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Objectives: To compare the accuracy of electronic health record cli-
nician documentation and accelerometer-based sensors with a gold
standard dataset derived from clinician-annotated video to quantify
early mobility activities in adult ICU patients.

Design: Prospective, observational study.

Setting: Medical ICU at an academic hospital.

Patients: Adult ICU patients (n = 30) were each continuously moni-
tored over a median of 24.4 hours, yielding 711.5 hours of video,
electronic health record, and sensor data.

Interventions: None.

Measurements and Main Results: Electronic health record documen-
tation estimated ambulation (intraclass correlation coefficient, 0.89;
95% Cl, 0.78-0.95), sitting out-of-bed (intraclass correlation coeffi-
cient, 0.85; 95% Cl, 0.72-0.93), and turning events (intraclass corre-
lation coefficient, 0.87; 95% Cl, 0.75-0.94) with excellent agreement
but underestimated the number of standing, transferring, and pregait
activities performed per patient. The accelerometer-based sensor
had excellent agreement with video annotation for estimating dura-
tion of time spent supine (intraclass correlation coefficient, 0.99; ClI,
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0.97-0.99) and sitting/standing upright (intraclass correlation coef-
ficient, 0.92; Cl, 0.82-0.96) but overestimated ambulation time.
Conclusions: Our results show that electronic health record docu-
mentation and sensor-based technologies accurately capture distinct
but complimentary metrics for ICU mobility measurement. Innovations
in artifact detection, standardization of clinically relevant mobility defi-
nitions, and electronic health record documentation enhancements
may enable further use of these technologies to drive critical care
research and technology leveraged data-driven ICU models of care.
Key Words: early mobility; electronic health records; fitness trackers;
informatics; intensive care units

espite clinical benefits of ICU early mobility observed in ini-

tial studies (1), uncertainties remain regarding the optimal

dose of mobility, and identification of patient subgroups most

likely to benefit from these interventions. In this regard, at least one
randomized controlled trial (RCT) of early mobility versus usual care
for patients admitted with acute stroke showed inferior functional
outcomes among patients in the intervention group (2). In addition,
multiple recent RCTs have yielded nonsignificant results (3-5), raising
important questions about the standardization of research methods,
timing of mobility interventions, and ability to estimate an effective
dose of mobility with which to assess for dose-response relationships.
A major barrier to advancing early mobility research and
the development of data-driven models of care is lack of valid,
detailed, and reliable methods to measure patient activity in the
ICU, analogous to measurement of blood pressure or fluid balance.
Routine methods used in outpatient and other inpatient settings
are generally not practical or informative to monitor and quan-
tify ICU mobility (6). Although the World Health Organization
suggests measuring activity by its four main dimensions: type,
duration, frequency, and intensity (7), few technologies and
assessment methods allow for comprehensive evaluation of all
four components. To measure activity in research, direct methods
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are preferred for accuracy and limiting recall bias, but require
more complex measurement systems that may reduce practicality
in clinical settings. Video observation is one such form of activ-
ity monitoring that is increasingly used in clinical research (8)
and offers additional advantages in activity measurement through
the generation of ground truth data upon which activity metrics
such as type, frequency, and duration can be derived. Although
advances in machine learning will likely enable future automation
of video annotation, widespread use of videography for quantifi-
cation of mobility is not practical at present given the labor-inten-
sive nature of manual review.

Quantification of mobility using wearable activity monitors
embedded with accelerometers, pedometers, and gyroscope sen-
sors is also increasingly common in healthcare, albeit with limited
evaluation to date in ICU settings (9). Sensor-based measurement
methods offer distinct advantages over observation including
objectivity, unobtrusiveness, and the ability to make continuous
measurements independent of time of day, clinician presence, or
patient location. Although accelerometer-based sensors have been
validated in healthy ambulatory populations and select acute-care
inpatient populations for measuring activity (10), accurate mea-
surement of activity among low mobility populations can be chal-
lenging (11), with research groups demonstrating that sensors can
overestimate low levels of activity (12) and have difficulty measur-
ing step counts with slower walkers (13).

Existing methods to measure mobility in clinical practice rely
on clinician assessments that are manually entered into the elec-
tronic health record (EHR). Mobility may be documented in the
EHR by several clinicians using multiple data types including
unstructured and semistructured text or by entry of structured
information from dropdown menus in flowsheets. Although sec-
ondary use of EHR mobility-related information is dependent on
accurate documentation (14), we could locate no previous stud-
ies evaluating the validity of EHR-derived mobility data. Studies
evaluating EHR data quality in other contexts have found inac-
curacies related to medication lists (15) and medical treatments
delivered (16, 17), highlighting the need for additional studies to
explore the potential limitations of EHR-derived mobility data for
research and clinical decision support.

Valid methods are needed to quantify the time patients spend
participating in mobility protocol-driven interventions and engag-
ing in activity on their own, ideally capturing the type, frequency,
duration, and intensity of activity performed. Greater understand-
ing of the advantages and limitations of emerging technologies to
quantify patient movement in the ICU will improve mobility mea-
surement for research and enable expansion of data-driven care
models. The purpose of this study was to compare the accuracy of
EHR clinician documentation and accelerometer-based sensors to
quantify ICU early mobility activities compared with a gold stan-
dard dataset derived from clinician-annotated video recordings.

METHODS

We conducted a prospective observational study of adults
hospitalized in the medical ICU (MICU) of an academic medi-
cal center in California following Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE)
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guidelines (Supplemental Table 1, Supplemental Digital Content 1,
http://links.lww.com/CCX/A153). An early mobility initiative
was launched in the MICU in 2012 and became standard of care
across all adult ICUs in 2016. Study protocols were approved by
the University’s Institutional Review Board, and study equip-
ment was evaluated by our Health Information Technology
department prior to deployment.

Participants

Adult MICU patients eligible for early mobility interventions
were recruited between May 2017 and January 2018. Inclusion
and exclusion criteria for study participation are detailed in
Table 1. We identified patients eligible for early mobility inter-
ventions and participation in the study through EHR screening
and discussions with the interdisciplinary team. In addition to the
study-specific criteria in Table 1, clinical eligibility for ICU early
mobility was routinely assessed each day in the MICU according
to American Association for Critical Care Nurses (AACN) safety
screening guidelines for cardiac stability, oxygenation and venti-
lation requirements, vasopressor use, level of consciousness, and
neurologic stability (18). As only one to two participants could
be enrolled simultaneously due to limited availability of video
equipment, we used a random number generator in the Python
programming language to randomly select patients to approach
for enrollment when there were more than two patients eligible
to participate in the study on a given day. Informed consent was
obtained from patients and/or surrogates when consent was not
possible due to sedation or altered mental status.

The primary objective of the study was to compare EHR and
accelerometer-based activity estimates against video observation.
We used a paired sample ¢ test to determine the number of subjects
needed to discriminate between mean activity frequency counts
for each measurement method. We estimated that a sample size of
32 subjects would provide 80% power to detect a 0.5 sp difference
in activity frequency between the gold standard and experimental
ICU activity measurement methods, using an approach employed
previously in circumstances where insufficient literature exists to
estimate an expected effect size (19).

TABLE 1. Selection Criteria for Study
Participation

Exclusion Criteria

Inclusion Criteria

English speaking <18 yrold

Adult patients in the
medical ICU

Prisoners or known pregnant
women

Eligible for ICU early mobility  Ineligible for mobility due to: Brain
interventions based on death, active bleeding, increased
American Association for intracranial pressure, multiple organ
Critical Care Nurses safety  system failure, status epileptics,
screening guidelines evolving neuromuscular disorder or

receiving therapeutic hypothermia

Projected ICU length of
stay >24 hr

Known silicone or adhesive tape allergy

Permanent or temporary
pacemaker
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Materials

A security camera system with night vision was used for continu-
ous video recording of patient movement. Multiple precautions
were taken to preserve patient privacy and ensure the security
and confidentiality of data acquired through video observation.
After mounting the system in the patient’s room, the camera was
attached to a power source, and the system was physically secured.
To minimize unnecessary data acquisition, no audio was obtained.
Camera angle was setup to minimize capture of facial images of
staff or other visitors on video. All video data were stored on pass-
word protected, university computers in limited-access directo-
ries. A Certificate of Confidentiality was also obtained from the
National Institutes of Health to protect the privacy of participants
and nonsubjects inadvertently recorded on video.

We used a commercially available, clinical-grade three-axis
accelerometer designed to monitor mobility among hospitalized
adults (20) (Leaf Healthcare, Pleasanton, CA). The U.S. Food and
Drug Administration-approved device uses a 1.5-inch disposable
sensor that attaches to a patient over the sternum. Although the
Leaf sensor may be used in patients with pacemakers, the man-
ufacturer recommends placement at least 10-cm away from a
pacemaker. As a result, we excluded patients with pacemakers to
ensure that the same location on the sternal chest could be used
for all subjects. The sensor’s proprietary configuration recorded
samples at least once every 10 seconds and sent data through a
dedicated local wireless network to a study server. At the time of
the study, no reliability or validity data on this device had been
published for quantifying ICU mobility.

The University Health System’s EHR system (Epic, Verona, WI)
has been used by the medical center since 2008, where nurses,
physical therapists, and physicians document mobility-related
activities in a number of ways, using both flowsheets and narra-
tive free-text notes.

Procedures
After enrollment, the ICU room was equipped with a video camera
system, and a sensor was placed on the participant and activated to
initiate data transmission. Participants then underwent 24 hours of
continuous activity monitoring to ensure representative sampling
of day and night mobility interventions and associated documenta-
tion practices. After approximately 24 hours of data were collected,
equipment was removed from the ICU room, and video data stored
on a digital video recorder was transferred to a secure University
server for annotation. Activity reports generated by the sensor sys-
tem’s proprietary software were provided by Leaf Healthcare Inc.
All data compiled during the enrollment period were entered and
stored using Research Electronic Data Capture (REDCap) (21).
Twenty-four hours after the activity monitoring period con-
cluded, we conducted a retrospective review of patient charac-
teristics, health status during enrollment, and mobility data from
the EHR using REDCap. Flowsheet fields and progress notes
recorded by clinicians were examined to extract the frequency
of early mobility events that occurred during the identical time
period as video and accelerometer monitoring. Activities that
were observed in both a flowsheet and a progress note during the
same time period were assumed to be duplicate entries. Transfers
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occurring between recorded activities were not assumed unless
explicitly documented. A second reviewer abstracted 23% of par-
ticipant records to verify the mobility types and event frequen-
cies recorded. All EHR data abstraction was performed at least 2
months prior to video annotation to allow for a washout period
between analyses.

Data Analysis

Definitions for activity were categorized using the four-phase
quantification approach of ICU early mobility and progres-
sive exercise clinical guidelines from the AACN and the Society
of Critical Care Medicine (SCCM) (22) (Supplemental Fig. 1,
Supplemental Digital Content 1, http://links.lww.com/CCX/
A153). Video recordings were used as the criterion standard to
measure mobility, similar to previous validation studies (23). We
developed a coding scheme to annotate ICU mobility observed in
the video recordings using an iterative process of literature review,
convening with multidisciplinary experts, and testing codes using
recordings with simulated patients (24). The final coding scheme
consisted of recording all patient movement lasting greater than 10
seconds in an Excel template (Supplemental Fig. 2, Supplemental
Digital Content 1, http://links.lww.com/CCX/A153). The first
author annotated all videos and another author independently
reviewed 5% of video files, representing 35 hours of video, strati-
fied across mobility phases (Supplemental Fig. 1, Supplemental
Digital Content 1, http://links.lww.com/CCX/A153).

In addition to classifying ICU mobility types, we also quantified
mobility according to frequency and duration. In the EHR, only
mobility type and event frequency could be consistently extracted,
although all AACN and SCCM activity types were found in the
EHR and compared with video annotation (Supplemental Fig.
3, Supplemental Digital Content 1, http://links.Ilww.com/CCX/
A153). At the time of data collection, only activity duration for
time spent lying, sitting/standing upright, and ambulation cap-
tured through the sensor could be compared with video annotated
activities. A post hoc secondary analysis was also conducted to
compare accelerometer-derived ambulation time to video under
the following conditions: (1) use of a broader ambulation defini-
tion to include all standing mobility activities (e.g. all activity while
patient stands including ambulation, transitions involving stand-
ing, range of motion while standing, and marching/sidestepping)
and (2) removal of participant cases who received high-frequency
chest wall percussion therapy as part of their treatment due to a
known potential for ambulation artifacts with this therapy by the
sensor manufacturer.

Quantitative variables were summarized with means and 95%
CIs or medians with interquartile ranges depending on normal-
ity of the data assessed using the Shapiro-Wilk test. Categorical
variables were summarized with proportions. Intraclass correla-
tion coefficients (ICCs) were calculated to compare agreement
between methods on a per-patient basis (25). We also conducted
Wilcoxon signed-rank tests to compare the difference between
mobility estimates and determine if the EHR and sensor were
biased toward over or underestimation of activity frequencies and
durations. Bland-Altman plots were used to display agreement, by
plotting the difference of the two measurements against the mean
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of the two measurements for each patient (26). Cohen’s Kappa was
calculated to estimate interrater agreement between reviewers of
both video and EHR data (27). All hypotheses were two-sided and
tested at a significance level of 0.05. Statistical analyses were per-
formed using Stata, version-13 software (28).

RESULTS

A total of 711.5 hours of video, sensor, and EHR data were recorded,
reviewed, and analyzed across the cohort (median of 24.4 hr of data
per patient; interquartile range, 23.5-25.7). Corruption of video
data in one participant and loss of a sensor in another resulted in a
final cohort size of 30 participants (Fig. 1). Participant characteris-
tics can be found in Table 2; characteristics related to sensor use are
presented in Supplemental Table 2 (Supplemental Digital Content
1, http://links.Iww.com/CCX/A153). Across the entire cohort, there
were seven ambulation events (1%), 131 standing events (18%), 224
sitting events (30%), 58 out-of-bed sitting events (58%), 249 turning
events (34%), and 72 range of motion exercise events (10%) observed
through video. Total time spent performing mobility activities for

all patients included 0.4 hours ambulating (<1%), 2.9 hours stand-
ing (<1%), 74.2 hours sitting (10%), and 634.0 hours lying supine
(89%). Cohen’s Kappa statistic for the intercoder reliability of 23% of
EHR records and 5% of video recordings to verify reviewer-recorded
mobility events was k = 0.90 and x = 0.93, respectively.

Agreement Between EHR Versus Clinician-Annotated
Video
EHR documentation demonstrated excellent agreement with video
for estimating the number of turning (ICC, 0.87; 95% CI, 0.75-0.94),
sitting out-of-bed (ICC, 0.85; 95% CI, 0.72-0.93), and ambula-
tion events (ICC, 0.89; 95% CI, 0.78-0.95) (Table 3). For all other
activities, EHR-based estimates of mobility events demonstrated
poor agreement, with ICC values between 0.06 and 0.45 (Table 3).
Agreement varied among out-of-bed sitting subtypes and locations
(Supplemental Table 3, Supplemental Digital Content 1, http://links.
Iww.com/CCX/A153). When comparing median activity events per
patient and directional bias using the Wilcoxon signed-rank test, the
EHR significantly underestimated the frequency of turning and repo-
sitioning events, total number of sitting events, transferring events,
and standing/pregait events compared

Assessed for eligibility (n=381)

with video annotation (Table 3). The
Bland-Altman  analyses provide

A4
e o o o o o o

Prisoner (n=3)

Not eligible (n=301)

Not eligible for early mobility (n=135)
Non-English speaking (n=22)
Expected transfer within 24 hrs (n=95)
Unable to consent/no surrogate (n=39)
Previously enrolled in study (n=1)
Adhesive tape allergy (n=6)

additional visual representation of
agreement between the EHR and
video-derived mobility data (Fig. 2).
The largest differences between the
two methods were for estimating
the number of transferring, sitting,
and standing/pregait events, where
the EHR underestimated the num-
ber of events by a mean difference of

Eligible for enroliment (n=80)

-5.27, -5.63, and -4.47, respectively.

A

Declined to participate (n=11)
Equipment unavailable (n=37)

Although our study sample size was
small, the occurrence of points out-
side of the limits of agreement in the
Bland-Altman plots suggests there

Enrolled in study (n=32)
Completed mobility monitoring
with sensor, video and EHR
data

was less agreement between the EHR
and video when some mobility types
occurred at higher frequencies.

Agreement Between

v

Excluded from analysis (n=2)
¢ Video corrupted (n=1)
e Sensor lost (n=1)

Accelerometer Versus
Clinician-Annotated Video
Examination of the accelerometer-
based sensors for measuring mobil-

Analysed (n=30)

h 4

Total hours of data analyzed =
711.5 hrs

ity type and duration demonstrated
excellent agreement for estimating
time spent supine (ICC, 0.99; 95% CI,
0.97-0.99) and upright (ICC, 0.92;
95% CI, 0.82-0.96), but poor agree-
ment for ambulation time (ICC, 0.01;
95% CI, 0.00-0.36), with the sen-
sor significantly overestimating the

Figure 1. Consort diagram for participant screening, enrollment, data collection, and analysis. EHR = electronic

health record.
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duration of ambulation (Table 3). In
our post hoc ambulation analyses,
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TABLE 2. Demographic and Clinical Characteristics for Participants

Participant Characteristics (n = 30) Value

Demographics
Age, mean (sp)
Female, n (%)
Race/ethnicity, n (%)
White, non-Hispanic
Non-white or Hispanic
ICU admission diagnosis, n (%)
Respiratory failure or respiratory-related illness
Cardiac-related illness
Sepsis-related illness
Neurologic-related illness

Metabolic-related iliness

Sequential Organ Failure Assessment score on ICU admission, mean (sb)

Health status and illness severity during study period
Days in ICU at time of enrollment, median (IQR)
ICU length of stay, d, median (IQR)

Hospital length of stay, d, median (IOR)
Patients discharged to home, n (%)
Patient deaths in ICU, n (%)

Patients mechanically ventilated, n (%)
Patients receiving vasopressor, n (%)

Patients receiving IV sedation, n (%)

Patients with delirium according to the Confusion Assessment Method for the ICU, n (%)

Patients with restraints, n (%)

62.2 (15.9)
17 (48.6)

15 (50)
15 (50)

16 (63.3)
3(10.0)
4(13.3)
3(10.0)
4(13.3)

6.5 (3.9)

2 (1-7)
54 (3-10)
13.6 (56-34)
14 (46.7)
2(6.7)
12 (40)
4(13.3)
9(30.0)
11 (36.7)
10(33.3)

Highest early mobility phase achieved during study period per patient recorded by video, n (%)

Phase 1: passive ROM exercises; sitting up in bed

Phase 2: active ROM exercises; sitting edge of bed

Phase 3: transfers from bed to chair; sitting in chair; standing, marching/sidestepping

Phase 4: ambulation

6 (20.0)
10(33.3)
9 (30.0)
5(16.7)

IQR = interquartile range, ROM = range of motion.

we found that agreement substantially improved between the two
methods when we expanded our ambulation definition to “standing
activities, including ambulation”, combining standing activities such
as marching in place with ambulation and excluded seven patients
who received percussion and/or oscillation chest therapy from the
cohort (ICC, 0.82; 95% CI, 0.63-0.92) (Supplemental Table 4,
Supplemental Digital Content 1, http://links.Iww.com/CCX/A153).

DISCUSSION
We conducted an observation study evaluating EHR documenta-
tion and accelerometer-based sensors for quantifying ICU early

Critical Care Explorations

mobility, comparing these two methods to a large, 700-hour gold
standard video dataset. We found EHR documentation accurately
quantified the frequency of turning, ambulation, and out-of-bed
sitting events but underestimated most other types of activity with
no ability to consistently measure activity duration. In comparison,
the accelerometer demonstrated excellent agreement for measur-
ing duration of time spent supine and sitting/standing upright but
overestimated ambulation time. Although neither method accu-
rately measured all aspects of ICU early mobility, together, the two
technologies provided complementary quantitative data on three
of four World Health Organization domains of activity assessment
(type, frequency, and duration) (7).
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TABLE 3. Agreement Between Video Annotation, Electronic Health Record Documentation and
Accelerometer-Based Actigraphy for Measuring Mobility Episode Frequency and Duration Per
Patient (n = 30)

EHR vs Video

Video (Gold Standard) EHR

Median (IQR) Frequency
of Events Per Patient

Median (IQR) Frequency
of Events Per Patient

IcC
(95% CI)

Wilcoxon Signed

ICU Activity Types Rank p

Turning and repositioning 0.87 (0.75-0.94) 9(4-12) 75 (1-12) 0.02
Range of motion exercises 0.29 (0.00-0.58) 1 (0-92) 1.5 (0—-4) 0.13
Sitting, in bed 0.06 (0.00-0.30) 0(0-2) 0 (0-0) <0.01
Sitting, out of bed 0.85 (0.72-0.93) 1(0-3) 1(0-2) 0.10
Transfers 0.06 (0.00-0.41) 2.5 (2-9) 1 (0-2) <0.01
Standing and pregait 0.05 (0.00-0.40) 0 (0-6) 0 (0-1) <0.01
Ambulation 0.89 (0.78-0.95) 0 (0-0) 0 (0-0) 0.16

Sensor vs Video Sensor

Video (Gold Standard)

ICC
(95% CI)

Median (IQR) hr
Per Patient

Median (IQR) hr
Per Patient

Wilcoxon Signed

ICU Activity Types Rank p

Supine 0.99 (0.97-0.99) 23.2 (20.0-25.9) 292.4 (19.9-24.9) 0.42
Sitting/standing upright 0.92 (0.82-0.96) 1.4 (0.2-3.9) 1.4 (0.2-2.6) 0.39
Ambulation 0.01 (0.00-0.36) 0.0 (0.0-0.0) 0.03 (0.0-0.3) <0.01

EHR = electronic health record, ICC = intraclass correlation coefficient, IQR = interquartile range.

p refers to Wilcoxon signed-rank tests to assess significant bias in over or under estimation of activity event frequency and duration.

Our study illustrates important barriers to the validity of EHR-
derived mobility data and highlights challenges for reuse down-
stream. With its widespread use and availability, EHR-derived
mobility data are the standards for clinical monitoring of ICU
mobility; however, concerns related to recording bias and data
heterogeneity potentially limit its use. Among the seven ICU early
mobility activity types and six activity subtypes we examined, eight
activity types/subtypes were captured with poor agreement, and
the frequency of eight activities was significantly underestimated
by EHR documentation (Supplemental Table 3, Supplemental
Digital Content 1, http://links.Iww.com/CCX/A153). Researchers
have also found bias toward underrepresentation of other ICU
healthcare interventions when comparing EHR documenta-
tion with ground truth (17, 29). Even if bias from EHR-derived
data is accounted for, substantial heterogeneity in documenta-
tion will make automation of ICU mobility data for secondary
use challenging. To estimate EHR-recorded activity, we searched
17 structured data fields across two flowsheet templates and six
note types from three different clinician groups to capture all the
potential locations and methods mobility might be recorded. The
flowsheet fields examined showed inconsistent recording of activ-
ity duration, frequent use of free-text comment entry associated
with a discrete flowsheet field, and the presence of multiple fields
to describe similar assessments or interventions. Our findings
are consistent with prior EHR data quality studies, highlighting
the need to streamline EHR data entry to decrease workarounds
and clinician documentation burden (30, 31) and to support the
assertion that bias and heterogeneity need to be addressed before
quantitative EHR-derived mobility data can be reliably used for
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longitudinal research, quality improvement, and clinical decision
support (32).

Accelerometer-quantified physical activity offers an alternative
solution for standardized collection, documentation, and integra-
tion of mobility data into the EHR. Accelerometer-based sensors
have demonstrated utility in a number of healthcare applications,
mostly in outpatient settings (33, 34). Despite several benefits,
accelerometers have specific challenges, including application of
sensors and algorithms tuned on one population and applied to
another, standardization of definitions used to classify activity
across devices, and development of clinical artifact recognition
algorithms to improve accuracy. In our study, accelerometer-
based estimation of ICU patient supine and upright time demon-
strated excellent agreement, however ambulation time performed
as well only after a number of conditions were applied during sec-
ondary analysis pertaining to artifact removal and activity defini-
tions. Similarly, research groups have found mixed results when
attempting to accurately quantify ICU mobility using activity sen-
sors. Excellent agreement has been found using accelerometers to
estimate standing/walking time among adult inpatients (35) and
sit-stand transitions among ICU survivors (36); however, ankle
versus wrist placement in another MICU study conflated activity
and sleeping time (37), and two 2005 studies found accelerome-
ters overestimated ICU activities (12, 38), which we also observed
with ambulation. Recent motion sensor systems have had success
accurately estimating ICU activity using a collapsed version of the
ICU Mobility Scale (39) and detecting out-of-bed transitions (40);
however, results from one system showed lower levels of accuracy
when estimating higher levels of ICU activity (41).
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Figure 2. Visual depiction of agreement in activity frequency between video and electronic health record (EHR)
estimations per patient, according to the Bland—Altman method. Each value represents the difference in activity
frequency estimates between the two methods (EHR minus Video) against the mean of the two methods. Points
above the y-axis zero line indicate overestimation by the EHR, and points below the x-axis zero line indicate
underestimation. The dotted lines represent the upper and lower limits of agreement (LoA) (£ 1.96 sp).

We also found that agreement between the sensor and our gold-
standard changed substantially depending on how mobility was
defined. Activity categorizations used in sensor-based monitoring
may differ from mobility measurement strategies important in clin-
ical practice, where manufacturers may have configured sensors in
ways that may not generalize equally to all patient populations or
clinical settings. Many accelerometers provide raw activity counts
dependent on conversion into clinically meaningful thresholds (12,
38) or intensity levels recommended for ambulatory populations
(42) that may not be relevant to inpatient populations, particularly
those with critical illness. We used an a priori ambulation defini-
tion based on ICU guidelines, whereas in our secondary analysis,
we used a combined definition of standing/ambulation more ger-
mane to prior activity monitoring studies (10, 35). With multiple
devices coming to market, the potential for differences in quantifi-
cation, and the increased secondary use of data for research, clini-
cal operations, and care planning, understanding the nuances and
bias in the accuracy of these data types are necessary.

Critical Care Explorations

sensor-derived data, but each has
limitations that may ultimately ben-
efit from complementary clinician-
and context-derived information.
Although novel technologies will
need to be carefully evaluated for
accuracy and generalizability, future research will also need to
address technical interoperability, usability, and effects on clini-
cian workflows to ensure EHR integration and successful clini-
cal adoption. Ultimately, more comprehensive quantification of
ICU early mobility will allow the effective estimation of a “dose”
of early mobility that will in turn enable clinicians in carrying
out and measuring the real-time effects of ICU early mobility
interventions.

Although our study is strengthened by its use of multiple data
sources and a robust gold standard dataset to evaluate quantitative
mobility in the ICU, a number of limitations should be noted. The
small, single-center nature of our study may limit generalizability
of our findings to other ICU patients and institutions with different
EHR configurations and documentation practices. Although our
sample size and monitoring period were larger than similar sen-
sor validation studies (12, 36, 38, 39, 41), 24 hours still provided a
limited view of ICU mobility, especially as higher levels of mobility
occur infrequently. The study was powered for a sample size of 32
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Fazio et al

participants; therefore, after loss of data for two subjects (Fig. 1),
the smallest difference between methods we could detect was 0.52
sDs rather than the target of 0.5. We also conducted the study with
only one accelerometer model and body placement. Because we
used a commercial sensor, we were limited in sensor configuration
and algorithm properties such as sampling rate, activity thresholds,
and artifact identification. It is possible we would have observed
different activity estimates using a different device, body place-
ment, and configuration settings. Last, our use of a single reviewer
to annotate video files and extract EHR data could have biased the
video annotation despite our use of a 2-month or more wash out
period between EHR data extraction and video annotation.

CONCLUSIONS

We validated two concurrent methods of measuring ICU mobility,
comparing each with a gold standard video dataset and found that
both were imperfect but complimentary. Although the EHR correctly
estimated the frequency of mobility types such as ambulation and
out-of-bed sitting events, the accelerometer-based sensors performed
with excellent agreement for quantifying time spent supine and sit-
ting/standing upright. Given the multifaceted construct of measuring
ICU mobility, an individual measurement tool may not be sufficient
to accurately and reliably measure all features, including type, dura-
tion, frequency, and intensity of mobility, and instead a combined
measurement approach may be more suitable. Future research
should focus on EHR mobility documentation workflows to improve
the validity and reliability of the recorded data while preserving cli-
nician efficiency, automation of data abstraction, and video analysis
through machine learning, and on the development of advanced sen-
sor algorithms capable of detecting the low levels of activity typical
of ICU mobility while also removing clinical artifacts that may con-
tribute to inaccuracies. These advances will enable further research
into potential dose-response relationships between ICU early mobil-
ity interventions and patient outcomes and stimulate development of
technology-leveraged, data-driven ICU models of care.

ACKNOWLEDGMENTS

We graciously acknowledge the patients, families, MICU nurses,
physical therapists, and physicians who participated in and con-
tributed to this study. We also wish to thank members of the UC
Davis Critical Care Informatics Laboratory, I'T Health Informatics,
Gordon and Betty Moore Foundation, and Dr. Irene Cortés-Puch,
for her thoughtful review of and contributions to this article.

All authors contributed to the design of the study. Drs. Fazio, Doroy, Da Marto,
and Adams oversaw implementation of the study and participated in partici-
pant recruitment, data collection, and analysis. Dr. Taylor provided support
in statistical analysis. Dr. Fazio wrote the article. All authors provided editing,
critical revisions, and final approval of the article.

Supplemental digital content is available for this article. Direct URL citations
appear in the HTML and PDF versions of this article on the journal's website
(http://journals.lww.com/ccejournal).

Supported, in part, by the UC Davis Betty Irene Moore School of Nursing,
the UC Davis Clinical and Translational Science Center (National Center for
Advancing Translational Sciences, UL1 TR000002), the National Heart, Lung,
and Blood Institute (T32 HLO07013) and through donation of accelerome-
ters by Leaf Healthcare Inc. This study is an investigator-initiated study. Leaf

8 www.ccejournal.org

Healthcare Inc. provided limited hardware and technical support to conduct
the study using their sensors.

The authors have disclosed that they do not have any conflicts of interest.
For information regarding this article, E-mail: safazio@ucdavis.edu

The content is solely the responsibility of the authors and does not necessarily
represent the official views of the National Institutes of Health.

REFERENCES
1

. Adler J, Malone D: Early mobilization in the intensive care unit: A sys-
tematic review. Cardiopulm Phys Ther J 2012; 23:5-13

2. Bernhardt J, Langhorne P, Lindley RI, et al: Efficacy and safety of very
early mobilisation within 24h of stroke onset (AVERT): A randomised
controlled trial. Lancet 2015; 386:46-55

3. Denehy L, Skinner EH, Edbrooke L, et al: Exercise rehabilitation for
patients with critical illness: A randomized controlled trial with 12
months of follow-up. Crit Care 2013; 17:R156

4. Morris PE, Berry MJ, Files DC, et al: Standardized rehabilitation and
hospital length of stay among patients with acute respiratory failure: A
randomized clinical trial. JAMA 2016; 315:2694-2702

5. Moss M, Nordon-Craft A, Malone D, et al: A randomized trial of an
intensive physical therapy program for patients with acute respiratory
failure. Am ] Respir Crit Care Med 2016; 193:1101-1110

6. Cheung VH, Gray L, Karunanithi M: Review of accelerometry for deter-
mining daily activity among elderly patients. Arch Phys Med Rehabil
2011; 92:998-1014

7. Cavill N, Kahlmeier S, Racioppi F: Physical activity and health in Europe:
Evidence for action. WHO Regional Office for Europe, Copenhagen,
Denmark.2006. Available at: http://www.euro.who.int/__data/assets/
pdf_file/0011/87545/E89490.pdf. Accessed March 30, 2020,

8. Asan O, Montague E: Using video-based observation research meth-
ods in primary care health encounters to evaluate complex interactions.
Inform Prim Care 2014; 21:161-170

9. Verceles AC, Hager ER: Use of accelerometry to monitor physical
activity in critically ill subjects: A systematic review. Respir Care 2015;
60:1330-1336

10. Anderson JL, Green A]J, Yoward LS, et al: Validity and reliability of accel-
erometry in identification of lying, sitting, standing or purposeful activity
in adult hospital inpatients recovering from acute or critical illness: A
systematic review. Clin Rehabil 2018; 32:233-242

11. McCullagh R, Brady NM, Dillon C, et al: A review of the accuracy and
utility of motion sensors to measure physical activity of frail, older hospi-
talized patients. ] Aging Phys Act 2016; 24:465-475

12. Winkelman C, Higgins PA, Chen Y]J: Activity in the chronically critically
ill. Dimens Crit Care Nurs 2005; 24:281-290

13. Taraldsen K, Askim T, Sletvold O, et al: Evaluation of a body-worn sensor
system to measure physical activity in older people with impaired func-
tion. Phys Ther 2011; 91:277-285

14. Cusack CM, Hripcsak G, Bloomrosen M, et al: The future state of clini-
cal data capture and documentation: A report from AMIA'S 2011 policy
meeting. ] Am Med Inform Assoc 2013; 20:134-140

15. Varkey P, Cunningham J, O’Meara ], et al: Multidisciplinary approach to
inpatient medication reconciliation in an academic setting. Am J Health
Syst Pharm 2007; 64:850-854

16. Baldwin KB: Evaluating healthcare quality using natural language pro-
cessing. ] Healthc Qual 2008; 30:24-29

17. Vawdrey DK, Gardner RM, Evans RS, et al: Assessing data quality in man-
ual entry of ventilator settings. ] Am Med Inform Assoc 2007; 14:295-303

18. American Association of Critical Care Nurses: Early Progressive Mobility
Protocol: Executing Evidence-Based Progressive Mobility In the ICU,
2013, Available at: https://www.aacn.org/docs/EventPlanning/WB0007/
Mobility-Protocol-szh4mr5a.pdf. Accessed April 29, 2016

19. Norman GR, Sloan JA, Wyrwich KW: Interpretation of changes in health-
related quality of life: The remarkable universality of half a standard devi-
ation. Med Care 2003; 41:582-592

2020 ¢ Volume 2 * e0091


http://journals.lww.com/ccejournal
mailto:safazio@ucdavis.edu
http://www.euro.who.int/__data/assets/pdf_file/0011/87545/E89490.pdf
http://www.euro.who.int/__data/assets/pdf_file/0011/87545/E89490.pdf
https://www.aacn.org/docs/EventPlanning/WB0007/Mobility-Protocol-szh4mr5a.pdf
https://www.aacn.org/docs/EventPlanning/WB0007/Mobility-Protocol-szh4mr5a.pdf

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Leaf Healthcare: Leaf Mobility Continuum, 2017. Available at: http://leaf-
healthcare.com/pdfs/LH_Mobility_Continuum_041817.pdf. ~ Accessed
May 22, 2019

Harris PA, Taylor R, Thielke R, et al: Research electronic data capture
(redcap)-a metadata-driven methodology and workflow process for pro-
viding translational research informatics support. ] Biomed Inform 2009;
42:377-381

Morris PE, Goad A, Thompson C, et al: Early intensive care unit mobility
therapy in the treatment of acute respiratory failure. Crit Care Med 2008;
36:2238-2243

Pitta F, Troosters T, Spruit MA, et al: Activity monitoring for assessment
of physical activities in daily life in patients with chronic obstructive pul-
monary disease. Arch Phys Med Rehabil 2005; 86:1979-1985

Fazio S, Doroy A, DaMarto N, et al: Videography in the ICU: Development
of a coding scheme to quantify physical activity. In: Communicating
Nursing Research Conference. Western Institute of Nursing, Spokane,
Washington, April 13, 2018

Shrout PE, Fleiss JL: Intraclass correlations: Uses in assessing rater reli-
ability. Psychol Bull 1979; 86:420-428

Giavarina D: Understanding bland altman analysis. Biochem Med
(Zagreb) 2015; 25:141-151

Cohen J: A coefficient of agreement for nominal scales. Educ Psychol
Meas 1960; 20:37-46

Statacorp: Stata Statistical Software: Release 13. College Station, TX,
StataCorp LP, 2013

Collins SA, Bakken S, Vawdrey DK, et al: Agreement between common
goals discussed and documented in the ICU. ] Am Med Inform Assoc
2011; 18:45-50

Blijleven V, Koelemeijer K, Wetzels M, et al: Workarounds emerging from
electronic health record system usage: consequences for patient safety,
effectiveness of care, and efficiency of care. IMIR Hum Factors 2017; 4:e27
Payne TH, Corley S, Cullen TA, et al: Report of the AMIA EHR-2020 Task
Force on the status and future direction of EHRs. JAMIA 2015;22:1102-1110

Critical Care Explorations

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Methodology

Chan KS, Fowles JB, Weiner JP: Electronic health records and the reliabil-
ity and validity of quality measures: A review of the literature. Med Care
Res Rev. 2010; 67:503-527

Evenson KR, Wen E Metzger JS, et al: Physical activity and sedentary
behavior patterns using accelerometry from a national sample of United
States adults. Int ] Behav Nutr Phys Act 2015; 12:20

Tan MKH, Wong JKL, Bakrania K, et al: Can activity monitors predict
outcomes in patients with heart failure? A systematic review. Eur Heart |
Qual Care Clin Outcomes 2019; 5:11-21

Brown CJ, Roth DL, Allman RM: Validation of use of wireless monitors to
measure levels of mobility during hospitalization. ] Rehabil Res Dev 2008;
45:551-558

Baldwin CE, Johnston KN, Rowlands AV, et al: Physical activity of ICU
survivors during acute admission: agreement of the activpal with obser-
vation. Physiother Can 2018; 70:57-63.

Kamdar BB, Kadden DJ, Vangala S, et al: Feasibility of continuous actig-
raphy in patients in a medical intensive care unit. Am J Crit Care 2017;
26:329-335

Grap MJ, Borchers CT, Munro CL, et al: Actigraphy in the critically ill:
Correlation with activity, agitation, and sedation. Am J Crit Care 2005;
14:52-60

Ma AJ, Rawat N, Reiter A, et al: Measuring patient mobility in the ICU
using a novel noninvasive sensor. Crit Care Med 2017; 45:630-636
Yeung S, Rinaldo F, Jopling J, et al: A computer vision system for deep
learning-based detection of patient mobilization activities in the ICU.
NPJ Digit Med 2019; 2:11

Rawat N, Rao V, Peven M, et al: Comparison of automated activity recog-
nition to provider observations of patient mobility in the ICU. Crit Care
Med 2019; 47:1232-1234

Centers for Disease Control and Prevention: US Department of Health
and Human Services Physical activity guidelines for Americans. Atlanta,
GA, Centers for Disease Control and Prevention (CDC), National Center
for Chronic Disease Prevention and Health Promotion, 2008, 6-17

www.ccejournal.org 9


http://leafhealthcare.com/pdfs/LH_Mobility_Continuum_041817.pdf
http://leafhealthcare.com/pdfs/LH_Mobility_Continuum_041817.pdf

