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Objective Measurement of Sociability and 
Activity: Mobile Sensing in the Community

ABSTRACT
PURPOSE Automated systems able to infer detailed measures of a person’s social 
interactions and physical activities in their natural environments could lead to 
better understanding of factors infl uencing well-being. We assessed the feasibility 
of a wireless mobile device in measuring sociability and physical activity in older 
adults, and compared results with those of traditional questionnaires.

METHODS This pilot observational study was conducted among a convenience 
sample of 8 men and women aged 65 years or older in a continuing care retire-
ment community. Participants wore a waist-mounted device containing sensors 
that continuously capture data pertaining to behavior and environment (accel-
erometer, microphone, barometer, and sensors for temperature, humidity, and 
light). The sensors measured time spent walking level, up or down an elevation, 
and stationary (sitting or standing), and time spent speaking with 1 or more 
other people. The participants also completed 4 questionnaires: the 36-Item 
Short Form Health Survey (SF-36), the Yale Physical Activity Survey (YPAS), the 
Center for Epidemiologic Studies–Depression (CES-D) scale, and the Friendship 
Scale. 

RESULTS Men spent 21.3% of their time walking and 64.4% stationary. Women 
spent 20.7% of their time walking and 62.0% stationary. Sensed physical activ-
ity was correlated with aggregate YPAS scores (r2 = 0.79, P = .02). Sensed time 
speaking was positively correlated with the mental component score of the SF-36 
(r2 = 0.86, P = .03), and social interaction as assessed with the Friendship Scale 
(r2 = 0.97, P = .002), and showed a trend toward association with CES-D score 
(r2 = –0.75, P = .08). In adjusted models, sensed time speaking was associated 
with SF-36 mental component score (P = .08), social interaction measured with 
the Friendship Scale (P = .045), and CES-D score (P = .04).

CONCLUSIONS Mobile sensing of sociability and activity is well correlated with 
traditional measures and less prone to biases associated with questionnaires that 
rely on recall. Using mobile devices to collect data from and monitor older adult 
patients has the potential to improve detection of changes in their health.

Ann Fam Med 2011;9:344-350. doi:10.1370/afm.1266. 

INTRODUCTION

A
n important goal of community health programs is to improve the 

overall quality of life by promoting cognitive, physical, and social/

emotional well-being.1,2 Everyday behaviors are often refl ective 

of physical and physiologic health states, and can be predictive of future 

health problems. The standard practice for collecting behavioral data in 

the health sciences relies on observational data collected in laboratory set-

tings or through periodic surveys or self-reports. These proxy measures 

have several major limitations, however: (1) the time and resource require-

ments are too great to simultaneously gather data from a large number of 

individuals; (2) the measurements are prone to considerable bias, and the 

manual and sporadic recording of information often fails to capture the 

fi ner details of behavior that may be important; and (3) the effort required 
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of the end user is too high to be suitable for continu-

ous long-term monitoring.

Automatic sensing of physical health at the level 

of the individual is an active research area.3-8 Prog-

ress in sensing social and cognitive well-being has 

been limited, however, especially when it comes to 

measuring social interactions (through shared activi-

ties and conversations) and relationships (eg, friendly, 

formal). Current work pertaining to mobile sensing in 

health has predominantly focused on physical activ-

ity, using accelerometers present in many devices, 

including some activity-specifi c devices available com-

mercially.9,10 Others use the accelerometer to sense 

changes in gait.11 Use of sensing in devices to measure 

behavior has been rarer,12 with only a few examples 

of mobile phones used to encourage behavior change 

based on sensed information reported.8,13,14

Mobile sensing, if proven valid, feasible, and effec-

tive, could be of benefi t to clinicians, patients, and 

researchers. Automated systems that infer highly 

detailed measures of people’s social and behavioral 

dynamics in their natural environments over extended 

periods of time may improve care in several ways. 

First, they may enable greater access to care by dra-

matically increasing the number of individuals whose 

health and well-being can be monitored simultane-

ously through automation, allowing for larger panels 

of patients to be monitored by a primary care or medi-

cal home team. Second, they may enable improved 

quality of care as a result of detailed analysis of how 

individuals interact with each other and how well 

they perform a given task, which can lead to better 

understanding of behavioral factors that infl uence 

social and cognitive well-being and thereby allow 

clinicians to better select appropriate interventions. 

Third, they may enable reduced burden and improved 

effectiveness of care by lowering the effort needed 

for early diagnosis, behavioral interventions, and self-

monitoring to improve social and cognitive well-being 

through automatic tracking and detailed analysis of 

behavior.

We developed an automated behavioral monitor-

ing paradigm for sensing, recognizing, and present-

ing a range of physical, social, and mental indicators 

of well-being in natural everyday settings in older 

adults, and tested it against existing measures. The 

metrics we developed may be useful for quantifying 

social wellness from the behavioral indicators and 

for better understanding how mobile technology can 

advance health assessment and interventions. We 

describe this platform and its deployment in a real-

world setting of older adults to assess its validity with 

established health instruments and its feasibility in this 

population.

METHODS
Participants
All participants in this pilot study resided in a local 

continuing care community of approximately 400 

residents, with the majority fully independent. The 

facility also provides assisted living and nursing home 

care, although in our study, all participants were inde-

pendent. Men and women were eligible for the study if 

they were aged 65 years or older, spoke English, were 

not wheelchair bound, were not institutionalized, and 

had a Mini-Mental State Examination15 score of 24 

or higher, indicating normal cognitive function. We 

set a sample size of 8 as a goal based on the available 

number of devices at the time of the study. The con-

venience sample included 4 men and 4 women, with 2 

couples and 4 single residents. Recruitment was carried 

out through use of posters placed in residents’ mail-

boxes and elsewhere, and word of mouth. With this 

approach, we were contacted by older adults who were 

recruited sequentially until our predetermined sample 

size of 8 participants was met. We did not try to pick 

specifi c ages as long as participants were aged 65 years 

or older, but we did attempt to recruit 2 couples to 

better test audio sensing as couples would be more 

likely to interact with each other. 

The Dartmouth Committee for the Protection of 

Human Subjects approved the study protocol. All par-

ticipants completed a written informed consent process 

before starting the protocol. 

Questionnaires
At the start of the protocol in August 2009, all par-

ticipants completed a battery of questionnaires to 

assess their behavior and activity. The Yale Physical 

Activity Survey (YPAS) is a researcher-administered, 

written questionnaire that queries participants on vari-

ous types of activity, including recreational and work 

activity. Results are reported in kilocalories of energy 

expended as well as minutes.16 The 36-Item Short 

Form Health Survey (SF-36) is a commonly used scale 

of physical and mental well-being that can be reported 

in sum or in component parts. Scores range from 0 

to 100, with higher scores indicating better physical 

and mental health.17 The Friendship Scale is a self-

administered questionnaire with 6 questions scored 

from 0 to 4. Total scores range from 0 (completely 

socially isolated) to 24 (highly socially connected).18 

The Center for Epidemiologic Studies–Depression 

(CES-D) scale is a validated, self-administered 20-item 

questionnaire of depressive symptoms, with a range of 

0 to 60. Scores of 16 or higher are usually regarded as 

being associated with marked depressive symptoms.19 

At the end of the study period, participants again 

completed these questionnaires, as well as a brief 
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usability questionnaire about the device and trust of 

sensing devices, and a focus group. 

Sensing Device
The sensing device was approximately 2 inches long 

by 2 inches wide by one-half inch deep. The device 

contained an accelerometer (sampled at 256 Hz); a 

microphone (sampled at 16 kHz); sensors for baromet-

ric pressure, temperature, humidity, visible light, and 

infrared light; and a battery and processor. Each data 

point was time-stamped. The devices were equipped 

with a clip so the participant could wear it comfortably 

around the waist. 

Each participant wore the device for 10 days. 

Participants were asked to wear it for 8 to 10 hours 

per day, morning through evening, according to an 

agreed-on schedule. They received no special instruc-

tion on changing their daily routine, and were allowed 

to travel outside the facility with the device. At the 

start of the protocol, participants completed a series 

of activities (walking, ascending and descending stairs, 

and conversing with each other) that lasted less than 

10 minutes to calibrate the device. The calibration 

process involved updating the classifi ers with the 

labeled examples and verifying the performance was 

consistent with the previous results. Devices were col-

lected daily, at which point data were extracted and 

batteries were recharged. 

The sensing device did not record raw audio, 

except during the hour-long orientation period at 

the beginning of device deployment. We therefore 

did not have any information about the content of 

a conversation, to protect participants’ privacy. We 

were not interested in the actual words spoken, but 

rather in the presence and style of interactions. The 

style of interactions were characterized by various 

paralinguistic aspects of speech, such as speaking rate, 

pitch, loudness, turn duration, and turn frequency. 

With the information collected, we had no ability 

to reconstruct actual words or phrases that in turn 

could raise serious privacy concerns. We computed 

the amount of time spoken for each individual using a 

2-state hidden Markov model that classifi ed speech vs 

nonspeech by examining features shown to be useful 

for differentiating speech from other noise (nonini-

tial maximum autocorrelation peak, total number of 

autocorrelation peaks, and relative spectral entropy of 

sound detected). 

On the basis of the motion information collected 

using the triaxial accelerometer and barometer (which 

provided data on change in elevation associated with 

using stairs, elevators, or ramps), we inferred the 

amount of time an individual spent (1) walking on fl at 

surfaces, (2) walking up or down an elevation, includ-

ing stairs, (3) being stationary (sitting or standing), and 

(4) doing other, unclassifi ed activities, in 0.25-second 

increments. We also recorded environmental informa-

tion (light, temperature, and humidity) that we did not 

use in the current analyses. Additional technical details 

about the sensors and sensor-processing algorithms can 

be found elsewhere.20,21

Analysis
We scored questionnaires using their established pro-

tocols. Extracted sensor data were amalgamated into 

a number of measures and then classifi ed into physical 

behaviors (activity) or social behaviors (sociability) 

automatically by computer. Total time spent doing 

physical activity was a weighted score of time spent 

walking level, running, walking up elevations, and 

walking down elevations, using a predictive regres-

sion protocol to fi nd the best approximation of the 

YPAS summary value. To get a single physical activity 

score from the sensed activities, we had to weight the 

different activities based on their relative effect on 

physical well-being. For example, walking up eleva-

tion should get a higher score than walking on a fl at 

surface. Considering “unclassifi ed” activity may seem 

unnecessary, but it may be relevant as this category 

represents activities that are not walking level, up, or 

down. Consequently, a higher percentage of unclassi-

fi ed activity implies lower percentage of other activi-

ties. Using this reasoning as a base, we refi ned the 

model weights by using the YPAS activity score as a 

reference; we then performed multivariate regression 

analysis of the (objectively measured) activity percent-

ages and estimated weights to improve the relationship 

with the YPAS scores. The weights were in agreement 

with our a priori expectations (higher weight for walk-

ing up compared with walking level, negative weight 

for “unclassifi ed”) with the added advantage of using a 

data-driven approach to selecting the absolute weight 

values. Time spent stationary was also recorded. To 

assess sociability, we measured fraction of time spent 

speaking in conversations with at least 1 other person. 

After computing descriptive statistics and deter-

mining distributions for normality, we computed 

unadjusted correlation coeffi cients between the YPAS 

and SF-36 physical component score (PCS) and sen-

sor measures of physical activity. We then computed 

correlations between SF-36 mental component score 

(MCS), CES-D, and Friendship Scale with sensor mea-

sures for mental well-being using time spent speaking. 

Data from the questionnaires completed at the start 

and end of the study were compared using a t test. 

We used robust multivariate linear regression models 

to account for heteroskedastic errors and presence 

of outliers.
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RESULTS
Participant Characteristics
The 8 participants ranged in age from 80.7 to 92.0 

years; on average, men were 2 years younger than 

women (84.3 vs 86.4). Overall, the participants had a 

mean age of 85.3 years (SD = 4.1) and a mean weight 

of 68.6 kg (SD = 14.6). One-half were women and one-

quarter owned a pet. Five participants were married. 

Three used some type of assistive device. 

Questionnaire and Sensor Data
Table 1 shows participants’ scores on questionnaires 

and time spent in various activities as measured from 

the sensors. There was no statistically signifi cant dif-

ference between scores on the questionnaires between 

the start and end of the study period (data not shown); 

therefore, we used the values at the start of the study 

in subsequent analyses.

Men and women did not differ signifi cantly with 

respect to the SF-36 summary score, SF-36 MCS, 

SF-36 PCS, YPAS (either in total hours or in kilocalo-

ries per week), CES-D, or Friendship Scale. Sensor 

results indicated that men spent 21.3% of their time 

walking (up, down, or level) and 64.4% stationary (sit-

ting or standing); women spent 20.7% of their time 

walking and 62.0% stationary.

Table 2 shows pairwise correlations between the 

subjective questionnaire data and the objective sen-

sor data for behavior and physical activity. Using data 

from the start-of-study questionnaires in the statisti-

cal comparison, all relationships (except for those for 

the SF-36 PCS) trended in the expected direction, 

although only some were statistically signifi cant. The 

correlation for physical activity was not as strong as 

the correlation for behavior, particularly with the SF-36 

(PCS: r2 = –0.29, P = .49 vs MCS: r2 = 0.86, P = .03). 

The YPAS results showed little correlation with either 

the SF-36 summary score (r2 = –0.19, P = .68) or the 

SF-36 PCS (r2 = 0.14, P = .76) (data not shown). 

In both unadjusted models and adjusted robust 

regression models, there were signifi cant associations 

between sensed behaviors and the results from the 

questionnaires, particularly with adjusted models of 

mood, mental health, and sociability (Table 3). Model 

fi t was excellent in all cases, with r2 consistently greater 

than 0.9 in adjusted models.

The models also generally showed stronger asso-

ciations between questionnaire and sensor data for 

behavior than for physical activity, as described above. 

There were still strong statistical associations between 

energy expenditure as assessed from the YPAS in kilo-

calories per week and the weighted physical activity 

score from the sensors in an adjusted model, however 

(β coeffi cient = 95.7, P = .01). Such association did not 

Table 1. Participant Questionnaire and Sensor 
Data (N = 8)

Assessment Mean (SD) Range

Questionnairea

SF-36 summary score 77.9 (16) 55-97 
SF-36 PCS 68.8 (22.5) 35-92

SF-36 MCS 88.0 (10.9) 64-100

CES-D 7.2 (8.2) 0.5-25.0

YPAS, hr 22.6 (14.4) 1.0-42.5

YPAS, kcal/wk 5,980.5 (4,123.5) 180-13,155

Friendship Scale 20.8 (3.2) 14-24

Sensor

Speakingb 20.7 (6.1) 9.6-29.1

Stationary 63.2 (5.7) 54.6-73.4

Walking level 7.1 (5.6) 2.7-18.4

Walking up 5.8 (4.9) 0.7-17.5

Walking down 8.1 (5.1) 2.1-17.5

CES-D = Center for Epidemiologic Studies–Depression; MCS = mental com-
ponent score; PCS = physical component score; SF-36 = 36-Item Short Form 
Health Survey; YPAS = Yale Physical Activity Survey.

a Scores at the start and end of the study did not differ signifi cantly. Scores 
shown are from the start of the study.
b For this activity, n = 7.

Table 2. Correlations Between Questionnaire and Sensor Data

Questionnaire
Speakinga

r2 (P Value)

Physical 
Activity Scoreb

r2 (P Value)
Walking Levela 

r2 (P Value) 
Stationarya

r2 (P Value)
Walking Upa

r2 (P Value) 
Walking Downa

r2 (P Value) 

SF-36 MCS 0.86 (.03) – – – –  –

CES-D –0.75 (.08) – – – – –

Friendship Scale 0.97 (.002) – – – – –

YPAS hours – 0.79 (.02) –0.50 (.21) –0.68 (.07) 0.80 (.02) 0.72 (.43)

YPAS kcal/week – 0.82 (.01) –0.52 (.18) –0.60 (.12) 0.82 (.01) 0.65 (.08)

SF-36 PCS – –0.29 (.49) 0.21 (.62) 0.47 (.24) –0.56 (.15) 0.18 (.66)

CES-D = Center for Epidemiologic Studies–Depression; MCS = mental component score; PCS = Physical Component Score; SF-36 = 36-Item Short Form Health Survey; 
YPAS = Yale Physical Activity Survey.
a Fraction of time (speaking) or percentage of time (walking, stationary) spent in this activity.
b Weighted using the following weights: 0.6 for stationary, 3 for walking level, 5 for walking up, 1 for walking down, and –1.5 for unclassifi ed. 
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hold true for YPAS total hours of activity ( β coeffi -

cient = 0.31, P = .11), although selected sensor measures 

(time stationary, time walking up, and time walking 

down) were signifi cantly or marginally associated 

when examined separately, as shown in Table 3. All 

unadjusted models for these 3 measures showed sig-

nifi cant associations.

Usability Assessment
In the focus group and on the usability question-

naire completed at the end of the study, participants 

generally expressed frustration with completion of 

the written questionnaires used to assess behavior 

and activity, noting their complexity, length, and 

relevance as primary concerns. On the other hand, 

most participants noted the sensing device was com-

fortable, nonobtrusive, and easy to use. There were 

no complaints about technical challenges from the 

participants, although a research assistant was on site 

to assist with morning deployment and evening col-

lection of the sensors, which may have infl uenced this 

observation. As the device gave no direct, real-time 

feedback to users, there was little required interaction 

with the device.

 DISCUSSION
We found that data from mobile sensors for behavior 

correlated highly with the results obtained with estab-

lished questionnaires, including measures of depressive 

symptoms, in older adults. Study participants found 

the device easy to use, comfortable to wear, and less 

inconvenient than written questionnaires. This quan-

titative robustness combined with qualitative accep-

tance of the technology makes automated inference of 

behavior using sensing potentially feasible and valid 

in older populations. The questionnaires measured a 

broad cognitive, physical, emotional, and social con-

struct of aging; the signifi cant associations we found 

support further research and development of sensor 

machine algorithms.

In our comparison with established questionnaires, 

we found excellent concordance with the CES-D, the 

mental health dimension of the SF-36, and the Friend-

ship Scale, even after model adjustment. Interestingly, 

there was less agreement between sensor and ques-

tionnaire results for measures of physical activity, a 

domain currently more commonly studied in mobile 

devices.22-24 This fi nding could be due to errors in the 

processing of sensed physical activity data (despite 

Table 3. Associations Between Questionnaire and Sensor Data 

Questionnaire Sensor Measure 
Unadjusted  ββ Coeffi cient

(95% CI) P Value
Adjusted  β Coeffi cient

(95% CI) P Value

Behavior

SF-36 MCS Speaking 1.29 (–0.46 to 2.62) .055 1.14 (–0.36 to 2.65)a .08
CES-D Speaking –1.14 (–2.42 to 0.13) .07 –1.23 (–2.38 to –0.77)a .04
Friendship Scale Speaking 0.58 (0.44 to 0.72) <.001 0.49 (0.027 to 0.95)a .045

Physical activity

SF-36 PCS Physical activity scorec –0.32 (–1.27 to 0.63) .44 0.71 (–0.60 to 2.02)b .14

  Stationary 1.67 (–2.06 to 5.4) .32 –0.38 (–3.06 to 2.30)a .71

  Walking level 0.76 (–2.51 to 4.03) .59 0.97 (–2.02 to 3.96)a .42

  Walking up –2.31 (–4.48 to –0.13) .04 1.68 (–7.00 to 10.36)a .62

  Walking down 0.73 (–2.36 to 3.81) .59 –0.37 (–2.32 to 1.59)a .63

YPAS total hours Physical activity scorec 0.57 (0.36 to 0.78) .001 0.31 (–0.17 to 0.79)b .11

  Stationary –1.57 (–2.68 to –0.47) .01 –1.30 (–2.52 to –0.07)a .04

  Walking level –1.18 (–2.46 to 0.091) .06 –0.40 (–3.77 to 2.97)a .76

  Walking up 2.12 (1.06 to 3.18) .003 5.06 (–0.31 to 10.43)a .06

  Walking down 1.85 (0.48 to 3.22) .02 1.98 (0.80 to 3.16)a .01

YPAS kcal/week Physical activity scorec 152.3 (97.8 to 206.8) <.001 95.7 (50.0 to 141.4)b .01

  Stationary –358.5 (–700.8 to –16.2) .04 –230.5 (–551.9 to 90.9)a .12

  Walking level –319.5 (–660.9 to 22.0) .06 –51.3 (–791.3 to 688.7)a .86

  Walking up 567.9 (269.8 to 865.9) .003 1,148.4 (263.9 to 2,032.9)a .02

  Walking down 431.9 (37.7 to 826.1) .04 374.8 (31.3 to 718.3)c .04

CES-D = Center for Epidemiologic Studies–Depression; CI = confi dence interval; MCS = mental component score; PCS = physical component score; SF-36 = 36-Item 
Short Form Health Survey; YPAS = Yale Physical Activity Survey.

Notes: Questionnaire is the dependent variable, and sensor measure is the independent variable. Speaking, stationary, walking fl at, walking up, and walking down are 
percentages of time spent in those activities.

a Adjusted for age and sex.
b Adjusted for age, sex, marital status, and pet ownership.
c Weighted using the following weights: 0.6 for stationary, 3 for walking level, 5 for walking up, 1 for walking down, and –1.5 for unclassifi ed.
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basic calibration at the start of the protocol), inad-

equate statistical power in our small sample, or inac-

curate responses on the questionnaires, as participants 

expressed frustration with the diffi culty of recalling 

some activities’ frequency and intensity. Additional 

study with more directly observed behavior and a 

larger sample size is needed to better understand this 

discrepancy. It is possible that the error lies in the 

current standards for questionnaires, and not in the 

sensing of behavior. Indeed, the sensor algorithms 

have been tested extensively in previous work and 

have been shown to be very reliable,21 and unlike the 

sensing device, questionnaires are subject to temporal 

recall25 and social desirability bias.

To our knowledge, there has been little study of the 

use of mobile sensing to infer sociability and behavior 

through computer analysis of sensor streams without 

manual input, with most investigations instead using 

a mobile device as a questionnaire, or either a diary 

in a momentary sampling scheme25,26 or a more tradi-

tional diary.27 A growing body of evidence supports 

the use of acoustical properties to detect changes in 

emotional health.28 Detection of vocal affect, or the 

signals in speech that are associated with emotion, 

holds promise as a dimension beyond actual content 

of a conversation or who the speaker is.29 Prosodic 

voice features have been shown to be associated with 

variations in mood.30,31 Others have studied the glot-

tal waveform, measured as airfl ow through the glottis, 

and the change in its pattern during periods of stress.32 

As technology advances, models utilizing a number of 

physiologic voice features will become more sensitive 

and specifi c to various mental health states without 

the need for understanding the context of a conversa-

tion, thus preserving privacy while enabling a robust 

method of objectively measuring behavior.

Combinations of sensors have the potential to 

greatly improve our sensitivity and accuracy in detect-

ing behaviors. Many of these sensors are readily avail-

able in mobile phones, particularly the microphone 

and accelerometer used here, and have enough compu-

tational power to do all the real-time processing that 

was carried out as part of this study. By combining 

the voice-processing metrics with measures of move-

ment, we believe we can improve on already relatively 

accurate measurement of behavior. In addition, these 

measures could monitor subtle changes in well-being 

as a result of medical or behavioral therapies. When 

combined with remote or Web-based communication 

methods integrated into next-generation electronic 

health records, clinicians could have a rich, objective 

source of information pertaining to treatment response, 

collected in a natural environment.

Should our results prove replicable in larger stud-

ies, the potential applications for this technology are 

intriguing. In the research environment, use of mobile 

phone technology could complement or replace tra-

ditional questionnaires as a way to better to collect 

objective participant data. Specifi cally, the leveraging 

of voicing data could advance work on understand-

ing social isolation and subclinical depression in older 

adults. These data could be used in comparative effec-

tiveness research to understand the potential benefi t 

of new treatments, or be used to improve early detec-

tion of these important behavioral issues. Clinically, 

primary care physicians could use mobile sensing to 

monitor the effect of treatment, or to identify at-risk 

populations (such as older adults living alone) and 

detect changes in their behavior earlier than would 

occur at offi ce visits. These data could potentially link 

to electronic health records and be part of a system 

that warns clinicians of changes in a patient’s behavior 

before it is identifi ed by family or caregivers.

Our study has a number of limitations. As our 

sample was small, it is diffi cult to draw conclusions 

from nonsignifi cant results as they are likely underpow-

ered. Similarly, this study was conducted among older 

adults having an average age of 85 years; additional 

work should be performed in other populations to see 

if fi ndings are generalizable. Although we did collect 

a small amount of observed behavior data, we did not 

perform continuous direct observation. Doing so might 

have made comparisons with actual behavior easier, but 

it would have likely biased observations. A repeated-

measures design was not used as conditions during 

the study would not be expected to change over the 

short time period, and there may be regression to the 

mean within participants. We did not use exact testing, 

such as the Fisher exact test, as our data were continu-

ous and not categorical. The sensors had a limited 

battery life (10 hours/day), and it is possible that we 

missed some behaviors occurring only after the sensors 

were removed for the day. Finally, these technologies, 

although feasible in a small setting, are not developed 

to the point of large-scale, unmonitored deployments. 

With rapid progress in mobile software and hardware, 

however, we believe these technologies will become 

more widely available for large-scale use. Future work 

should address issues that would make sensing technol-

ogy a valuable tool in population-based research.

Despite these limitations, this pilot study demon-

strates the power and potential of utilizing commonly 

available sensors with sophisticated processing tech-

niques to improve the detection of specifi c physical 

and behavioral activities. As more people are carrying 

sensors as part of everyday mobile devices, the poten-

tial to detect health problems and monitor treatment 

could become more effi cient and effective.
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