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Abstract. Health status measurements are vital in understanding a
patient’s health. However, current means of measuring health status,
such as questionnaires, are limited. Research has shown that there is
a need for more objective and accurate methods of measuring health
status. We postulate that novel sensor solutions could be used to make
observations about a patients’ behaviour and make predictions relating
to their health status. In order to achieve this overall goal, the problem
of building a dataset comprising behaviour observations, from sensors,
and health status measure must be addressed. In this work, we propose
a crowd-sourced solution to this dataset problem where a Smartphone
App is developed in order to facilitate in the collection of behaviour data,
via sensors, and health status information. Results show that, after just
4 months, 1311 people have downloaded the App and 541 participants
have completed a health status questionnaire (SF-36). Preliminary analy-
sis of the data also shows a statistically significant correlation between
the amount of time a participant is active and the health status of the
participant.

1 Introduction

Chronic diseases are the most common causes of death and disability throughout
the world [1]. In the UK, for example, 70% of all healthcare costs are chronic
disease related [2]. Health Status measurements, such as Health Related Quality
of Life (HRQOL), are used as a means of quantifying the impact of chronic
disease on a patients’ daily life [3]. These measures are vital in understanding a
patients health and their response to particular treatments and have become a
central feature in many chronic disease studies [4]. Questionnaires are used to
evaluate health status. However, evidence suggests questionnaire results are only
useful in large groups and should not be relied upon on an individual basis [5]. It
is only worth continuing to prescribe symptomatic treatments if the patient can
report benefit, but due to the limited reliability of health status questionnaires
for individual patients there is currently no way of accurately accessing that
benefit.

There is therefore a need for accurate and individualized methods for clin-
icians to assess functional aspects of a patient’s life. An innovative solution to
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this need is to utilize remote sensing technologies in the community, rather than
questionnaires, to compute accurate, objective and individualized QOL measure-
ments.

Our overall research goal is therefore to develop an unobtrusive sensing sys-
tem which can objectively measure a persons’ longitudinal behaviour and make
accurate predictions about their health status based on their behaviour. How-
ever, there exists an initial problem which must be solved prior to solving this
overall problem health status prediction. This initial problem relates the col-
lection of appropriate data. In order to accurately model the mapping between
sensor data and health status, a data-set comprising mobile sensor data and
corresponding health status information must be acquired. The data-set must
include participants with a broad spectrum of health measurements. Recording
patient data alone would represent only a small window in the health status
spectrum.

Modern smartphones are equipped with multiple sensors. The combination
of these sensors, built within the common and non-invasive form factor of a
mobile phone, have the potential of tracing human activities at scales that were
previously unattainable. Smartphones can therefore enable a new type of data
collection by harnessing the power of the crowd. Crowdsourced data collection,
using smart-phones, presents a major opportunity to collect sensor data from
a large, and varied, set of participants. The aim of this work is therefore to
develop a smartphone App to facilitate the crowdsourced based data collection
of motion sensor data and health status information. Additionally, we will discuss
preliminary observations made from data which have been collected.

2 Methods

In this section, we will describe the development of an Android App aimed at
recording motion sensor and health status information.

2.1 Motion Sensors

The Accelerometer, built into a participants’ Smartphone, is used by the App
to measure physical activity. Sensor data capture and recording is performed in
the background, and data is recorded constantly while the App is enabled.

We postulate that features, extracted from motion signals, relating to the
duration a person was stationary and active could potentially be used as a health
status indicator. For example, using the total time a person was active as a
feature. In order to investigate this, we propose two duration based measures:
(1) Total Movement Duration (TMD) and (2) Average Stationary Period (ASP).
TMD specifies the total amount of time in which the phone was detected as
moving during a given day. The phone was deemed to be moving if the variance
of the accelerometer magnitude was greater than a predefined threshold. For
each 2 s window where the phone was deemed to be moving, 2 s were added
to the overall TMD measure for that day. ASP was calculated as the average
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of a set of stationary period durations for a given day. The set of stationary
period durations store the set of times between when the phone stopped moving
and when the phone started to move again (i.e. the amount of time the phone
was stationary). ASP therefore stores the average period of time a participant’s
phone was stationary during a given day.

In order to reduce the size of data being uploaded by a participant, we
implement a system whereby each hour of motion sensor data is processed on
the Smartphone, and extracted features for each hour are then uploaded to the
server. These features include TMD and ASP features, as well as additional
Accelerometer and Gyroscope statistical feature to be utilized in future works.
Additional data processing and feature extraction can then be performed on the
server using the hourly data.

2.2 User Interface

The App features two main User Interface (UI) sections. The first provides users
with activity feedback and the second provides a means for users to take a health
status questionnaire.

Activity Feedback. A study carried out in 2012 showed that 1 in 5 smart-
phone users had a health tracking App installed on their phone [6]. Health
tracking is therefore a genre of App which the general public actively install on
their smartphone. In order to get potential participants interested in and con-
tributing to our data collection, we postulated that the App should be designed
and marketed as a Health tracking App. Based on a review of the top health
tracking Apps on the Google Play store, we found that a common feature of all
health tracking Apps was that some level of quantitative feedback was provided
to the user on their activity levels.

To increase App downloads, and improve user retention within the experi-
ment, the App was therefore designed to provide users with visual feedback on
the duration and intensity of their activities over time using graphs and statistics
calculated from motion sensors (see Fig. 1). The App has received 14 reviews on
Google Play, with an average rating of 4.6/5.

Health Status Interface. A key aim of this study is to record health status for
a set of participants with a broad spectrum of health measurements. We utilize
the Short-Form 36 (SF-36) survey in order to measure participant health status.
The SF-36 is a non-illness specific health status measure which has been validated
in a general adult population [7] and in a chronic illness patient population [8,9].

The SF-36 is a general health instrument that measures eight health related
concepts: physical functioning (PF-10 items), role limitations due to physical
problems (RP-4 items), bodily pain (BP-2 items), general health perceptions
(GH-5 items), vitality (VT-4 items), social functioning (SF-2 items), role limi-
tations due to emotional problems (RE-3 items), and perceived mental health
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Fig. 1. “Health-U” App - (Left) Visual feedback showing current activity, (Middle)
Activity history showing daily activity, (Right) Health status questionnaire.

(MH-5 items). These eight scales can be aggregated into two summary com-
ponent measures: the Physical (PCS) and Mental (MCS) Component Summary
Scores [10]. A questionnaire UI screen was integrated into the App to allow users
to answer the SF-36 questions (See Fig. 1 (Right)). Questions are multiple choice
and radio buttons are used to select answers to individual questions.

3 Results

The key aims of this study is to (1) develop an App based crowdsourced data
collection platform which can record motion sensor and health status information
and (2) investigate the feasibility of using such an App to build a dataset which
can be later used to develop models linking activity to health status.

The App, named “Health-U”, was published on Google Play and anyone
with an Android phone could download and install the App and participate in
the study. Upon launching the App for the first time, participants are shown
a participant consent screen where details about the study, and data collected
during the study, are explained. Participants are then given the choice to consent
via a button labelled “I Consent” or to reject via a button labelled “Do not
participate”. Ethical approval for this study was granted by Ulster University
Ethics committee and the contents of the participant consent screen was reviewed
by the Ethics Committee.

The App was downloaded by a total of 1311 users in the first four months that
the App was live. Of the 1311 downloads, 541 participants completed the SF-36
questionnaire. An average of 114 h of sensor data was uploaded by each partici-
pant. Of the 541 participants who completed the questionnaire, 263 participants
(48.6%) uploaded at least 1 h of sensor data. This statistic shows approximately
half of all users which downloaded the App and completed the questionnaire, dis-
abled the sensing, or uninstalled the App, within an hour of installing the App.
Figure 2 details the number of participants that uploaded a minimum number of
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hours. For example, it can be seen that 115 participants uploaded at least 72 h
of data.

Fig. 2. Quantity of data uploaded by participants

Based on the SF-36 data uploaded by the 541 participants, Table 1 details
the mean and standard deviation SF-36 scores, for the 8 different concepts and
the 2 summary measures, of participants based on categories of gender, age and
country. It can be seen, for example, that PF is generally higher in younger
participants. Conversely, MH is generally higher for older participants.

It can be seen that the majority of the average scores are lower when com-
pared to the study conducted in 2007 by Burholt et al. [11]. A possible expla-
nation for this is that it has been shown that lower SF-36 scores are obtained
when the questionnaire is self-administered when compared with scores which
were obtained when the questionnaire was interviewer-administration [12].

3.1 Activity Duration

An initial statistical analysis of sensor information was carried out by computing
the overall mean and standard deviation (SD) for the TMD and ASP measures.
Results showed that, on average, a participants’ phone moves for an average of
1 h and 33 min per day (SD = 4 min 50 s). Additionally, a participants’ phone
stays stationary for an average period of 22 min (SD = 14 min).

A qualitative analysis of movement data was performed in order to investigate
potential links between movement and health status. Figure 3 shows movement
duration data (TMD), and individual SF-36 scores, for two female participants
(both aged 40–50). As detailed in the Fig. 3, Participant A has significantly
lower SF-36 measures than Participant B. Interestingly, it can be seen that a
large portion of Participant A’s time is stationary, while data for Participant B
shows that movement occurs regularly between 10 am and 11 pm. This does give
an indication of the potential merit of using activity duration as an indicator of
health status.

Further to the qualitative analysis above, we perform a quantitative evalua-
tion to further investigate potential links between SF-36 scores and movement
durations. Table 2 details correlations between the 10 SF-36 scores (8 SF-36 con-
cepts and 2 summary measures) and the two duration measures TMD and ASP.
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Fig. 3. Sample movement durations (TMD) for each day and hour, for 2 participants.
Blank (black) areas of the graph denote no motion recorded for that hour. This can be
due to the sensor being turned off, or because the phone remained stationary for the
entire hour

Results showed that correlations between ASP and the SF-36 measures were not
significant. However, results do show that the was a statistically significant cor-
relation between TMD and the PCS, MCS, PF, RP, RE and SF concepts of the
SF-36 scale. In particular, a correlation of r = 0.221 was shown between TMD
and the RP component. The largest correlation between SF-36 and ASP was for
the BP component, with r = 0.042. Table 2 also details the average TMD and
ASP for 5 different ranges of scores for the different SF-36 concepts.

Table 2. Correlation between duration measures and SF-36 scores (∗ = Statistically
significant correlation, where p-value < 0.05, calculated using two-tailed test)
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While results have shown a statistically significant correlation between dura-
tion of activity and health status, these correlations are not strong enough to
make accurate predictions about a persons’ health status. Based on these results,
we conclude that due to the real world and inherent uncontrolled nature of this
study, where participants use the sensing modality without researcher supervi-
sion, duration of activity on its own cannot be used to consistently infer the
health status of a participant. It is possible that periods of inactivity relate to
periods where the phone was simply not being used/carried by the participant.
During these periods, the sensor would infer that the person in being seden-
tary when it is possible that the person was in fact being active. In particular,
the ASP measures showed no correlation with the health status measures. How-
ever, results did show that while correlation between TMD and different SF-36
components were negligible, the correlations were statistically significant.

The preliminary investigates discussed in this work have therefore indicated
that additional features should be investigated to compliment the duration based
features. Additional features could relate to activity intensity, type and frequency
computed from accelerometer and gyroscope sensor data.

4 Conclusion

We postulate that smartphone sensors could be used to make automatic pre-
dictions about patient health status. In order to move towards this overall goal,
we must first propose solutions to the problem of recording a large dataset of
behaviour observations and health status information from a broad spectrum of
participants. In this work, we propose a crowd-sourced solution to this problem,
where a smartphone App is developed to record behaviour observations, via the
recording of sensor data, and health status information, via a built-in SF-36
questionnaire.

Preliminary analysis of data obtained from our proposed crowd-sourced sys-
tem demonstrates the feasibility of our solution. In just 4 months, 1311 people
downloaded the App and, of these downloads, 541 participants completed the
SF-36 questionnaire. Initial examination of the sensor data showed a correlation
between the total amount of movement performed per day, by a participant,
and the health status of the participant. While this correlation was statistically
significant, the correlation was not strong. We therefore conclude that while
these results demonstrate the potential of our proposed solution, further work is
needed in terms of developing more discriminant features and evaluating regres-
sion models to make health status predictions.
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