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ABSTRACT

Pressure injuries are costly to the healthcare system and mostly preventable, yet incidence rates remain high. Recommendations for improved care and prevention of
pressure injuries from the Joint Commission revolve around continuous monitoring of prevention protocols and prompts for the care team. The E-scale is a bed
weight monitoring system with load cells placed under the legs of a bed. This study investigated the feasibility of the E-scale system for detecting and classifying
movements in bed which are relevant for pressure injury risk assessment using a threshold-based detection algorithm and a K-nearest neighbor classification
approach. The E-scale was able to detect and classify four types of movements (rolls, turns in place, extremity movements and assisted turns) with > 94% accuracy.
This analysis showed that the E-scale could be used to monitor movements in bed, which could be used to prompt the care team when interventions are needed and

support research investigating the effectiveness of care plans.

1. Introduction

Pressure injuries are costly, dangerous, and mostly preventable
complications that occur in nursing homes, hospitals, and the home.
People with pressure injuries are generally more than two and a half
times as likely to die as those without pressure injuries [1,2]. The
average cost for treating a pressure injury was reported to be $38,000
[2], which equates to $11 billion annually to the US healthcare system
[3]. In the US, the incidence of pressure injuries has been reported as
3.3% in intensive and progressive care units [4], 5.1% (stage 2 and
above) in community-based nursing homes [5], and 4% in VA Com-
munity Living Centers [6]. These numbers are similar or larger inter-
nationally. One review found the incidence of pressure ulcers to be 16%
in Norway, 11% in Ireland, 1.8% in Denmark, and 20% in Sweden [7].

Pressure injuries normally occur over bony prominences that are in
contact with beds and chairs with locations being indicative of the
etiology. Typical sites of pressure injuries from lying on the back would
be the back of the head, sacral area and back of the heel while typical
sites of pressure injuries from lying on the side are the ear, outsides of
the shoulder, hip, knees and ankles. Typical pressure injury sites from
sitting up in a chair are the ischial tuberosities, bottom of the heel, and
balls of the feet [8].

The Braden Scale is a tool to predict the risk of development of
pressure injuries along with the Norton and Waterlow Scales [9]
[4,10-12]. The Braden Scale has six sub-scores, and each sub-score has
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four levels, except for friction and shear, which only has three levels.
The total score can range from 6 (highest risk) to 23 (lowest risk). To
determine whether the predictive value can be improved, researchers
have performed secondary analyses on Braden Scale sub-scores and
other patient-related factors. These studies have revealed that while all
sub-scores are significant predictors of pressure injuries, some are
substantially more powerful than others [4,13]. Tescher et al. (2012)
found that the strongest predictor, by far, is the friction and shear sub-
score. Patients with a score of 1 (requires moderate to maximum as-
sistance in moving ...) on friction and shear were 126 times more likely
to develop a pressure injury compared to those with a score of 3 (moves
in bed and in chair independently ...) [4]. Those with a score of 2
(moves feebly or requires minimum assistance ...) were 8 times more
likely to develop a pressure injury than those with a score of 3 [4].
Similar hazard scores were noted with the activity sub-score (4.25 times
more likely with a 2 (chairfast) vs. 3 (walks occasionally) or 4 (walks
frequently)), and mobility sub-score (~ 3 times more likely with a 1 or 2
(none or occasional slight changes in body position) vs. 3 (frequent
slight changes) or 4 (frequent major changes)) [4]. These important
sub-scores are all related to mobility and movement.

When risk for a pressure injury is established, typically signaled by a
Braden score of <18, a series of strategies are put in place to try to
address and reduce that risk. The most recent guidelines indicate four
categories related to prevention: skin care, nutrition, repositioning and
mobilization, and education [14]. The most intensive part of the
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prevention plan is related to repositioning and mobilization, because it
often recommends a clinician to turn the patient every two hours while
in bed. Adherence with these prevention protocols is low, likely because
they require intense effort of the already over-extended clinical staff.
Studies, for instance, have indicated adherence ranging from 4.4% [15]
to 41% [16]. Adherence related specifically to turning was estimated to
be 32% [2] in a study of 835 patients in 35 of the VA's Community
Living Centers. These low adherence rates put people at risk for pre-
ventable pressure injuries and should be addressed. A research team
investigating the barriers to successful implementation of the pressure
injury prevention guidelines published by the Joint Commission [17]
list four recommendations to improve pressure injury prevention pro-
tocols.

1. Observe turning practices to gain specific information about pro-
blems with maintaining turning schedules and explore with staff
why adherence may be problematic.

2. Evaluate whether a two-hour turning schedule is indicated for all
patients or whether there should be a plan to individualize patient-
specific turning schedules.

3. Provide a prompt (for example, music, screen saver, timekeeper) to
remind the nursing care team to reposition patients.

4, Consider the development of a special team to reposition and mo-
bilize patients.

The first 3 of these recommendations can be accomplished by
continuous monitoring of the person's motion in bed and then using
that data to determine the best turning schedules and to prompt the
nursing care team based on that schedule. Zimlichman et al. (2011)
used an EverOn system (Earlysense LTD, Ramat Gan, Israel) to con-
tinuously monitor motion in bed and found that motion was sig-
nificantly related to pressure injury risk based on Norton Scale (similar
to Braden Scale) [18]. Other Researchers have used load cell technology
under the legs of beds to monitor movements in bed for sleep quality
and classifying large and small movements [19,20]. Table 1 details two
such studies.

Adami et al. (2005) used a two-algorithm approach where one al-
gorithm detects a movement in bed and the other classifies the move-
ments as large or small [19]. The movement detection algorithm found
times where the energy (short-term mean square differences) of the
load cell signals was above a threshold. Movement intervals less than
3s apart were combined to be one movement. The window size and
thresholds were optimized by testing multiple values and identifying
the ones with the best results. The classification algorithm used a wa-
velet based multiresolution analysis of the data and then a Bayesian
combination rule. They achieved a 2.9% equal error rate for the event
detection algorithm and 94-96% correct classification rate for the
classification algorithm.

Alaziz et al. (2016) investigated 3 different feature extraction
methods (Log-Peak, Energy-Peak and Zero-X Valley) from the load cell
signals and then used a threshold-based approach to detect and classify
movements as large or small [20]. They found that using the Log-Peak
method, they were able to detect movements at a 6.3% error rate and

Table 1
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Fig. 1. Photo of E-scale display and 4 sensors which are placed under the bed
legs. The 4 sensors each are short and wide cylinders which resemble hockey
pucks. The display is a box with a small screen that resembles a digital alarm
clock.

classify them as large or small movements with a 4.2% error rate.
Zimlichman et al. (2011) demonstrated the clinical feasibility of
continuous monitoring and Adami et al. (2005) and Alaziz (2016) have
demonstrated that general motion features can be extracted from load
cell data but currently there is no evidence that motion related to
pressure injury risk can be extracted from load cell data. Therefore, the
goal of this study was to evaluate the feasibility of using load cell
technology (E-Scale) to support pressure injury prevention by de-
termining whether load cells can provide insight into when and what
type of position changes occur for an individual in bed. The E-scale is a
set of load cell sensors that are placed under the legs of a bed and was
designed to be able to weigh someone who is getting into or out of bed
[21]. The E-scale was developed at our research laboratory by the au-
thors and has been licensed to a company (Nexaware.com) with plans
of commercialization. It has an accuracy of 1.7 Ibs. and a precision of
0.4 1bs [21]. A photo of the E-scale is provided in Fig. 1. Continuous
automated movement monitoring tools will improve the assessment of
risk, early identification of changes in risk and monitoring of turning
schedules. This work extends the previous work of classifying large vs.
small motions by Adami et al. (2005) and Alaziz et al. (2016), by in-
vestigating whether E-Scale data can be used to identify position
changes that are clinically known to be pressure redistributing.

2. Methods
2.1. Subjects and study protocol

Ten able-bodied subjects were recruited into this IRB-approved pilot
study to complete a movement protocol while lying on a full-size bed
with an E-Scale placed underneath each of four supports. The first
movement protocol included a total of 62 independent movements of a
combination of rolling, turning in place, and extremity movements. A
fourth movement was added for five subjects where a clinician with
experience in repositioning protocols [22] turned participants from
their back to side (and vice versa) lying with a 30-degree positioning
wedge placed behind the subject's torso and a bed pillow placed be-
tween their legs. This was added mid-way through the study to include

Summary of movement studies. This table describes summaries of the two studies described in the text: Adami et al. (2005) and Alaziz et al. (2016).

Study Goal Technology

Methods Achieved

Load cells under each
bed leg

Adami et al. (2005) Detect movement in bed and classify

them as large and small

Load cells under each
bed leg

Alaziz et al. (2016)  Detect movement in bed and classify

them as large and small

Detection: Identify windows where mean square Detection: 2.9% equal error
differences is above threshold rate

Classification: Wavelet based multi-resolution Classification: 94-96%
analysis with Bayesian rule correct

Feature extraction of load cell data using Log-Peak, Detection: 6.3% error rate
Energy-Peak, and Zero-X Valley. Classification: 4.2% error rate
Detection and Classification: threshold approach to

feature data
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Table 2
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Pressure risk pilot study protocol. This table list the movements that were performed, descriptions of the movements, the timing and number of movements.

Movement Description

Number and Timing

Rolling
Turn in place (rotate)
Extremity movements while supine

Rolling from back to side
hip contact location
Random generated movements

Assisted turn from back to side lying with positioning
wedge”

Rotate from back to side while staying at the same location on the bed
Movement of a single extremity (leg or arm) without changing position on bed or

Random set of rolling, turn in place, and extremity movements

Clinician rolled person from back to side lying using a 30-degree positioning
wedge behind torso and pillow between legs

16 movements with 10s between
16 movements with 10 s between
15 movements with 10s between

Up to 15 movements with 10's
between”
16 movements with 10s between

@ Only 5 of the 10 subjects performed this movement. Since it was done at a different time, we also had each of them complete the other 3 movements again 2

times each.

> The random set of 15 movements included a different assisted turn without a wedge, which was removed from analysis as it is not as realistic as an assisted turn
with a wedge. Also, one participant's scale broke during the trial which resulted in lower numbers of movements.

Beginning Position After Roll

After Turnin Place

Fig. 2. Depictions of positions after each movement. The
first picture is the beginning position for all movements

and depicts a person lying supine with arms at the sides
in the middle of a bed. The second picture is the position
after a roll and depicts the person in a lateral position
towards the left side of the bed. The third picture is the
position after a turn in place and depicts the person in a
lateral position in the middle of the bed. The fourth pic-
ture is the position after an extremity movement and
depicts a person lying supine with one arm extended out
to the side in the middle of the bed. The last picture is the
position after an assisted turn and depicts the person

After Extremity Movement After Assisted Turn

Wedge

v

non-independent position changes to the protocol. The list and order of
movements performed during the protocol is described in Table 2. The
participants were instructed to remain still in each position for 10s.
Example drawing depictions of the changes in positions from before and
after the 4 movements are shown in Fig. 2. The data collection sessions
were video recorded, so the absolute timing of the movements could be
synced with the measurements.

3. Data analysis
3.1. Event detection

The E-scale recorded the weight on the four individual bed legs at
approximately 33 Hz. This frequency was chosen based on processing
capabilities and to be on par or higher than the previous bed movement
studies which sampled at 10 Hz (Adami et al.) and 30 Hz (Alaziz et al.).
The data were then combined to determine a total weight and a weight
for each side of the bed as shown in Table 3 and Fig. 3.

An initial algorithm detected an “event”, which was anytime a
movement occurred. This algorithm was designed to identify events
where the total weight on the bed deviated by an amount greater than a
specified threshold (T) during a specified window of data (W). W and T
were varied to find the most accurate event detection equations. Since
movements are dynamic and require a force to cause the motion, this
algorithm only used the total weight data set described in Table 3. The

lying between a lateral and supine position. It depicts a
foam wedge placed under the person's back and a pillow
placed between the person's knees.

Table 3

E-scale sensor data streams used for algorithms. This table is used in
conjunction with Fig. 3 to show how the weight data from the E-scale
is used. It shows that the total weight variable is determined by
summing the weights from all four E-scale sensors. Side 1 weight is
determined by summing the weight from the E-scale sensors on the
left side of the bed and Side 2 weight is determined by summing the
weight from the E-scale sensors on the right side of the bed.

Weight Variable Sum of weight from sensors

Total weight 1,2,3,4
Side 1 1,2
Side 2 3,4

algorithm is applied at each individual total weight data point of the E-
scale, meaning the windows significantly overlap. For the entire string
of data, every window of data was classified as above the threshold or
below the threshold.

After the data string was classified as above or below the threshold,
all successive windows classified as above the threshold were combined
to be a single event which started at the end of the first window above
the threshold and ended at the beginning of the last window above the
threshold. This was done to identify steady-state periods before and
after events. Accuracy was determined by how many of the total
movement timestamps were within a window of a determined event.
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Side 1 Side 2

Fig. 3. Depiction of E-scale sensor placement under the 4 corners of the bed.
The picture is a rectangle with side 1 labeled on the left side and side 2 labeled
on the right side. The numbers 1-4 are labeled on the corners starting at the top
left and going counter clockwise to the top right.

Accuracy was defined as a one-to-one match, meaning the event de-
tected only had one movement timestamp in its window and the
timestamp was only in one event window.

3.2. Event classification

A second algorithm was developed to classify the events by type of
movement. The data that were used from the E-scale for the algorithm
development are listed in Table 4. These data all relate to a specific
movement, which is why there was the 10s rest period between
movements in the protocol. Fig. 4 shows a sample of two movements
with the data identified.

A K-nearest neighbor approach [23] was used to evaluate the pre-
diction algorithm. For the training set for the algorithm, we used two
standard approaches. The first is called ‘leave-one-out’ which uses all
other data points to classify each individual movement [24,25]. The
second used a random selection of 5 movements from each of the 4
movement types performed by each subject. That created a total of 175
movements in the training set (50 for each of the roll, turn in place and
extremity movements and 25 of the assisted turns, which were only
completed by 5 subjects). This analysis was conducted 10 times since
the training data is randomly selected and is different for each trial. The
accuracy of the algorithm was then evaluated with the remaining data
points. Both approaches used a standardized Euclidean distance of all
three variables to find the closest K neighbors. The K neighbors were
then weighted by the inverse of the distance and the movement with
the largest sum of weights was chosen as the classification. A para-
metric study was conducted on the number of K neighbors that would
result in the highest accuracy, with K varied from 1 to 25. The per-
centage of data points that were classified correctly was determined for
each approach. The goal was for the event detection algorithm and the
classification approaches to be greater than 90% accurate.

Table 4
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4. Results
4.1. Movement detection

686 movements were completed by the 10 subjects. The variables W
and T were varied from 3 s to 8 s and from 5 lbs. to 10 Ibs, respectively.
The movement detection accuracies for these parameters are shown in
Table 5. The combination of W =6 or 7s and T = 7 lbs. gave the
highest accuracy at 97.7%. Of the 16 total movements missed with that
configuration, 13 were from the extremity movements category in
Table 2.

4.2. Movement classification

Using the 670 movements that were detected, two different classi-
fication approaches were conducted. The ‘leave one out’ analysis was
conducted with K varying from 1 to 25. Table 6 indicates the classifi-
cation accuracies for all values of K for these two analyses. The max-
imum accuracy of the leave one out analysis was 96.4% when K = 9
and 10 and the minimum was 95.8%. The random training set analysis
resulted in the highest accuracy of 96% when K = 16 and the minimum
was 94.8%. The range of accuracy only varied < 2% across all values of
K for both analyses.

Table 7 shows the classifications broken down by movement for the
random analysis when K = 16. All movements were classified correctly
more than 91% of the time. The only misclassification that occurred
more than 2% of the time was when independent turns in place and
assisted turns were misclassified as each other. Two-dimensional plots
comparing the four movements over the three variables (defined in
Table 4) are shown in Fig. 5. These plots show the clustering of data.

5. Discussion

These results indicate that using load cells under the legs of a bed
can be used to detect and classify movements in bed. The movements
were classified into 4 categories: roll, turn in place, extremity move-
ments and assisted turn. Overall, 670 out of 686 (97.7%) of movements
were detected. The lowest detected movement was the extremity
movements which were detected at a rate of 93.2% The movements
could also be aggregated to be classified as pressure redistribution
movements or non-pressure redistribution movements. Since the rolls
and turns in place were full rotations (back to side) and the assisted
turns were conducted in the same manner as recommended turning and
positioning protocols, they would all be considered effective pressure
redistribution movements [22]. The extremity movements would not
effectively redistribute pressure from one part of the pelvis or body to
another since the person's overall posture did not change [22]. The
sensitivity and specificity of the extremity movements vs. any other
classification was 95.0% and 99.2%, respectively.

The optimal movement detection algorithm detected 97.7% of the
movements. Of the 16 movements that were not detected, 13 of them
were extremity movements which means the algorithm was 99.6%
accurate in detecting movements which redistribute pressure around
the pelvis. Two of the other 3 movements were assisted turns and were
detected, but as two movements (one for the roll and wedge placement
and another for pillow placement). The last movement was a roll that

Variables extracted from the E-scale for pressure risk pilot study. This table is used in conjunction with Fig. 4 describes the three variables used for
classification of the data and the rationale for why the variables were chosen.

Data from each Movement Rationale

Weight Variance (standard deviation)
Duration of movement (time)
Percent change in center of mass

Shows consistency of forces during movement (a smooth movement vs. large force change)
Shows how long the movement lasted
Shows how far the position of the person changed across the bed

10
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Fig. 4. Plot of total weight and side 1 weight with variable
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data identified. This plot has time as the x-axis variable and
weight as the y-axis variable. Two streams of data are shown.
Total weight is centered at approximately 150 lbs. and side 1
weight is centered at approximately 75 lbs. Two portions of
the plot are identified by verticle lines (one before and one
after) showing two movements. The vertical line before is
labeled start of movement and the vertical line after is la-
beled end of movement. A horizontal double arrow line be-

0 o tween the line before and the line after is labeled time of
60 \,\_ movement. A vertical double arrow line from the minimum
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Table 5 Table 7

Results of movement detection parameters. This table shows the accuracy of the
event detection algorithm when the threshold variable is varied from 5-10 Ibs.
and the window variable is varied from 3-8 seconds. The maximum accuray
(97.7%) is when the threshold is 7 lbs. and the window is 6 or 7 seconds.

Accuracy of event detection Threshold (T) in Ibs.

5 6 7 8 9 10
Window (W) in seconds 3 73.5% 91.5% 90.4% 81.3% 72.9% 67.2%
4 64.0% 92.4% 92.6% 82.5% 73.9% 68.1%
5 57.6% 94.3% 96.2% 86.0% 77.3% 71.1%
6 50.7% 93.7% 97.7% 88.2% 80.0% 73.0%
6.3 50.1% 92.9% 97.4% 88.3% 80.3% 73.3%
6.5 49.6% 92.6% 97.4% 88.3% 80.5% 73.5%
6.7 48.4% 92.4% 97.5% 88.5% 80.5% 73.5%
7 47.4% 90.8% 97.7% 88.5% 80.8% 73.3%
8 45.0% 84.8% 96.4% 88.3% 81.2% 74.5%

Table 6

Accuracy of Classifications as a function of different K nearest-neighbors. This
table shows the accuracy of the 'Leave on out' and Random approaches for K
values from 1-25.

K Accuracy
Leave one out Random

1 95.8% 94.9%
2 95.8% 94.8%
3 95.8% 95.6%
4 96.3% 95.9%
5 96.3% 95.9%
6 96.0% 95.5%
7 96.1% 95.5%
8 96.3% 95.9%
9 96.4% 95.6%
10 96.4% 95.6%
11 96.3% 95.7%
12 96.3% 95.5%
13 96.0% 95.8%
14 96.0% 95.9%
15 96.1% 95.5%
16 96.0% 96.0%
17 96.1% 95.6%
18 96.0% 95.8%
19 96.0% 95.4%
20 95.8% 95.4%
21 96.0% 95.7%
22 96.0% 95.7%
23 96.0% 95.3%
24 96.0% 95.8%
25 95.8% 95.8%

11

Classification accuracy by movement. This table shows a matrix of the per-
centages of how each of the four actual movements were classified. The im-
portant data is described in the text.

Actual Movement Classified as

Roll Turn in place Extremity Assisted turn
Roll 98.5% 0.0% 0.4% 1.1%
Turn in place 0.0% 95.7% 0.8% 3.5%
Extremity 1.9% 2.0% 95.0% 1.1%
Assisted turn 0.0% 6.4% 1.8% 91.8%

was so smooth, that the total weight never fluctuated by more than the
7-pound threshold.

The classification of the movements using a K-nearest neighbor
approach resulted in 94.8% or higher accuracy for all permutations.
The ‘leave one out’ approach is thought of as an optimistic approach
[24], but the random training set analysis also showed high accuracy
for classification. Varying the value of K had a small effect on the ac-
curacy of the classification, which means the variables are highly
clustered. Combining the optimal movement detection and movement
classification parameters, 646 out of 686 movements (94.2%) were
detected and classified correctly.

The highest misclassification was between turns in place and as-
sisted turns. This is a result of the data for assisted turns being the least
clustered and the overlapping of clusters seen in Fig. 5. Clinically, it is
unlikely that someone who is capable of performing a turn in place,
which requires lifting portions of the body off of the mattress, would be
in need of assisted turns. However, secondary analyses could be de-
veloped to better distinguish these two movements. One such approach
would be to identify movements that were classified with low certainty
(i.e. the total weighted classification of the first and second most likely
classifications were close). Then the analysis could be reconducted
using only the nearest neighbors of those two classifications or the
variable which most highly distinguishes those two movements could
be weighted more heavily.

Other technologies have been developed to attempt to monitor
pressure in the bed. Some are real-time pressure monitors which display
areas of high pressure to clinicians for interventions, such as the
ForeSitePT from Xsensor (xsensor.com) which is a pressure mapping
mattress overlay [26]. Another sensor, the Leaf sensor (leafhealthcare.
com), is adhered to a person's chest and monitors the angle of their
torso over time [27]. The E-scale could be another option along with
these technologies which works with most any bed, yet is non-contact
and does not impact the pressure-redistributing surface characteristics.
It also has the dual purpose of measuring weight.
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Duration of Movement VS. Variance
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Fig. 5. Scatter plots of four movements comparing the
three variables. This picture shows three plots comparing
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6. Limitations

Generalization of the results from this study is limited because it
was conducted with able-bodied people performing prescribed move-
ments on one type of bed. People in nursing homes or assisted living
facilities who are at risk for pressure injuries may not be capable of
performing some of these movements, such as the turns in place. Also,
this study only had one person performing the assisted turns, and
techniques may vary by facility and/or by clinician assisting with re-
positioning. Future studies should expand this research by conducting
studies in the real-world environment.

7. Conclusion

This pilot study found that the E-scale could detect and classify four
movements (rolls, turns in place, extremity movements, and assisted
turns) with greater than 94% accuracy. This shows that the E-scale has
good feasibility for detecting and classifying movements occurring in
the bed. With some further research, it could be used in facilities to
continuously monitor movements in bed to evaluate pressure injury risk
and compliance with pressure injury prevention protocols.
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