Canada (2013).

 56. Clinical guidelines on the identification, evaluation, and treatment of overweight and obesity in adults: executive summary. Expert panel on the identification, evaluation, and treatment of overweight in adults. Am J Clin Nutr (1998) 68:899–917.

 57. Feeny D, Furlong W, Boyle M, Torrance GW. Multi-attribute health status classification systems. Health utilities index. Pharmacoeconomics (1995) 7:490–502. doi: 10.2165/00019053-199507060-00004

 58. Nasreddine ZS, Phillips NA, Bedirian V, Charbonneau S, Whitehead V, Collin I,  et al. The Montreal Cognitive Assessment, MoCA: a brief screening tool for mild cognitive impairment. J Am Geriatr Soc. (2005) 53:695–9. doi: 10.1111/j.1532-5415.2005.53221.x

 59. Yesavage JA, Brink TL, Rose TL, Lum O, Huang V, Adey M,  et al. Development and validation of a geriatric depression screening scale: a preliminary report. J Psychiatr Res. (1982) 17:37–49. doi: 10.1016/0022-3956(82)90033-4

 60. Levasseur M, Gauvin L, Richard L, Kestens Y, Daniel M, Payette H. Associations between perceived proximity to neighborhood resources, disability, and social participation among community-dwelling older adults: results from the VoisiNuAge study. Arch Phys Med Rehabil. (2011) 92:1979–86. doi: 10.1016/j.apmr.2011.06.035

 61. Dunne L, Profita H, Zeagler C. Social aspects of wearability and intercation. In: Sazonov E, Neuman MR, editors. Wearable Sensors. San Diego, CA: Academic press (2014). p. 25–44.

 62. ISO Ergonomic Requirements for Office Work with Visual Display Terminals (1998).

 63. Choquette S, Hamel M, Boissy P. Accelerometer-based wireless body area network to estimate intensity of therapy in post-acute rehabilitation. J Neuroeng Rehabil. (2008) doi: 10.1186/1743-0003-5-20

 64. Yang Y, Diez-Roux AV. Walking distance by trip purpose and population subgroups. Am J Prevent Med. (2012) 43:11–9. doi: 10.1016/j.amepre.2012.03.015

 65. Glass TA. Conjugating the “tenses” of function: Discordance among hypothetical, experimental, and enacted function in older adults. Gerontologist (1998) 38:101–12. doi: 10.1093/geront/38.1.101

 66. Cambois E, Robine JM, Romieu I. The influence of functional limitations and various demographic factors on self-reported activity restriction at older ages. Disabil Rehabil. (2005) 27:871–83. doi: 10.1080/09638280500030860

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Boissy, Blamoutier, Brière and Duval. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpubh-06-00216-g005.gif
[Distance in Vehiclo This In Volols: iy SSESER






OPS/images/fpubh-06-00216-g006.gif
LBA Score s Tripe
coxy

orie
L scorovs Siop pr Doy






OPS/images/fpubh-06-00216-g003.gif





OPS/images/fpubh-06-00216-g004.gif





OPS/images/fpubh-06-00216-t003.jpg
LOCATION AND ACTIVITY OUTCOMES

Active time
ratio

Steps per
recording
Time at home
ratio

Trips out

Destination
trips.

Max dist.
destination

Sum of data points classified as active over the total recording
period expressed in minutes.

The number of steps detected divided by the number of
recording days expressed in number of steps per day.

Sum of data points identified within the home cluster over the
total recording period expressed in minutes.

The number of trips outside home per day is lassified when
the observed subject leaves the home cluster and retums at a
later time in the same day.

The number of dlusters reached in each trip over the total
recording period per day.

Max distance traveled to reach destination cluster outside of
the home cluster over the total recording period expressed in
Kiometers.





OPS/images/fpubh-06-00216-t001.jpg
ACCELEROMETER DATA

Preprocessing

Active time
detection

step
detection

‘The timestamps from accelerometer data are extracted and
used to spit the raw data fle into days to build an inital time
vector.

The observed subject is considered to be active if the fitered
() 3D acceleration vector values exceed a specified threshold
(min_g) for a minimum time ratio (ratio) computed with a rollng
window (). Fiter parameters () = low-pass filer at 5 Hz and
high-pass fiter at 1 Hz, minimal acceleration vector value
(min_g) = 0.015.g, minimum time ratio to consider the subject
active= 50% of the window length, roling window parameters
(w) = length: 10s, 50% overiap.

Astep detection algorithm is applied to active time epochs
identified and uses a hybrid design consisting of frequency
analysis and impact detection. Consider that normal walking
speed of healthy individuals generates acceleration peaks of
approx. 2 times/s (2Hz), an aggressive fier (fout 3Hz) is
appiied to the norm of the triaxial accelerometer signal. Using
a Fast Fourier Transform (FFT) any remaining power in the
0-3Hz bandwidth in the data epoch is consider as containing
potentil steps. Selected data epoch is sent to an Impact
Detector (ID) to count accelerometer spikes. The ID uses
interpeak minimum distance (150ms) and minimum height
(0.05) to identify peaks and the threshold detection is applied
on the envelope of the signal rather than raw norm veator to
remove noise artfects associated with individual impects (ie.,
several peaks generated for a single impact).





OPS/images/fpubh-06-00216-t002.jpg
GPS DATA
Preprocessing
Filtering and

data
interpolation

Clusters and
transit
tentif

ication

Transit
classification

GPS time
series ellipse
modeling

‘The timestamps from GPS data are extracted and used to spit
the raw data file into days to buid an inital ime vector.

Each GPS position with a reported precision less than the
specified GPS precision (gp) value is fittered and removed from
the dataset. The minimum gp = 5m. For each point in the
continuous timeseries without a GPS position (because of
fitering or no position), a zero-order hold interpolation is used
to complete the series 50 that each missing value is reportedt
as the last vald position.

Atemporal cluster is created when time-consecutive positions
are within close proximity to each other, over a specific
‘window frame. Adjacent clusters are then merged to form a
larger cluster. A rolling window (length, overlap) is used to
identify temporal clusters. A window is considered to form a
cluster if the (1-y) ™ quantie distance from the median spatial
center of the window is less than a specified radius ().
Window length = 300s. Window overiap = 50% y value = 0.3
Maximurn distance radius (1) = 30m.

For each transit between two clusters, the type of activity is
identified. Positions comprised in a transit period are
considered to be in a vehicle if the RMS speed over a 90s
period > 10kmvh. Positions in a transit period not considered
o be n a vehie are classified as on foot.

The minimum span elipse that can fit all of the positions of the
dataset is computed using a minimum covariance estimator.
The elipse does not have to be centered on home, as it
encompasses the whole dataset.





OPS/images/fpubh-06-00216-g001.gif





OPS/images/fpubh-06-00216-g002.gif





OPS/images/fpubh-06-00216-t005.jpg
Variables

Age (M)

Age ()

Education (years)

Income (5 1000's)

BMI (kg/m?)

Pain Past 30 Days (score /4)

Cognition score on MOCA (/30)
Depression score on GDS (/10)

Living Situation (alone, with someone)
Professional Status (tetied, working)
Vehicle Access (access to a car or not)
Average walking time to services (mins)

Mean

65.7
652
157
37.0
242
14
274
30
A
A
A
12

sD

66
62
31
237
33
o7
24
27
NA
NA
NA
48

Classifier

Age (75 years)
Gender (V)

Educ. (<highschool)

Income (<$20,000)

BMi (overweight >25)

Pain (mpacting ADL in past 30 days)
MOCA (mpaired cognition)

GDS (depressive symptoms)

Liv. St (ive alone)

Prof. Stat. retired)

Veh. Acc. (no access to a vehicle)

Walk Acc. (> 15 min walk from services)

Percent (%)

1.1
54
204
226
279
222
241
245
a0.7
796
352
241





OPS/images/fpubh-06-00216-t004.jpg
COMMUNITY AND MOBILITY OUTCOMES

Distance in
vehicle

Time in
vehicle

Time on foot

Distance on
foot

Ellipse max
distance

Ellipse area

Distance computed from all the data points over the total
recording period which are not part of a cluster and identified
as being in a vehicle.

Time computed from all the data points over the total
recording period which are not part of a cluster and identified
as being in a vehicle.

Time computed from allthe data points over the total
recording period which are not part of a cluster and identified
as being on foot.

Distance computed from all the data points over the total
recording period which are not part of a cluster and identified
as being on foot.

Length of the mejor axis of the minimum span elipse of the
dataset over the recording period. This variable is ransformed
into log value.

Geometric 2D area of the minimum span elipse of the dataset
over the recording period. This variable is transformed into log
value





OPS/images/cover.jpg
, frontiers
in Public Health

Quantification of Free-Living

Community Mobility in Healthy

Older Adults Using Wearable
Sensors









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Public Health





