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Abstract—We propose a new method to record contextual
information associated with a blood-pressure reading using a
tablet’s touchscreen and accelerometer. This contextual information can be used to verify that a patient’s lower arm remained well-supported and stationary during her blood-pressure
measurement. We found that a binary support vector machine
classifier could be used to distinguish different types of lowerarm movements from stationary arms with 90% accuracy overall.
Predetermined thresholds for the accelerometer readings suffice
to determine whether the tablet, and therefore the arm that
rested on it, remained supported. Together, these two methods
can allow mHealth applications to guide untrained patients (or
health workers) in measuring blood pressure correctly.

I.

Our method works as follows:
1)
2)
3)
4)

5)

I NTRODUCTION

As low-cost smartphones and tablets become commonplace
in the developing world, mobile data collection apps are
increasingly used for health services in the field and for public
health monitoring [1], [2]. Mobile apps that interface with
personal medical sensors have proven particularly effective
for community health-data collection [3]. Any mHealth data
collection system should include contextual information, wherever pertinent, along with the medical readings to enhance
fidelity of the health data, as proposed by Prasad et al. in their
provenance framework for mHealth [4].
In this paper, we focus on including contextual information
associated with a blood-pressure measurement. Research has
indicated that health workers are more prone to error in bloodpressure measurement than certified nurses who are themselves
more prone to error than physicians [5], [6]. Therefore, it
is useful to integrate a correcting component with mHealth
data-collection systems to guide non-clinical workers in the
field while they measure a patient’s blood pressure and to
record contextual data about the blood-pressure reading. We
present a method to monitor lower-arm support and movement
during blood-pressure measurement using an Android tablet’s
touchscreen interface and built-in accelerometer and without
the use of dedicated sensors for monitoring blood-pressure
(BP) posture. We chose to work with the Android-based
tablets because several mHealth data collection solutions have
already been built on this open-source framework [1], [7], [8].
Furthermore, we expect that Android tablets will be deployed
widely for health data collection since the form factor of tablets
are more conducive to data collection and tablet sales have
already surpassed personal computer sales in some developing
countries [9], which could further enable large-scale, costeffective mHealth deployments.

6)

A health worker attaches an electronic BP cuff to a
patient’s arm.
The patient’s lower arm is lowered onto the tablet
touchscreen, with the palm facing upward.
Our app initiates the BP measurement using wireless
communication to the cuff.
Our app monitors the tablet’s acceleration along x, y
and z axes to determine whether the arm remained
supported for the duration of blood-pressure measurement.
Our app monitors touch events on the tablet’s touchscreen to monitor the position and movement of the
lower arm.
Our app uses a pre-trained binary support vector machine (SVM) classifier to analyze touchscreen event
data to determine whether the lower arm remained
stationary during the BP measurement.

We make two contributions in this paper:
•

We describe a method for measuring lower-arm stillness and support during a blood-pressure measurement, using an off-the-shelf Android tablet.

•

We evaluate our method for measuring lower-arm
stillness with a preliminary user study of 12 subjects
and found that our method can distinguish stationary
arms from different types of lower-arm movement
with 90% accuracy.

The remainder of our paper describes our method and our
evaluation via the user study.
II.

M OTIVATION

Blood pressure is difficult to measure accurately because it
can be influenced by behavioral factors such as stress, smoking, caffeine intake, exercise or natural factors like circadian
variation. To compound these factors, incorrect techniques of
measuring blood pressure can introduce additional errors. Our
discussions with doctors in India and our understanding of
the American Heart Association guidelines yield the following clinical recommendation for blood-pressure measurement
posture [5]:
1)

The patient should be seated comfortably with the
back supported and the upper arm bared without
constrictive clothing.
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2)
3)

The arm should be supported at heart level, and the
bladder of the cuff should encircle at least 80% of
the arm circumference.
Neither the patient nor the observer should talk during
the measurement and the patient must not move her
arm while the blood pressure is being taken.

Blood-pressure cuffs available in the market are already
equipped with sensors to detect movement. These sensors
are also programmed to repeat a reading when movement
is detected because arm movements could perturb blood in
the veins and thus result in an erroneous reading. However,
since the typical cuff and its embedded sensors attach to the
upper arm, our tests show that lower-arm movement may go
undetected.
III.

M ETHOD

Our method can be used to verify two lower-arm related
posture requirements for blood-pressure measurements: first, it
detects a subject’s lower-arm movement, and second, it verifies
whether the arm is well-supported on a flat surface for the
duration of blood-pressure measurement.This method could
enable non-clinical workers to measure blood pressure correctly without the use of dedicated sensors, unlike a previous
pressure sensor-based approach presented by Smithayer [10].
Regarding the latter challenge, we found that it was
straightforward to use the tablet’s accelerometer to determine
whether the tablet remained well-supported throughout the
BP measurement, by ensuring that the x and y (horizontal)
accelerations each remained less than 1g and the z (vertical)
acceleration remained in the range 7.1 8.5g, where g is
the Earth’s acceleration due to gravity. Although we did not
evaluate these thresholds in a field study, they appear to work
well from initial experiments that we conducted on different
surfaces and surface inclinations.
Thus, in this paper we focus on the challenge of determining whether the subject’s lower arm remains still during a
blood-pressure measurement, while it rests on the tablet screen.
To begin, we describe how we collected a labeled data set for
training a machine-learning model.
A. Data collection
We built a labeled data set for stationary and moving arms
using an Android tablet’s multi-touch touchscreen. We use
the term session to refer to each 30-second subject session in
which a set of touchscreen data is collected. A moving session
is a session in which the subject was asked to move his/her
lower arm, while it rested on the tablet, for 5-10 seconds. A
stationary session is a session in which the lower arm remained
motionless for the 30-second data collection interval. Thus, we
create a labeled dataset of moving and stationary sessions.
For this experiment, we collected data from 12 subjects
with each subject contributing five stationary and five moving
sessions, for a total of 120 sessions in the dataset. The study
procedures involving human subjects were approved by the
institutional review board (IRB) at Dartmouth College. The
data collection exercise was set up as follows:
1)

The subject was instructed to rest her elbow on
the tablet screen and subsequently lower her arm

Fig. 1.

2)

Using the tablet touchscreen to monitor lower-arm posture

such that her lower arm was in contact with the
touchscreen for 30 seconds, as shown in Figure 1.
For ‘moving’ sessions, the subject was asked to
move her arm slightly for approximately 5-10 seconds
during the 30-second data collection interval. 1 To
capture realistic movements that patients are likely
to make per our observations, the primary researcher
demonstrated five examples of movement to the subject; the subject was instructed to incorporate these
movements during data collection:
a) the lower arm slides along the x-axis,
b) the arm slides along the y-axis,
c) the arm slides along both x and y axes in
either up or down direction,
d) along any of the axes and between any two
points on the touch screen, the arm slides in
a sudden movement, and finally,

1 The classification would be trivial if a subject exaggerated her arm
movements throughout the entire data collection duration. Indeed, initial
experiments suggested that our classifier would detect small datasets limited
to such exaggerated movements with 100% accuracy. This increased our
confidence that linear classification was sufficient to classify moving arms
from stationary ones.

The Android framework defines a motion event to include
the temporal history of one or more touch events. For example,
a three-fingered swipe is a single motion event that describes
three touch events, each describing the path and pressure of
one finger as it swipes across the touchscreen.
To detect and track movements on the touchscreen, we
describe each touch event as a series of four-tuples, each
tuple including the timestamp t, the coordinates of the screen
position (x, y), and the pressure of the touch p. The change
in attributes (x, y) could capture movement along x and y
axes and the p attribute could be used to capture movement
along z axis. These attributes are commonly used in sample
applications provided by the Android framework for gesture
detection. In short, then, our approach is to analyze the changes
to these four touch-event attributes, across all motion events
within a session, to detect lower-arm movement in that session.
B. Algorithm
Given a set of labeled session data, as described above,
we train a machine-learning algorithm to distinguish stationary
sessions from moving sessions. First, we need an algorithm
to generate a representative feature vector for each BPmeasurement session using a subset of touch-event attributes.
Consider a session s. Let M be the set of motion events
m1 , . . . mi , . . . mn in this session.
For each mi , there is a set of touch events mij .
For each mij , the app has recorded a sequence of attributes t, x, y, p; considered separately, these sequences are
denoted tij , xij , yij , pij . More precisely, xij is a sequence
xij1 , . . . xijk , . . ., for some duration.
For each session s we build a matrix C where each row
Cij represents one event mij . Each such row is a 7-tuple:
Fig. 2.

Protective cover to minimize skin contact with the touchscreen

e)

3)
4)

along any of the axes and between any two
points on the touch screen, the arm slides
gradually from one point on the screen to
another.
For ‘stationary’ sessions, the subject was instructed
to keep her arm still after the arm was lowered onto
the tablet.
While the subject rested her arm on the tablet touchscreen, our data-gathering app recorded the touchscreen activity throughout the session. It used standard Android APIs to record the set of motion events
occurring during the measurement period.

During our preliminary experiments, when the entire skin
surface of the lower arm came in direct contact with the tablet’s
capacitive touchscreen, we found that the touchscreen malfunctioned as a result of being overwhelmed by the sudden and
high volume of static discharge. To address this problem, we
designed a protective sleeve (with five conductive steel rings
embedded) to localize skin contact with the touchscreen around
the rings. The protective sleeve, shown in Figure 2, restricts
direct skin contact with the touchscreen while allowing us to
detect and track touch events that occur around the rings.

Cij = [i, j, var{xij }, var{yij }, var{pij }, Xij , Yij ]

where i, j serve to label the origin of the data in this row,
where
var{xij } = variance of 8k {xijk }
and similarly for var{yij }, var{pij }, and where
Xij = range{xij } = maxk {xijk }

and similarly for Yij .

mink {xijk }

We summarize the C matrices by building the feature
matrix F where each row represents one session s, as a 5-tuple
that describes the maximum value along each dimension:
Fs = [maxvar{x}, maxvar{y}, maxvar{p}, maxX, maxY]
where maxvar is the maximum variance, that is,
maxvar{x} = maxij {var{xij }}

and similarly for maxvar{y}, maxvar{p}; and where
maxX = maxij {Xij }

and similarly for maxY.

We then trained a binary SVM classifier using a subset of
the features (columns) in F , and a subset of the labeled data
collected earlier.

SVM Classifier Feature Analysis

SVM Classifier Results for Different Movement Types
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Fig. 3. Feature analysis: Comparing the classifier accuracy across different
combinations of features.

IV.

2)
3)
4)

we randomly select moving and stationary rows from
the dataset F and split these into non-overlapping
subsets of training and test data,
we train a model for a linear SVM classifier, using
the training subset of F ,
we apply the model to the test partition of F , noting
the correctness of each classification result,
we compute the overall classification accuracy as
Total number of correctly classified rows in test set
Total number of rows in the test set

5)

xyp XYp xyXY xypXY

Fig. 4.
Prediction accuracy for moving sessions where the movement
is known to be either slow tremors or swift movements. From the plot,
the method is able to detect slow tremor-like movement better than swift
movements.

R ESULTS

Given the limited number of moving and stationary sessions data, we conduct a 2-fold cross-validation. We ran ten
independent trials; in each trial run,
1)

XY

Selected Features

Selected Features

we compute classification accuracy for specific moving sessions in the test set that correspond to slow
tremor-like movements and swift movements.

Figure 3 plots the classifier’s accuracy across ten trials; dots
indicate the mean and bars indicate the standard deviation.
Although the p feature alone yields an adequate global performance accuracy, observe that the best feature set excludes
the p feature. [A more extensive user study is required to
understand whether diverse weight of subjects’ arms might
be expressed by p and improve classification.] From these
results, we chose the final feature set [x, y, X, Y], which
resulted in approximately 90% mean accurate classification
of stationary and moving sessions in the test data. Table I
presents a confusion matrix for this feature set, indicating
the classifier’s accuracy in predicting stationary or moving
sessions. Our classifier could detect stationary arms with 90%
accuracy and moving arms with 89.5% accuracy; the falsenegative rate for moving sessions was 10.5% and the false
negative rate for stationary sessions was 9.6%.
TABLE I.

We compute the mean accuracy across ten trial runs to
report the results presented here.

Actual
Stationary
Moving

A. Feature Analysis
Before we review the results of our experiments with this
classifier, we need to explain how we chose a suitable subset of
features for use in our classifier. Given the feature matrix F , we
sought to determine which combination of features (columns of
F ) would yield a classifier with the best performance. Figure 3
shows this feature analysis, comparing the accuracy of the
SVM classifier with different feature sets. The features x, y, p,
X and Y in Figure 3 correspond to the maxvar{x}, maxvar{y},
maxvar{p}, maxX and maxY columns of F respectively;
hereon, we use this boldface notation to refer to these aggregate
features. Simple thresholds for absolute differences in x and
y were not enough to distinguish stationary and moving
arms reliably; we needed a classifier that captures nuances of
movement on the touchscreen.

C ONFUSION MATRIX WITH FEATURE VECTOR XY XY

Predicted
Stationary Moving
0.904
0.096
0.105
0.895

B. Classifier performance across different movement types
Figure 4 shows the results for different movement types
within the moving class across all feature sets. The accuracy
of the classifier is expressed as the rate of true positives. The
legends in Figure 4 indicate:
1)
2)

Slow tremors: the accuracy reported for the set of
rows in the test dataset that correspond to slow
tremor-like movements.
Swift movements: the accuracy reported for the set
of rows in the test dataset that correspond to swift
movements.

Upon examining the underlying data, we found that the
range of variance for the values of the x and y features
(that is, maxvar{x} minvar{x}) across small, tremor-like
movements was less than the corresponding range for the
same features for swift movements. This difference could
explain why the linear classifier performed better with slow
movements than with swift movements across most feature
sets. From Figure 4, we observe that the addition of more
features improves classification for swift movements, but less
so for slow movements. This difference could be explained
by the fact that the dataset contains more examples and
variations of swift movements than stationary ones. We can
conclude that the classifier can robustly detect different types
of movement although the performance appears to be better
for slow movements.
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