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Abstract

Background: Wearable devices have become widespread in research applications, yet evidence on whether they are superior to structured 
clinic-based assessments is sparse. In this manuscript, we compare traditional, laboratory-based metrics of mobility with a novel accelerometry-
based measure of free-living gait cadence for predicting fall rates.
Methods: Using negative binomial regression, we compared traditional in-clinic measures of mobility (6-minute gait cadence, speed, and 
distance, and 4-m gait speed) with free-living gait cadence from wearable accelerometers in predicting fall rates. Accelerometry data were 
collected with wrist-worn Actigraphs (GT9X) over 7 days in 432 community-dwelling older adults (aged 77.29 ± 5.46 years, 59.1% men, 
80.2% White) participating in the Study to Understand Fall Reduction and Vitamin D in You. Falls were ascertained using monthly calendars, 
quarterly contacts, and ad hoc telephone reports. Accelerometry-based free-living gait cadence was estimated with the Adaptive Empirical 
Pattern Transformation algorithm.
Results: Across all participants, free-living cadence was significantly related to fall rates; every 10 steps per minute higher cadence was 
associated with a 13.2% lower fall rate (p =  .036). Clinic-based measures of mobility were not related to falls (p > .05). Among higher-
functioning participants (cadence ≥100 steps/minute), every 10 steps per minute higher free-living cadence was associated with a 27.7% lower 
fall rate (p = .01). In participants with slow baseline gait (gait speed <0.8 m/s), all metrics were significantly associated with fall rates.
Conclusion: Data collected from biosensors in the free-living environment may provide a more sensitive indicator of fall risk than in-clinic 
tests, especially among higher-functioning older adults who may be more responsive to intervention.
Clinical Trial Registration: NCT02166333
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Falls are a major cause of injuries and functional impairments 
among older adults (1), often leading to hospitalizations (2), nursing 
home admissions (3), and substantial morbidity (4). With the preva-
lence of falls estimated to be approximately 30% per year among 
older adults (1), it is imperative to identify underlying mechanisms 
for early risk assessment and prevention. Although multimodal con-
tributors to the risk of falls are still actively investigated, major fac-
tors related to physical functioning and fitness have been identified, 
including daily physical activity (5), balance and posture (6), and 
gait characteristics (7). Characteristics of physical activity tradition-
ally have been assessed with self-report measures (8) or structured 
laboratory- and clinic-based tests of fitness capacity (9), but recent 
technological advancements support objective measurement through 
wearable devices (10), allowing more detailed investigations into the 
relationships between characteristics of physical activity (11) and 
falls (12).

Contemporary physical activity monitors are small, noninvasive 
devices that can be worn on various body locations and collect data 
continuously for several days at a time. They provide instantaneous 
measures of movement for up to 100 observations per second in 3 or-
thogonal axes and are widely used to quantify volumes and fragmen-
tation (11,13) of daily physical activity and sleep (14). Furthermore, 
it has been shown in laboratory settings that such detailed data can 
also be used to estimate kinematic characteristics of movement (15), 
particularly gait cadence, or the rate of steps taken in the fixed unit 
of time during walking (16). More recently, accelerometry-based 
monitoring of gait characteristics has successfully migrated from the 
laboratory environment to use outside of the research or clinical set-
ting (17), with devices typically worn on the lower back (18), hip 
(19), thigh (20), or ankle (21). This shift has allowed in-depth assess-
ment of free-living gait speed, cadence, and daily ambulation, and 
their respective associations with falls risk (22–24). These studies, 
among others, have fundamentally enhanced epidemiological and 
clinical research by proving that mobility assessment can be done 
remotely and that free-living movement contains information related 
to fall risk that may not be captured in laboratory settings.

Over the past several years, the placement of accelerometers in 
many epidemiological studies has shifted to the wrist location to 
facilitate participant compliance and allow 24-hour monitoring of 
physical activity and sleep on multiple days (13). While establishing 
a set of comprehensive characteristics of free-living mobility in wrist-
worn accelerometry is still under active development, promising ana-
lytical methods focused exclusively on gait cadence have begun to 
surface (25,26). Cadence is proportional to gait speed and can be 
directly estimated from subsecond level accelerometry data. It is a 
highly interpretable metric, expressed in steps/minute, that is cor-
related with gait speed, and translates well into public health and 
clinical communications.

Estimation of gait cadence using wrist-worn accelerometry col-
lected in an unsupervised, free-living environment is particularly 
challenging due to noise introduced by movements of the wrist. 
In addition, when focusing on older individuals, including ones 
characterized by low mobility and function, sparse walking bouts, 
and weak signatures of ambulation in the data are to be expected. 
Although the promise of detailed characterization of the functional 
spectrum through the variability observed in a large number of 
measurements taken across the whole day, and over multiple days is 
undoubtfully attractive, we are unaware of publicly available data-
processing methods that could achieve such level of precision for 
wrist-worn accelerometry in older adults. We, therefore, focus on 
the central tendency of free-living cadence, previously evaluated in 

free-living settings (27). To our knowledge, such detailed character-
ization of gait cadence using wrist-worn accelerometers has not been 
obtained before in a large sample of older, low-mobility individuals.

We used an open-source pattern recognition algorithm (28) to 
extract free-living gait cadence from data collected by wrist-worn 
accelerometers in a large sample of community-dwelling older adults 
as a part of the Study to Understand Fall Reduction and Vitamin D 
in You (STURDY) (29). We compared the efficacy of free-living gait 
cadence to traditional clinic- and laboratory-based measures of mo-
bility, including gait cadence and speed during a standardized 6-mi-
nute walk test (30), usual gait speed over a 4-m course measured as 
part of the Short Physical Performance Battery (SPPB) (9), and total 
distance traveled during the 6-minute walk in the prediction of fall 
rates. We hypothesized that free-living, accelerometry-derived gait 
cadence would better predict falls than traditional laboratory-based 
assessments of mobility.

Method

Participants
Data were collected as a part of the STURDY, a randomized clinical 
trial, funded by the National Institute on Aging (29). STURDY was 
designed to test the effects of 4 doses of vitamin D (200, 1 000, 2 
000, and 4 000 IU/day) on the occurrence of falls in older adults 
at elevated risk for falling. STURDY collected data at 2 centers in 
Maryland, ProHealth in West Baltimore, and the Comstock Center 
in Hagerstown, between October 2015 and June 2019. The primary 
outcome of STURDY was the time to first fall (or death) over 2 years 
of intervention, and the secondary outcome was gait speed (31). 
A  total of 688 participants (300 women) were enrolled. Inclusion 
criteria required participants to be at least 70 years of age, have had 
at least 2 falls or one fall with injury in the year prior to recruitment, 
or a self-reported fear of falling, and have a serum vitamin D level 
of 10–29 ng/mL. Participants were followed for up to 2 years across 
4 in-person visits scheduled at baseline, 3 months, 12 months, and 
24 months.

Measurements
Height (cm) and weight (kg) were measured using standard proto-
cols, and age, sex, and race were assessed by questionnaire during 
the clinic visit. Usual gait speed was measured as a part of the 
SPPB. Participants were asked to walk at their usual pace over a 
4-m course without stopping. The task was performed twice, and 
the time of each trial was measured using a stopwatch and con-
verted to speed in meters per second (m/s). The faster of the 2 trials 
was used for analysis. For the 6-minute walk test, participants 
were instructed to “cover as much ground as possible” on a course 
marked by 2 cones, spaced 10 m apart. Participants were able to 
stop and rest during the test or report to the clinic staff that they 
were unable to finish. Participants did not attempt the 6-minute 
walk if they had a history of one of the following conditions: heart 
attack, angioplasty, heart surgery, new or worsening chest pain 
or pressure, experienced new or worsening symptoms of angina, 
or experienced new or worsening shortness of breath at rest or 
low exertion, or had a systolic blood pressure >180 mmHg, dia-
stolic blood pressure >100 mmHg, or resting heart rate >120 bpm. 
Additionally, participants needing to use crutches or a scooter for 
daily ambulation were excluded from the 6-minute walk test. The 
distance covered during the 6-minute walk was recorded in meters 
and average speed was derived in m/s.
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Falls Assessment
A fall was defined, following the World Health Organization char-
acterization, as any fall, slip, or trip in which the participant lost his 
or her balance and landed on the floor or ground or at a lower level 
(32). Falls were ascertained using a combination of monthly calen-
dars, scheduled quarterly contacts, and ad hoc telephone reports, 
with calendars used as a gold standard (33). The field centers pro-
vided each participant with a blank falls calendar and a postage-paid 
envelope with instructions to mail a completed calendar at the end 
of each month. Participants were instructed to mark at the end of 
each day (or in the morning of each subsequent day) whether they 
fell. A standardized follow-up interview was administered to obtain 
details about when the fall occurred, the circumstances of the fall, 
and any resulting injuries or treatment. If a fall was marked on a 
received calendar and the fall had not previously been reported to 
the center, the participant was called by an interviewer who admin-
istered the fall follow-up interview. If a calendar was not received by 
mail as expected, an interviewer called to inquire about the calendar 
status and remind the participant to mail the completed calendar. If 
a previously unreported fall was reported during a missing calendar 
inquiry call or during one of the routine trimonthly telephone calls, 
the caller administered the fall follow-up interview (31).

Rates of falls per year were assessed by dividing the number of re-
ported falls by the exact time between baseline and the participant’s 
most recent clinic visit. Participants with only 3 months of follow-up 
were excluded from the analysis, under the assumption that such a 
short exposure may not be representative of the prevalence of falls 
in the population. Distributions of rates of falls were inspected for 
outliers to identify potential measurement errors.

Accelerometry Measures
At each clinic visit, participants were equipped with the Actigraph 
GT9X Link wearable physical activity monitor (Actigraphcorp, 
Pensacola, FL) collecting at a sampling frequency of 80 Hz (80 obser-
vations per second per axis) in 3 orthogonal axes. They were instructed 
to wear the device continuously for 7 days on the nondominant wrist 
and remove it only for swimming and bathing lasting longer than 30 
minutes. The device was initialized to start collecting the data immedi-
ately before the 6-minute walk and to stop after seven 24-hour periods. 
Upon completion of the data collection period, participants returned 
the device to the clinical center in preaddressed, prepaid envelopes. 
Participants who reported using a walker or scooter for daily ambula-
tion were excluded from the accelerometry portion of the study.

Raw data were converted to minute-by-minute epochs of ac-
tivity counts using Actilife software (version 6.13.3), and 90 min-
utes of consecutive zero-value observations were labeled as missing 
due to nonwear (34). Days with more than 144 minutes (10%) of 
the day missing were labeled as invalid and removed. Data for par-
ticipants with less than 3 valid days were deemed not representa-
tive and not included in the analysis. For periods of missing data on 
valid days, the average activity counts observed in the same period 
across other valid days were imputed (35). Mean total daily activity 
counts (TAC), defined as a sum of activity counts observed on valid 
days divided by the number of valid days, were used as a metric 
of physical activity volume. Additionally, raw, subsecond level data 
were converted from the native GT3X format into comma-separated 
values to estimate gait cadence.

Estimation of Gait Cadence
The Adaptive Empirical Pattern Transformation (ADEPT) method 
was used to segment walking strides (a stride is defined as 2 

consecutive steps) in the vector magnitude of triaxial, subsecond 
level accelerometry data. ADEPT is a dictionary-based, statistical 
pattern recognition algorithm validated for identifying the timing 
and the duration of strides in high-density time series data collected 
by wrist-worn accelerometers (28). It is freely available to down-
load in the form of the R-package (36) together with documentation 
(36), example data (37), and user tutorials (38,39) and has been pre-
viously used for the estimation of average free-living cadence (27). 
The algorithm uses a predefined pattern of stride and detects its 
repetitions by maximizing the local correlation between the series 
of time-transformed patterns and measured accelerometry at every 
time point. The time transformation manipulates the duration of the 
dictionary pattern, allowing for the detection of free-living strides 
that are shorter or longer than the baseline dictionary pattern.

First, for each participant, 4 consecutive strides (8 steps) were 
manually segmented by marking the heel-strike events (20) in the 
data. For participants who attempted the 6-minute walk, 4 consecu-
tive strides were manually marked in the portion of the data cor-
responding to the beginning of their walk (first or second lap). In 
participants who did not attempt the 6-minute walk, 4 consecutive 
strides were marked in manually identified bouts of walking during 
the first hour when the accelerometer was worn. The example of a 
random participant’s walking acceleration data used for manual seg-
mentation is presented in the top panel of Supplementary Figure 1.  
Manually segmented strides were then evaluated by a second re-
viewer, not exposed to any of the study data previously. The evalu-
ation included scoring whether the segmented data contained 
walking (yes, no) and if the manually segmented stride durations 
were correctly identified (yes, no). The reviewers disagreed in a total 
of 4 out of 432 cases.

Next, durations of manually segmented strides were normalized 
by linearly interpolating the data to an angular domain (ranging 
from 0 at the beginning, to 1 at the end), resulting in strides of equal 
length. To obtain subject-specific patterns, duration-normalized 
strides were averaged across 4 consecutive strides. The middle panel 
of Supplementary Figure 1 represents normalized strides (gray) and 
the resulting average pattern. Lastly, the average stride pattern was 
repeated 4 times, producing the final, subject-specific template to 
be used in the remainder of the ADEPT procedure (Supplementary 
Figure 1).

For each participant, stride patterns were time-scaled in 
12.5-millisecond increments, ranging gradually from 60% to 125% 
of the average duration of a manually obtained within-subject tem-
plate. Next, the ADEPT algorithm was used to segment the data into 
nonoverlapping time intervals consisting of 4 consecutive candidate 
strides, across all valid days. These intervals were then character-
ized by the values of cadence, correlation with the stride pattern, 
and the mean absolute deviation (MAD) of the amplitude. Segments 
with a correlation of less than 0.7 (interpreted in medical research as 
“high” (40)) and MAD less than 0.01 g were assumed to represent 
nonwalking bouts and removed (17) leaving only bouts interpreted 
as consisting of 4 consecutive strides each and used in further ana-
lysis. The Parzen kernel mode estimate of cadence was calculated 
across all strides detected on valid days and used as a predictor in 
the statistical analyses.

Study Sample
Of 688 randomized STURDY participants, 24 were not included 
in the accelerometry measurements and 189 were not followed for 
at least 12  months, primarily because the trial ended before they 
reached 12 months of follow-up. An additional 9 participants with 
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more than 10 falls per year and 1 participant with a usual gait speed 
greater than 1.9 m/s were excluded from further analysis because 
of potential measurement error. After processing the accelerometry 
data, 17 participants with less than 3 valid wear-days and 11 partici-
pants where neither 6-minute nor free-living walking could be manu-
ally identified were excluded. The ADEPT algorithm was unable to 
identify walking bouts for cadence estimation in 5 participants. The 
final sample consisted of 432 participants, of whom 394 attempted 
and 38 did not attempt a 6-minute walk. The corresponding data 
flow diagram is presented in Supplementary Figure 2.

Statistical Analysis
The primary analysis involved 394 participants who attempted the 
6-minute walk (“main sample”). The race was dichotomized into 
White (N = 316, 80%) and non-White (N = 78, 20%). Vitamin D 
randomization group membership was dichotomized into 200 IU 
and more than 200 IU (ie, 1 000, 2 000, and 4 000 IU). Categorical 
variables were compared using chi-squared tests and continuous 
variables using the analysis of variance. Falls per year were com-
pared across age groups using Fisher’s exact test for count data.

Negative binomial regression was used to model rate ratios (RRs) 
of falls per year with 95% confidence intervals (CIs). The primary 
predictors were measured at baseline and run in separate models: 
accelerometry-derived free-living cadence, accelerometry-derived ca-
dence during the 6-minute walk, usual gait speed during the 4-meter 
walk, 6-minute walk gait speed, and distance covered during the 
6-minute walk. All models were adjusted for age, sex, race, weight, 
height, vitamin D randomization group, and total activity counts per 
day (TAC). The exposure time for negative binomial regression was 
defined as the time difference between the baseline visit and the last 
follow-up visit and expressed in years. Gait speed predictors were 
multiplied by a factor of 10 so the estimated effects were expressed 
for each 0.1-unit increment (0.1 m/s). Cadence metrics and the 
distance covered during the 6-minute walk were divided by a factor 
of 10 so the effects expressed 10-unit increments (10 steps/minute 
for cadence and 10 m for the distance covered). Histograms of each 
primary predictor were visually inspected for outliers and normality.

An α level of 0.05 was used as a threshold for statistical signifi-
cance. Additional analyses were performed on an expanded sample 
that included the 394 participants from the main sample and 38 
additional participants who had not attempted the 6-minute walk 
but had template stride patterns estimated manually using free-living 
data (“expanded sample”; N = 432). Statistical models for the ex-
panded sample were limited to free-living cadence and usual gait 
speed due to the absence of 6-minute walk data. All expanded 
sample models were created in the same way as the main sample.

Finally, to determine whether results differed by physical func-
tioning, the same analyses were repeated in the sample stratified by 
free-living gait cadence and, separately, by usual gait speed (from 
the 4-m walk). Participants were stratified by free-living gait ca-
dence <100 versus ≥100 steps per minute, as gait cadence of 100 or 
more steps per minute has been shown to correspond to engaging in 
moderate-to-vigorous physical activity (41). Analogously, gait speed 
groups were dichotomized at <0.8 versus ≥0.8 m/s, as gait speeds 
below this threshold have been associated with risk of frailty and 
disability (42). All analyses were done using R statistical software 
(version 3.6.1) with the MASS package (version 7.3-51.4). As the 
analysis included only planned testing following the main hypoth-
esis focused only on mobility and utilized all metrics collected in 
the study, there was no adjustment of significance levels for multiple 
comparisons (43).

Results

The baseline participant demographic and gait characteristics, as well as 
falls per year during study follow-up, stratified by free-living gait cadence 
(<100 steps/minute [n = 142] and ≥100 steps/minute [n = 252]) and by 
usual (4 m) gait speed (<0.8 m/s [n = 131] and ≥0.8 m/s [n = 263]) are 
presented in Table 1. Participants in the <100 steps per minute group 
tended to be men, of greater height and weight, and to have lower daily 
physical activity (TAC) and slower gait speeds across all measures. Table 
2 presents the correlations between study covariates. Among all metrics 
of mobility, gait speed (4-m and 6-minute walk) and distance covered 
during a 6-minute walk were significantly associated with age, whereas 
gait cadence (free-living and 6-minute walk) showed no association with 
age. All metrics of mobility were significantly correlated with one another  
(p < .05 for all). Additionally, Supplementary Table 1 summarizes base-
line characteristics of study participants by age group. Baseline char-
acteristics of metrics of mobility used in the study are represented in 
Supplementary Table 2.

Based on adjusted negative binomial regression models 
incorporating each baseline gait predictor separately, only free-living 
gait cadence derived from accelerometry showed a significant asso-
ciation with falls per year, in the main sample (N  =  394, Table 3). 
Specifically, for each 10 steps per minute faster gait cadence, the rate 
of falls was 13.2% lower over follow-up (RR  =  0.868, CI  =  0.755, 
0.994; p  =  .036). Laboratory-based gait metrics, namely, 6-min  
gait cadence (RR = 0.929, CI = 0.822, 1.048; p = .216), usual 4-m gait 
speed (RR = 0.968, CI = 0.909, 1.031; p = .326), 6-minute gait speed 
(RR = 0.953, CI = 0.889, 1.022; p = .173), and 6-minute walk distance 
(RR = 0.987, CI = 0.968, 1.005; p =  . 161) were not significantly as-
sociated with rates of falls. After expanding the sample to include the 
38 participants who did not attempt the 6-minute walk (N = 432), the 
associations with free-living gait cadence and fall rates (RR  =  0.868; 
CI = 0.763, 0.985; p = .025) and 4-m gait speed and fall rates (RR = 0.950; 
CI = 0.896, 1.010; p = .094) remained essentially unchanged. Results of 
all regression models are presented in the forest plot in Figure 1.

Among participants with low function, defined by baseline 4-m 
gait speed <0.8 m/s (N  =  131), all laboratory and free-living gait-
related predictors were significantly associated with fall rates. For 
every 10 steps per minute faster free-living gait cadence, fall rates 
were 19.3% lower (RR = 0.807, CI = 0.663, 0.975, p = .022) over 
follow-up. For 6-minute gait cadence, each 10 steps per minute 
faster cadence was related to a 22.3% lower fall rate (RR = 0.777, 
CI = 0.651, 0.924, p = .003). Faster 4-m gait speed was associated 
with a 18.8% lower fall rate (RR = 0.812, CI = 0.661, 0.993, and 
p  =  .047,), and faster 6-minute gait speed was associated with a 
12.7% lower fall rate (RR = 0.873, CI = 0.778, 0.977, and p = .015). 
For every 10 m greater 6-minute walk distance, fall rates were 3.5% 
lower (RR = 0.965, CI = 0.935, 0.994, p = .014). Results in the ex-
panded sample remained similar (N = 147); the RR for free-living gait 
cadence was 0.846 (CI = 0.709, 1.004; p = .050), and the RR for 4-m 
gait speed was 0.829 (CI = 0.695, 0.986; p = .040). The above results 
are presented in the forest plot in Supplementary Figure 3.

In participants with higher function, defined by free-living 
cadence ≥100 steps per minute (N = 252), each 10 steps per mi-
nute faster free-living gait cadence was associated with a 27.7% 
lower rates of falls (RR = 0.723, CI = 0.559, 0.932; p =  .010). 
Findings in the expanded sample (N = 278), which included par-
ticipants who did not attempt the 6-minute walk, were similar, 
with 25.4% lower fall rates per each 10 steps per minute faster 
free-living cadence (RR = 0.746, CI = 0.590, 0.943; p  =  .013). 
Additionally, each 10 steps per minute faster 6-minute walk ca-
dence was significantly associated with 20.1% lower fall rates 
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(RR = 0.799, CI = 0.666, 0.958; p = .018). Results of all regres-
sion models for participants with free-living cadence ≥100 steps 
per minute are presented in the forest plot in Supplementary 
Figure 4. All study results from unadjusted and adjusted models 
are presented in Table 3.

Discussion

Our findings suggest that free-living metrics of gait cadence are more 
sensitive indicators of future falls than traditional in-lab measures 
of gait speed and walking endurance, particularly among those who 
are higher functioning. Gait speed is a proven prognostic indicator of 

Table 1. Baseline Characteristics and Falls Per Year of Study Participants Stratified by Accelerometry-Derived Free-Living Cadence and by 
Usual Gait Speed

 Stratified by Free-Living Cadence*  

 <100 steps/min (n = 142) ≥100 steps/min (n = 252) p

Age (years), mean (SD) 77.85 (5.92) 76.98 (5.17) .131
Male sex, n (%) 99 (69.7) 134 (53.2) .002
Non-White race, n (%) 35 (24.6) 43 (17.1) .093
Height (kg), mean (SD) 170.43 (9.33) 166.90 (9.27) <.001
Weight (kg), mean (SD) 92.15 (20.18) 81.79 (15.48) <.001
Total activity counts (×106), mean (SD) 1.8684 (0.5422) 2.0011 (0.5959) .029
200 IU vitamin D group, n (%) 74 (52.1) 128 (50.8) .884
Falls per year, median [IQR] 0.85 [0.00, 1.59] 0.83 [0.00, 1.50] .995
Cadence (free-living) [steps/min], mean (SD) 93.09 (6.58) 109.54 (6.81) <.001
6-minute walk cadence (steps/min), mean (SD)* 98.82 (10.53) 112.61 (8.81) <.001
Usual gait speed (m/s), mean (SD)† 0.80 (0.22) 0.96 (0.20) <.001
6-minute walk gait speed (m/s), mean (SD) 0.80 (0.23) 0.97 (0.18) <.001
6-minute walk distance (m), mean (SD) 285.76 (84.90) 349.50 (65.47) <.001

 Stratified by Usual Gait Speed†

 <0.8 m/s (n = 131) ≥0.8 m/s (n = 263) p 

Age (years), mean (SD) 78.28 (6.05) 76.80 (5.08) .011
Male sex, n (%) 78 (59.5) 155 (58.9) .995
Non-White race, n (%) 41 (31.3) 37 (14.1) <.001
Height (kg), mean (SD) 167.50 (9.30) 168.51 (9.50) .316
Weight (kg), mean (SD) 89.13 (19.80) 83.72 (16.79) .005
Total activity counts (×106), mean (SD) 1.8350 (5.4550) 2.0121 (5.8854) .004
200 IU vitamin D group, n (%) 61 (46.6) 141 (53.6) .226
Falls per year, median [IQR] 0.95 [0.00, 1.88] 0.61 [0.00, 1.48] .207
Free-living cadence (steps/min), mean (SD)* 99.23 (11.25) 105.79 (9.19) <.001
6-minute walk cadence (steps/min), mean (SD)* 101.27 (12.34) 110.82 (9.69) <.001
Usual gait speed (m/s), mean (SD) 0.66 (0.10) 1.02 (0.16) <.001
6-minute walk gait speed (m/s), mean (SD) 0.75 (0.21) 0.99 (0.17) <.001
6-minute walk distance (m), mean (SD) 267.20 (81.04) 356.08 (59.15) <.001

Note: SD = standard deviation; IQR = interquartile range.
*Free-living cadence and 6-minute walk cadence were derived from accelerometry data.
†Usual gait speed was measured over a 4-m distance as part of the Short Physical Performance Battery.

Table 2. Correlation Between Study Covariates

 
Age 
(years) 

Weight 
(kg) 

Height 
(kg) 

Total 
Activity 
Counts  
(× 106) 

Falls Per 
Year 

Free-Living 
Cadence* 
(steps/min) 

6-Minute 
Walk 
Cadence 
(steps/min) 

Usual 
Gait 
Speed† 
(m/s) 

6-Minute 
Walk Gait 
Speed (m/s) 

Weight (kg) −0.21*         
Height (kg) −0.06 0.50*        
Total activity counts (× 106) −0.22* −0.19* −0.21*       
Falls per year 0.10* −0.04 −0.04 −0.02      
Free-living cadence* (steps/min) −0.08 −0.35* −0.21* 0.19* −0.07     
6-minute walk cadence (steps/min) −0.05 −0.26* −0.18* 0.18* −0.04 0.76*    
Usual gait speed† (m/s) −0.14* −0.12* 0.10* 0.17* −0.06 0.37* 0.47*   
6-minute walk gait speed (m/s) −0.21* −0.19* 0.17* 0.19* −0.08 0.49* 0.66* 0.69*  
6-minute walk distance (m) −0.21* −0.20* 0.17* 0.20* −0.08 0.48* 0.65* 0.69* 0.99*

*Free-living cadence and 6-minute walk cadence were derived from accelerometry data.
†Usual gait speed was measured over a 4-m distance as part of the Short Physical Performance Battery.
*p < .05.
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disability and death in older adults, but associations with falls have been 
inconsistent (22,44). Additionally, we show that a highly interpretable 
metric of gait cadence can be estimated from wrist-worn accelerometers 
even in low-mobility older adults and successfully used as a predictor 
of future falls. This reinforces findings of previously published works of 
others that utilized trunk-worn accelerometers and multidimensional 
prediction (23) and classification models (24) to assess the risk of fall. 
However, our approach in contrast to these works uses a single and in-
tuitive gait characteristic that makes obtained results more interpretable 
and easier for future translation into practical clinical settings. To this 
end, the application of wearable accelerometers may provide height-
ened opportunities to detect subclinical changes in functional status 
over and above traditional measures at higher levels of function, when 
opportunities to intervene may be most effective.

Across all metrics of mobility, only free-living gait cadence was 
significantly associated with rates of future falls in the nonstratified 
sample. On average, 10 steps per minute higher baseline free-living 
cadence was associated with a 13.2% lower rate of falls per year. 
Presented findings were independent of daily physical activity (TAC) 
and demographic characteristics. Furthermore, this association was 
maintained in the expanded sample that included participants who did 
not attempt the 6-minute walk due to safety concerns. Analyses per-
formed in participants with free-living gait cadence ≥100 steps per mi-
nute strengthened these findings by showing much larger effects, with 
a 27.7% lower fall rate for every 10 steps per minute higher baseline 
cadence in the main sample, and a 25.4% lower rate in the expanded 
sample. This speaks to the importance of objective measurements that 
better capture mobility in the participant’s natural environment.

Although laboratory-based metrics of cadence and gait speed 
were not significantly related to fall rates in the nonstratified ana-
lyses, similar and expected trends were present across all analyses, 
generally indicating that higher physical function and mobility are 
protective in the context of falls. Though free-living gait character-
istics and their relation to health require further investigation, it is 
possible to speculate that measures obtained in the natural environ-
ment better represent unbiased, therefore, normal, conditions of in-
dividuals across a wide functional spectrum. Conversely, traditional 

in-lab measurements may suffer from the bias introduced by the ex-
periment itself. Such biases may include both over- and underper-
formance generated by “white coat syndrome,” as well as conditions 
that are free from tripping hazards, uneven terrain, or other distrac-
tions. Free-living collection of data over multiple days appears to al-
leviate this bias by enabling researchers to capture characteristics of 
gait in the participant’s natural environment across a large number 
of observations. Additionally, traditional lab testing is limited by 
time and space constraints making some mobility and performance 
tests impossible to administer. For example, a 4-m walk was used in 
the STURDY trial to assess the usual gait speed, instead of a more 
precise 10-m walk due to the space limitation of one of the study 
clinics. In contrast, wearables can collect ecological data for days, 
weeks, or even months, providing a more comprehensive representa-
tion of physical function across a variety of contexts at the same time 
reducing the effort of clinical staff and overcoming space limitations.

Indeed, differences between in-clinic and free-living mobility metrics 
have been reported (45), including studies in older, community-dwelling 
adults (17,45,46) further justifying efforts to better understand the con-
trast between both controlled and objective measurements in aging and 
health research. While traditional in-clinic and novel accelerometry-based 
metrics of mobility are not independent of one another, in the current 
study, free-living measurements performed better in the context of falls 
and show great potential for remote mobility assessment in the growing 
number of scenarios when access to in-person health care is limited.

Among participants with free-living cadence ≥100 steps per minute, 
6-minute walk cadence was associated with fall rates, with a 20.1% lower 
rate for every 10 steps per minute faster cadence. In the same subsample, 
results for 4-m and 6-minute gait speeds and 6-minute distance remained 
statistically insignificant. Furthermore, we observed a significant nega-
tive correlation between age and gait speed, but not cadence (Table 2). 
As gait speed is a function of both step length and cadence (16), these 
findings suggest that cadence may be more informative in the context 
of falls and functional status than step length. In contrast, among older 
adults with slow gait (4-m gait speed <0.8 m/s), all study metrics showed 
statistically significant relations to fall rates. These findings indicate that 
among low-functioning, low-mobility individuals, traditional in-lab met-
rics perform as well as their free-living counterparts, suggesting that per-
sons with low function perform at similar levels despite varying contexts 
and environments, particularly once gait speed reaches a critically slow 
level. Moreover, it might explain a lack of consensus across studies on gait 
speed and falls. Finally, these findings hint that free-living gait metrics may 
be more appropriate for discerning fall risk among higher-functioning in-
dividuals (cadence ≥100 steps/minute), with the potential for improved 
early detection of functional decline. As gait cadence and speed are just 
moderately correlated (Table 2), simultaneous measurements of both 
would be ideal for determining individual contributions of these metrics 
to overall fall risk. Although gait cadence is a characteristic directly re-
flected in the accelerometry signals (28), the gait speed is not and can only 
be approximated from the data (25,26). As methodological research in 
accelerometry advances, new methods and algorithms for estimation of 
gait speed will appear giving hope for future research focused on mobility 
of older adults. As of today, however, gait speed cannot be reliably esti-
mated from wrist accelerometer data collected in free-living, especially in 
older, low-mobility individuals.

Yearly fall rates were no different across high- and low-mobility 
groups (Table 1), but participants in the high-mobility groups were more 
active (higher TAC) and tended to have better 6-minute walk distances, 
suggesting better fitness. Collectively, these results hint at the previously 
established (21,47) presence of a U-shaped relationship between mo-
bility and falls where higher-functioning individuals may be more likely 
to fall due to a higher likelihood of engaging in more intense/outdoor 

Figure 1. Forest plot depicting rates of falls by separate characteristics 
of gait cadence, speed, and distance. The solid line represents the main 
sample consisting only of participants who attempted the 6-minute walk 
(N = 394). The dashed line represents the expanded sample consisting of all 
participants with valid accelerometry measurements (N = 432). SPPB = Short 
Physical Performance Battery.
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activities. Analogously, low-mobility individuals are at risk of falling 
due to lower functioning status but do not generate the same exposure 
risk because of more restricted movement profiles. Although beyond the 
scope of the current analyses, more research is needed to normalize the 
association between falls and gait metrics with respect to the amount 
of time spent active and the intensity of daily activities. Albeit the link 
between accelerometry-derived characteristics of gait and falls has been 
previously demonstrated (23,24), to the best of our knowledge, such de-
tailed analyses have never been performed in as large a sample, nor in 
an older, at-risk population, using data collected by wrist-worn devices.

At its core, the ADEPT algorithm estimates gait cadence by 
searching for similarities between patterns of in-lab walking and 
free-living data. Therefore, the free-living results may be biased to-
ward in-clinic gait characteristics. As this assumption is difficult to 
validate, due to the lack of gold standard measurements of free-living 
walking, we corroborate our results based on (a) the agreement with 
previously published in-lab values of cadence in older adults (48–
50), (b) the correlation between free-living and in-clinic estimates 
(Table 2), and (c) independent manual validation of walking patterns 
by a second reviewer. While not without limitations, we believe that 
this concordance provides additional confidence in the novel, re-
mote, accelerometry-based characteristics introduced in this manu-
script and warrants further research in this area.

As results were obtained in a sample of at-risk older adults, an analogous 
analytical approach applied to a more representative sample is necessary to 
fully understand the potential and utility of free-living gait features in the 
assessment of functional status and the risk of falls. Future, in-depth ana-
lysis of these relations should also involve distinguishing between the types 
of falls in both circumstances (eg, indoor/outdoor) and consequences (eg, 
injurious/noninjurious) frames (3). Additionally, we recognize that, for fur-
ther research, more attention should be given to adults with impaired gait 
and those who use walking aids to better delineate associations between 
free-living mobility. Finally, the ADEPT algorithm requires manual input for 
each individual, significantly increasing data-processing time. As of today, 
scientific research with wearables can still be viewed as challenging due to 
their novelty, complexity, and size of collected data.

In summary, gait cadence observed in the free-living environ-
ment over an extended time provides substantial insights into the 
risk of falls. This is particularly true among older adults who are 
low functioning, but whose mobility has not reached critically low 
thresholds, and thus, may be more responsive to the benefits of inter-
vention and rehabilitation. The novel metrics utilized in this manu-
script are freely available through open-source software (28,36), 
paving the way for others to use more advanced analytical tools in 
health applications. Therefore, future research focused on validation 
of the estimates of free-living cadence in clinical and research set-
tings is warranted.

Supplementary Material

Supplementary data are available at The Journals of Gerontology, 
Series A: Biological Sciences and Medical Sciences online.
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