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Abstract

Background:  Although there are known clinical measures that may be associated with risk of future falls in older adults, we are still unable 
to predict when the fall will happen. Our objective was to determine whether unobtrusive in-home assessment of walking speed can detect a 
future fall.
Method:  In both ISAAC and ORCATECH Living Laboratory studies, a sensor-based monitoring system has been deployed in the homes of 
older adults. Longitudinal mixed-effects regression models were used to explore trajectories of sensor-based walking speed metrics in those 
destined to fall versus controls over time. Falls were captured during a 3-year period.
Results:  We observed no major differences between those destined to fall (n = 55) and controls (n = 70) at baseline in clinical functional tests. 
There was a longitudinal decline in median daily walking speed over the 3 months before a fall in those destined to fall when compared with 
controls, p < .01 (ie, mean walking speed declined 0.1 cm s−1 per week). We also found prefall differences in sensor-based walking speed metrics 
in individuals who experienced a fall: walking speed variability was lower the month and the week just before the fall compared with 3 months 
before the fall, both p < .01.
Conclusions:  While basic clinical tests were not able to differentiate who will prospectively fall, we found that significant variations in walking 
speed metrics before a fall were measurable. These results provide evidence of a potential sensor-based risk biomarker of prospective falls in 
community living older adults.
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More than one-third of community-living adults over age 65 fall 
at least once a year (1–3); half of them experience multiple falls 
(1,2). Approximately 10% of falls result in a major injury such as 
a fracture (2) and falls are one of the principal causes of death and 
disability in older persons (1–6). We are able to identify people at 
particular risk of falls with several clinical tools available to stratify 
the baseline fall risks (7–13). However, these tools or functional 
tests are not precise or timely in their predictions, and are subject 
to significant intra-individual test–retest variability (9,10). It limits 
their usefulness for detecting subtle but meaningful changes in an 
individual’s risk over time. Therefore, clinicians may be able to an-
swer the question “Will my patient fall?” (7) but do not know when 
the fall will occur.

Beyond the identification of high-risk individuals, it is important 
to realize that fall risk is a continually changing phenomenon. Thus, 
determining who within the at-risk population may be experiencing 
a modification to their baseline risk becomes a priority. Warning 
older adults and their relatives about an insidious but clinically sig-
nificant worsening in fall risk could be of great value and essential 
for most effective and timely intervention to reduce the incidence 
of falls. To achieve this level of dynamic assessment, methods are 
needed that go beyond episodic sparsely spaced clinic visits. This 
may be achieved by deploying unobtrusive passive monitoring sys-
tems in people’s homes to provide assessment of daily activity in a 
continuously updated approach (14). Embedded sensors may allow 
for follow-up of key functional data in one’s own environment and 
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track subtle changes over time (15). Collecting frequent measures 
also captures intra-individual variability in performance that could 
be the earliest indicator of an undesirable event such as a fall (14,15).

Walking speed has been consistently demonstrated to be one 
of the strongest physical parameters predicting adverse outcomes 
in older adults, such as life expectancy, cognitive and functional 
well-being, and falls (16–20). Due to its extensive predictive cap-
abilities, it has been proposed to consider walking speed as the 
“6th Vital Sign” (19). The World Health Organization (WHO) also 
pointed out the importance of tracking physical activity such as the 
walking speed of older adults over time (21). Most factors associ-
ated with falls can impact walking parameters and although a fall 
is a sudden event, precipitating factors are likely to induce subtle 
changes days and weeks before the fall occurs (eg, impaired psy-
chotropic drug elimination, sensory decline). We hypothesized that 
during the weeks preceding a fall, sensor-based, continuously moni-
tored in-home walking speed would decline and that walking speed 
day-to-day variability would change.

Method

Objective
To determine whether unobtrusive long-term in-home assessment of 
walking speed and its variability can detect a future fall.

Study Design and Procedures
This study is a comparative analysis of existing data from two lon-
gitudinal cohort studies: the ORCATECH Living Laboratory study 
and the Intelligent Systems for Assessing Aging Change (ISAAC) 
study. The ORCATECH Living Laboratory study cohort was ori-
ginally a pilot study for ISAAC. The study protocols were approved 
by the Institutional Review Board (Living Laboratory IRB# 2765; 
ISAAC IRB# 2353). Full details of study enrollment, assessment 
procedures and technical protocols have previously been described 
(15,22,23). The data reported here covers the period of continuous 
in-home sensor activity monitoring from January 2015 through 
August 2017 in these cohorts.

Participants
Participants were enrolled in one of the two studies: the ORCATECH 
Living Laboratory study or the ISAAC study. Inclusion criteria 
were being 60  years and older for the Living Laboratory study 
and 80 years and older for the ISAAC study, living independently 
without a formal caregiver, not demented with a Clinical Dementia 
Rating Score ≤ 0.5 (CDR) (24), a Mini-Mental State Examination 
score > 24 (MMSE) (25), and with well-controlled chronic diseases 
and comorbidities or none at all. Exclusion criteria were medical 
illnesses with the potential to limit physical participation (eg, wheel-
chair bound) or likely to lead to untimely death over 35  months 
(eg, late stage heart failure or metastatic cancers). Data collection 
is reported for the period from January 2015 through August 2017 
which includes the subset of participants who were equipped with 
an upgraded (at the time) passive infrared motion sensor platform 
to yield uniform data.

Clinical Assessment Procedures
Standard clinical and cognitive measures were administered on 
a yearly basis. Motor tests included: Tinetti Gait and Balance 
Instrument (26); Unified Parkinson’s Disease Rating Scale, UPDRS 

(27); and timed 9-m walk at comfortable pace (28). Health status was 
documented via the modified Cumulative Illness Rating Scale, CIRS 
(29). Summary cognitive and behavioral status included the Mini-
Mental State Examination, MMSE (25), and Geriatric Depression 
Scale, GDS (30). Participants respond to weekly scheduled health 
questionnaires (eg, health events) via their desktop computer, tablet, 
or smartphone. A question asked participants if they had fallen in 
the prior week. A fall was defined as “an unexpected event in which 
the person comes to rest on the ground, floor, or lower level” (31). 
Participants who did not complete a form for two consecutive weeks 
were contacted by a research assistant by phone and the falls infor-
mation for that 2-week period was recorded.

Walking Speed and Day-to-Day Walking Speed 
Variability Assessment
Continuous activity data were collected using an unobtrusive 
sensor-based system in the home of each participant. Algorithms 
were developed to use sensor firings and their timestamps to gen-
erate walking speed metrics. The assessment of walking speed and 
its data validation process are described in detail elsewhere (32,33). 
Passive infra-red motion sensors (NYCE, NYCE, British Columbia) 
with a restricted field of view were installed along a hallway ceiling 
to detect only when a person passed directly under them (32). Data 
were wirelessly transferred to a research computer placed in the 
volunteer’s home, were time-stamped, stored in a structured data-
base and then daily uploaded to a central database in the project 
data center. Walking events <20 or >160  cm s−1 were excluded as 
outliers (values greater than 2 SD from the mean of all walks). Days 
with overnight guests were reported by participants online and ex-
cluded as a part of a quality control protocol.

Statistical Analysis
Participants who reported a fall during the study period were com-
pared with those who did not report a fall for baseline demographic 
and clinical characteristics, and baseline in-home sensor-based met-
rics. Previously published algorithms generated mean daily walking 
speeds for each participant (34,35). The grand mean of those daily 
walking speeds, mean number of walks per day and intra-individual 
variability in speed (standard deviation of mean daily walking 
speeds) were calculated for the period of interest. Subject charac-
teristics and cognitive data were obtained from the annual clinical 
evaluation just before the study period. Chi-square test or Fisher’s 
exact test (for small cell sizes) were used to examine cross-sectional 
group differences in categorical variables. For each continuous vari-
able, the histogram was visually inspected and a goodness-of-fit test 
was used to determine the normality of the distribution. Two-sample 
t-test or Wilcoxon rank-sum test (its nonparametric counterpart) 
were used to examine group differences in continuous variables. 
Longitudinal generalized mixed-effects regression models were used 
to explore trajectories of walking metrics in those destined to fall 
versus controls the 3  months before a fall or a random 3-month 
time period for those who didn’t experienced a fall. We also inves-
tigated prefall differences in sensor-based walking speed metrics in 
individuals that experienced a fall: mean daily walking speed, and 
day-to-day variability in walking speed between 3  months before 
the fall and the month and the week before the fall. The time frames 
were determined before the analysis, to reflect real-life health care 
pathways and to facilitate the future use of such digital biomarkers 
in health networks. The 3-month period was chosen to correspond 
to a realistic time that might separate two evaluations in clinical 
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care. Analyses were performed using SAS software 9.4 (Cary, NC). 
Age and sex were included in all models due to their known associ-
ation with risk of falls (36).

Results

Subject and Falls Characteristics
Daily walking speed as well as weekly self-reported falls surveys 
were captured during a 2.7 years period from January 2015 through 
August 2017 for 125 participants. During this time period 55 parti-
cipants reported a fall and 70 participants did not. If multiple falls 
per person were reported the first was chosen for analyses. Baseline 
characteristics of those destined to fall and controls are presented 
in Table 1. Controls were more likely to be women than those des-
tined to fall. No differences were seen between those destined to fall 
and controls in age, history of previous fall or clinical motor meas-
ures including stopwatch timed walking speed. There were no differ-
ences in sensor-based walking speed or speed variability by gender. 
Increasing age was negatively correlated with sensor-based walking 
speed (but not speed variability), r = −.29 and p = .001. Sensor-based 
walking speed was positively correlated with stopwatch walking 
speed, r = 0.34, p < .001.

Mean Daily Walking Speed and Day-to-Day 
Variability in Walking Speed
We compared longitudinal daily walking speed metrics for the 
3-month time period before a fall (for the fallers, n  =  55) or a 
3-month control period (for the nonfallers, n  = 70). We found a 
significant decline in mean daily walking speed over the 3 months 

before a fall in those destined to fall when compared with con-
trols, p < .004. While controls’ mean walking speed did not change, 
subjects destined to fall presented a decline of 0.1  cm s−1 every 
week or 1 cm s−1 overall during the 3 months period before falling 
(Figure 1 and Table 2).

We then investigated if there were within-person differences in 
sensor-based walking speed metrics over time in individuals that 
experienced a fall: mean daily walking speed, and day-to-day vari-
ability in walking speed between a “baseline” period 3 months be-
fore their fall, and the month and week just before their fall. We 
found no significant within-person changes in mean walking speeds, 
but there was a difference in day-to-day variability such that the 
walking speed variability at “baseline” was higher than the month 
and week just before their fall, p < .01 (Table 3). There were no 
within-person differences in mean number of walks per day between 
the time periods.

Discussion

In an independently living, largely octogenarian cohort, we identified 
55 participants with a fall during the follow-up period. Contrasting 
with existing literature, there were no significant differences in base-
line clinical measures between participants who had a fall and those 
who did not. Several explanations can be proposed. First, the ana-
lysis could be under-powered for these clinical outcomes, performed 
at discrete points of time. However, the frequent sensor-based 
measure may be more sensitive; as previously discussed by Dodge 
and colleagues (37,38), high frequency sensor-based measures could 
increase sensitivity and decrease sample size needed. These measures 
were not sensitive to identifying those destined to fall during the 

Table 1.   Participant Characteristics at Baseline

Subject Characteristics

Participants Destined to Fall 
(n = 55)

Controls 
(n = 70)

p Value % or Mean (SD) % or Mean (SD)

Age (y) 83.1 (7.5) 85.3 (8.1) .09
Gender (% women) 69 86 .03*
Education (y) 15.8 (2.8) 15.3 (2.4) .35
Nonwhite (%) 15 9 .29
BMI (kg m−2) 27.9 (4.7) 26.9 (5.1) .30
CIRS 21.1 (2.7) 20.3 (2.2) .15
History of fall(s) in past year (%) 38 46 .35
Clinical motor measures   
  UPDRS (motor section) 0.9 (1.8) 0.7 (1.2) .77
  Tinetti gait 2.0 (2.5) 1.8 (2.3) .63
  Tinetti balance 5.2 (5.3) 4.4 (5.1) .39
  Stopwatch walking speed (cm s−1) 70 (20) 70 (20) .34
  Sensor-based in-home mean walking speed (cm s−1) 70 (20) 64 (19) .15
  Sensor-based in-home walking speed variability (cm s−1) 11.0 (6.8) 10 (5) .16
  Mean number of walks per day (n) 15 (11) 16 (11) .54
Psychometric test scores   
  MMSE 28.5 (1.7) 28.8 (1.5) .26
  MCI (CDR 0.5, %) 5 9 .73
  GDS 1.0 (1.6) 1.2 (2.1) .94

Note: SD  =  standard deviation; BMI  =  body mass index; CIRS  =  Cumulative Illness Rating Scale; UPDRS  =  Unified Parkinson’s Disease Rating Scale; 
MMS = Mini-Mental State; MCI = mild cognitive impairment; CDR = Clinical Dementia Rating; GDS = Geriatric Depression Scale. CIRS measures level of im-
pairment (0–4) in 14 body/organ systems, higher scores are worse; MMSE ranges from 0 to 30, higher score indicates better cognition; CDR range from 0 (normal 
cognition) to 3 (severe dementia); GDS ranges from 0 to 15, higher score is worse (more depressive symptoms); Tinetti Gait and Balance tally abnormalities, higher 
score is worse. Sensor-based baseline data are defined as the mean values for the month beginning 3 months before the fall.

*p < .05.
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overall 2.7  year study period. On the other hand, the continuous 
in-home sensor-based walking speeds showed a significant decline 
in median daily walking speed—0.1  cm s−1 every week—over the 
3 months before a fall in those destined to fall when compared with 
those who are not. We also found that in those who did experience 
a fall the walking speed variability 3 months before a fall was sig-
nificantly higher than the month just before the fall. These results 
provide evidence of potential sensor-based fall risk biomarkers 
(39) of a fall to come in community living older individuals. Only 
a sensor system, reporting frequently or continuously is able to de-
tect this subtle but significant decline over time. Using unobtrusive 
continuous gait monitoring may provide a new approach to provide 
targeted and timely personalized falls evaluation and intervention. 
From a clinical perspective, long-term longitudinal monitoring could 
potentially answer the question: among an “at risk” population, 
which patient should I focus on within an allowed time window?

Despite the difficulties of achieving gait parameters follow-up 
over time and the potential of technologies to overcome this issue, 
clinical research in this domain is scarce (40). Stone and colleagues 
followed 16 older adults over 11 months (41). In-home Kinect-based 
walking speed provided little intra-individual test–retest variability 
when compared with monthly traditional assessment; the relation-
ship of this sensor data to fall risk was not assessed. Kearns and col-
leagues used an ultra-wideband tele-surveillance system to monitor 
69 resident’s traveling within the common areas of an assisted living 

facility over a 1-year period (42). The variability of everyday move-
ments was an independent predictor of a fall. This solution required 
participants to wear a transponder and authors reported some accept-
ability issues with the worn technology. Alternatively, some studies 
have explored monitoring activities with accelerometer-based wear-
able sensors (40,43–47). Among these studies few used experimental 
clinical research designs (40), sample sizes were small (including up 
to 20 participants) and of limited monitoring periods (eg, using short 
treadmill walks (44), or with monitoring time ranging from a few 
minutes (43), to hours (45), or days (46,47). Most of these initia-
tives focused on in depth posture and activities detection rather than 
walking speed. Finally, a major concern of wearable sensors is their 
lack of acceptability by older adults. Current technologies require fre-
quent charging and users must remember to wear a device each day.

Beyond traditional fall-risk assessment scores, gait parameter (eg, 
stride length, step width) variability has demonstrated good fall risk 
prediction performances using computerized walkway testing set-ups 
(48). Increased variability in walking function could reflect auto-
maticity regulation impairment leading to falls. Nevertheless, Brach 
and colleagues found a nonlinear association between step width 
variability and fall history among community-dwelling older per-
sons. Individuals with either low or high step width variability were 
more likely to have fallen in the past year (49). Our study focused 
on day-to-day variability of walking speed rather than step-to-step 
fluctuations in gait characteristics, but a similar nonlinear evolution 
could explain our results. More variability could reflect an unstruc-
tured activity in early stages of walking impairment; less variability 
could be a protective routine in more advanced stages. Using ISAAC 
study data (14), we had previously highlighted the nonlinear trajec-
tory of walking speed variability over time: early MCI presented high 
baseline walking speed variability, whereas late MCI showed lowest 
baseline and declining variability. Our analytic sample had a high-fall 
risk, gait and balance abnormalities (mean age 84 years, low Tinetti 
scores), and a mean walking speed of 70 ± 20 cm s−1. In comparison, 
it is slower than that of a large sample of frail older adults evalu-
ated in a Geriatric Day Hospital of Frailty (80 ± 30 cm s−1, n = 1, 
108) (50). It is possible that our participant’s increased baseline vari-
ability in walking speed may reflect an attempt to compensate for 
gait impairment. High variability between repeated walking trials has 
been discussed as a specific sign of frailty onset that increases from 
the prefrail status (51). Kaye and colleagues previously evaluated 
in-home measures in 76 older individuals monitored during a 4-week 
period using the same cohort (32). They found that those using a 
walking aid walked with greater variability and that a higher UPDRS 
score, lower Tinetti gait and balance scores and slower walking speed 
were strongly associated with increased variability in walking speeds. 
The clear reduction in variability before the fall could then be the 
marker of functional reserve failure to preserve walking function.

This study had some limitations. We only included participants 
living alone and our home sensor platform only captures walks 
occurring inside the home. Nevertheless, this population spends 
on average 20.5 hours a day in their homes and in-home gait data 
could be informative about a fall to come wherever it happens, in-
side or outside (15). However, an advantage of outdoor walking 
speed analysis is that it may provide data relevant to longer dis-
tances and challenging terrain (40). The cohort studied is composed 
of healthy adults without dementia, living independently. They are 
well-educated, largely white (88%) and replied regularly online 
using computer-based forms indicating computer literacy. Thus, this 
cohort may not be generalizable to other populations. However, al-
though these relatively “early acceptors” of technology may not be 

Table 2.   Longitudinal Mixed-Effects Model of Daily Mean Walking 
Speed Among Those Destined to Fall Versus Controls More Than 
3 Months

Variable Estimate Standard Error Pr > |t|

Time, days 0.000 0.003 0.959
Faller vs controls 5.593 3.581 0.118
Faller × time −0.013 0.004 0.004*
Age, years −0.524 0.222 0.018*
Female vs male 3.734 4.275 0.382

*p < .05.

Figure 1.  Longitudinal decline in walking speed before a fall versus controls. 
The figure presents those destined to fall versus controls longitudinal 
walking speeds during the 3 months periods. As controls’ walking speed do 
not change over time, those who will fall experience a decline in walking 
speed of 0.1  cm s−1 every week. Calculated regression lines are from the 
mixed-effect model results.
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representative of the wider current older adult population, it can be 
anticipated that these findings will be more applicable to the older 
adult population in the coming decade.

We had previously demonstrated the feasibility of sensor-based 
long-term walking speed monitoring in a real life setting (32–35). 
However, the deployment of such solutions in nonresearch contexts, 
and thus application across large-scale health care systems, is not 
without challenges. Translation of raw walking speed signals into 
clinically significant health indicators is dependent on the perform-
ance of the sensors, as well as the algorithms used. The algorithm ap-
plied in our research is dependent on the type of sensors used and the 
system architecture (eg, the walking data were derived from a specific 
set and arrangement of PIR sensors). Thus, solutions using different 
sensors will have to go through research validation phases both at the 
sensor level, as well as at the larger clinical outcomes level to show 
both efficacy as well as population-wide effectiveness of the applica-
tion. Harmonization of sensor data between studies and larger scale 
deployment in various populations remains an important issue (52).

Despite these limitations, our study had several strengths 
including the accurate and high frequency collection of falls inci-
dent events over a long period of time (minimizing recall bias) and 
the ecologically valid, real-world walking parameters provided by 
unobtrusive sensor-based measurements at home. We used standard-
ized, validated measurements of motor function and definition of 
falls (53).

Embedded in-home sensors provide previously unattainable met-
rics. In this case, while basic clinical tests were not able to differen-
tiate who will prospectively fall, we found that a significant decline 
in mean daily walking speed over the weeks before a fall was meas-
urable and sensitive to indicating subsequent falls. We also found 
that walking speed variability could also be a sensitive and relevant 
indicator. Our study is the first providing evidence of a susceptibility/
risk “digital biomarker” of a fall to come in community living older 
individuals and to provide threshold values for the fall events. This 
work opens up perspectives for real-time measurement using low 
cost and scalable PIRs sensors solutions. Older adults at high risk of 
falling, their family and health stakeholders, could find high value 
in a timely solution to predict a fall before it happens. We plan to 
explore the possibility of prospective real-time gait monitoring to 
potentially set up prompt intervention before a fall.
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