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Department of Electrical & Computer Engineering

It is becoming increasingly clear of the importance of sleep and its impact on our daily lives. De-

spite the pervasiveness of sleep issues, people struggle to assess and improve their sleep. Sleep is an

unconscious, passive activity and accurate, manual, self-tracking of sleep is often unattainable. A

majority of the general population remains unaware of long-term patterns in their sleep duration and

consistency, unless the individual suffers from a chronic sleep related disorder that affects day-time

functioning or causes other related health issues. The growing popularity of commercial sleep sen-

sors for use at home shows that these technologies have the potential to provide long-term, low-cost,

and accurate representations of people’s daily sleep patterns in the comfort of their home environ-

ment. However, current sleep tracking devices are limited by hardware and algorithmic constraints.

Unactionable sleep feedback, in the context of long term sleep tracking for individuals without sleep

disorders, leads to mental models that are in tension with recommendations for good sleep health

from sleep medicine professionals. Through a comprehensive survey of commercial sleep sensing

devices, I identify gaps between user perception of sleep data and best practices in sleep health.

I contribute to the design, implementation and evaluation of a wireless sleep sensing system that

enables non-contact monitoring of sleep related physiological signals throughout the night. I also

explore, through the design and implementation of a smart phone app, how a personalized sleep

model can be used to provide meaningful and actionable feedback that can provide users with the

intent to make changes to their behaviour to improve sleep health.
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GLOSSARY

ACTIGRAPHY: A non-invasive method of monitoring human rest/activity cycles.

DOPPLER: A specialized radar that uses the Doppler effect to produce velocity data about objects

at a distance. It does this by bouncing a microwave signal off a desired target and analyzing

how the object’s motion has altered the frequency of the returned signal.

EMA: Ecological momentary assessment (EMA) involves repeated sampling of subjects’ current

behaviors and experiences in real time, in subjects’ natural environments.

N-BACK: The n-back task is a continuous performance task that is commonly used as an assess-

ment in cognitive neuroscience to measure a part of working memory and working memory

capacity. The subject is presented with a sequence of stimuli, and the task consists of indicat-

ing when the current stimulus matches the one from n steps earlier in the sequence. The load

factor n can be adjusted to make the task more or less difficult.

PSG: Polysomnography, a type of sleep study, is a multi-parametric test used in the study of

sleep and as a diagnostic tool in sleep medicine.

PVT: The psychomotor vigilance task (PVT) is a sustained-attention, reaction-timed task that

measures the speed with which subjects respond to a visual stimulus. Research indicates

increased sleep debt or sleep deficit correlates with deteriorated alertness, slower problem-

solving, declined psycho-motor skills, and increased rate of false responding.

RADAR: Radio Detection and Ranging is a detection system that uses radio waves to determine

the range, angle, or velocity of objects.
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ABBREVIATIONS

BR: Breathing Rate

EMA: Ecological Momentary Assessment

HR: Heart Rate

RADAR: Radio Detection and Ranging

CPM: Cycles Per Minute

PCA: Principal Component Analysis

PSG: Polysomnography

REM: Rapid Eye Movement

PVT: Psychomotor Vigilance Test
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Chapter 1

SLEEP AS A MEASURE OF WELL-BEING

Good sleep is essential to good health. Adequate, restful sleep is as important to one’s well-being

as a healthy diet and regular physical activity. During sleep, the body and brain undergo necessary

restorative activities [116], and inadequate sleep leads to reduced alertness and drowsiness [55]. In

the United States, an estimated of 50 million people have poor sleep quality or have a sleep disorder

such as insomnia, sleep apnea, and narcolepsy [34]. The average American worker reported 5.3

days of difficulty falling asleep, 6.6 days of trouble staying asleep, and 5.0 days of trouble waking

up for work in the past month. Across the three types of poor sleep quality, work overload was

positively associated with the frequency of poor sleep quality [73].

1.1 Motivation

Despite the pervasiveness of sleep issues, people struggle to assess and improve their sleep. The

reason is that sleep is an unconscious, passive activity and therefore, unlike diet and physical activity,

which are difficult but possible to track manually [37], accurately self-tracking sleep manually is

often unattainable. A majority of the general population remains unaware of their overall sleep

quality or longer-term patterns in their sleep duration and consistency [119]. Unless the individual

suffers from a chronic sleep related disorder that affects day-time functioning or causes other related

health issues, they are unaware of their overall quality and it’s effects.

When commercial fitness trackers were introduced around the year 2008, their primary goal was

to enable people to keep track of the number of steps taken over the course of day which could then

be used to get an estimate of the number of calories burned. The instant feedback that was made

available to not only brought awareness but also enabled goal setting accompanied by behaviour

change in users [71, 93]

In addition to step tracking, wearable devices further integrated several functionalities like heart

rate monitoring, and sleep tracking functionality, since the sensors that tracked movement could
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also be used to track the lack of movement associated with sleep. About 172 million fitness tracking

devices were shipped in the year 2018 showing their growing popularity. Despite the widespread

adoption of these devices, their potential to facilitate meaningful behaviour has not been fully real-

ized [89].

This has been reflected in the findings from several studies done by the HCI community explor-

ing the different facets of user interaction with tracking devices. Some of the major issues that have

been highlighted in these studies are: users’ lack of trust in device data, broken mental model sur-

rounding accuracy of the devices and hardware limitations [122]. Liang et. al, [88] have explored

how the lack of accuracy in sleep tracking devices affects the users’ perception of the feedback and

thereby it’s usefulness. Specifically, how the lack of definition of sleep metrics, limitations in un-

derlying data collection and processing mechanisms, and lack of rigor in tracking approach causes

errors in the feedback given to the users. While the findings from these studies shed light on some

of the technological and algorithmic issues with sleep tracking devices, the question of how long

term sleep tracking can facilitate improvement in sleep health is still unanswered. Long term sleep

tracking for people with no clinically diagnosed sleep disorders, has some unique challenges.

Unlike diet and physical activity, for which users can set short term goals and use feedback

from their health tracking devices to make behaviour changes, goal setting for improving sleep

health may not always have immediately obvious measures and the effects of poor sleep quality

drastically vary from person to person [26]. While the National Sleep Foundation has published

population level recommendations for the duration of sleep for different age groups [60], studies

have shown individuals’ sleep varies by only as few as 23 minutes nightly over the course of the

year [74]. Therefore sleep feedback focused on objective measures such as sleep duration and sleep

efficiency alone may not provide users with the intention to make behaviour changes that promote

good sleep health. The feedback from current commercial sleep sensing devices, intended for long-

term sleep tracking, largely tend to mimic objective measures from clinical reports used for the

diagnosis of sleep disorders carried out over over a short period of time. The overarching question

still remains: how can sleep sensing devices used for long-term sleep tracking fully realize their

potential to promote good sleep health? This leads to my thesis statement:
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1.2 Thesis Statement

Current sleep tracking devices are limited by hardware and algorithmic constraints. Unactionable

sleep feedback, in the context of long term sleep tracking for individuals without sleep disorders,

leads to mental models that are in tension with recommendations for good sleep health from sleep

medicine professionals. The goal of this dissertation is to provide support for my thesis statement:

Understanding the gaps between user perception of sleep data and expert opinions on

good sleep practices can inform the design of novel sleep sensors and the develop-

ment of personalized sleep models that can provide users with actionable feedback to

improve their sleep health.

1.3 Research Questions and Approaches

In my research, I have attempted to support my thesis statement by answering the following research

questions.

• RQ1: How do users perceive the feedback they receive from current commercially available

sleep sensing devices?

To understand user perception of sleep data I conducted a comprehensive survey of commercial

sleep sensing devices through amazon reviews, android and apple app store reviews of popular sleep

tracking devices. I supplemented this data with interviews and survey data from long term users of

sleep tracking devices. In order to find the gaps between user perception of sleep data and best

practices in sleep health, I conducted interviews with medical professionals specializing in sleep

health.

The first finding from the study was that current sleep sensing devices act as facilitators to good

sleep health by allowing users to monitor sleep in the comfort of their own homes, thereby bringing

awareness to the users about the long term trends in sleep quality. However, current devices are

limited by their battery life, invasiveness and range. Users find it uncomfortable to wear a device

on their arm, or head while they sleep and sometimes forget to recharge the tracker they’ve been

wearing all day.
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The second finding from the study was that sleep related feedback provided by a majority of

sleep sensing devices tend to focus on sleep scores and metrics that are derived from diagnostic

measures used for clinical purposes. They do not take into account inter-individual trait variability

in sleep variables and the effects of sleep. This detracts users from making behavior changes that

may improve sleep health. The findings from the exploratory study raised two subsequent research

questions.

• RQ2: How can we enable long-term sleep tracking in users’ homes in an unobtrusive manner?

In order to address the above research question I have explored how sleep related physiological

bio-markers can be tracked unobtrusively, at a distance, using RF signals. Radio frequency signals

in the k-band range can be used to sense minute chest movements due to breathing and heart beats

in addition to coarse body movements. Features extracted from these sleep related physiological

bio-markers can be fed into a machine learning model to better classify sleep related metrics.

• RQ3: How can we provide actionable sleep feedback that can help users adopt healthy sleep

habits?

Previous work has shown that providing timely, contextual and actionable feedback can help

people make behavioral changes to improve their health. In the context of sleep tracking, this ex-

tends beyond tracking night time sleep to tracking the different variables that affect sleep as well

as the effects of sleep on day time functioning. In order to facilitate this, I developed an smart-

phone app: SleepApp, that allows users to track their pre-bedtime routines as well as their cognitive

function during the day in addition to their night time sleep. This data can then be used to develop

a personalized sleep model that can provide users with actionable feedback to help improve their

sleep health.

1.4 A Summary of Research Questions and Approaches

I have summarized the research questions and approaches I used to answer them in Table 1.1.
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Table 1.1: Studies conducted to answer the research questions

Research Questions Studies Conducted

How do users perceive the feedback they receive

from current commercially available sleep sensing

devices?

Making Sense of Sleep Sensors

How can we enable long-term sleep tracking in

users’ homes in an unobtrusive manner?

WiBreathe

DoppleSleep

How can we provide actionable sleep feedback

that can help users adopt healthy sleep habits?

SleepApp

1.5 Contributions

In this dissertation, I present three types of contributions: artifact, empirical finding and methodol-

ogy.

• In the first study I explore gaps in user perception of sleep data and provide guidelines for

long-term everyday sleep tracking by adapting from best practices in sleep medicine. These

guidelines include 1) focusing on actionable data rather than everyday scores 2) paying at-

tention to long term trends in sleep quality and 3) accommodating for imprecise sleep metric

estimations caused by hardware limitations in reported feedback.

• Based on the findings from the first study I contribute to the design, implementation and

evaluation of a 2.4GHZ continuous wave wireless system that enables non-contact breathing

rate estimation and the evaluation of a 5GHz continuous wave Doppler system that enables

non-contact monitoring of sleep related physiological signals throughout the night. These

systems overcome limitations in current commercial sleep sensing devices by allowing for

longer sensing range, minimal intrusiveness and higher levels of accuracy.

• I also contribute to the design, implementation and evaluation of a smart phone app that
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facilitates tracking of variables and activities that affect sleep quality and by extension the

effects on day-time cognitive function. A personalized model built from the data collected

using the app over an extended period of time can be used to provide meaningful correlations

between the variables that affect sleep and daytime cognitive function. Through findings from

a follow-up survey I have shown how contextual and actionable feedback may give users the

intention to make behaviour change.

1.6 Dissertation Overview

The document is organized as follows:

• Chapter 2 provides the background for sleep health and sleep sensing. It covers the physiology

of sleep,and the various metrics used to describe and quantify sleep quality and sleep health.

It summarizes the different methods used for sleep tracking from the most accurate and highly

invasive to the less accurate and invasive methods. The chapter also provides a background

of the studies done the HCI community on long-term sleep tracking, user perception of sleep

feedback and self-experimentation for sleep.

• Chapter 3 outlines a study that surveys how feedback provided by currently available com-

mercial sleep sensing devices can sometimes act as a barrier to sleep health. This chapter

highlights how users’ perceptions of sleep feedback from these devices leads to broken men-

tal model that are in tension with evidence-based methods for promoting good sleep health.

This work was published at CHI’17.

• Chapter 4 presents WiBreathe, an initial exploration of continuous and non-contact physio-

logical signal monitoring using continuous wave wireless signals in the ISM band. This work

was published at IEEE PerCom 2015.

• Chapter 5 describes DoppleSleep, a system that examines the feasibility of non-contact sleep

monitoring by tracking three significant sleep-related bio-markers: breathing rate, heart rate,

and body motion using a K-band continuous wave Doppler RADAR wireless signals. This

chapters outlines how a machine learning model based on the features extracted from the sleep
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related physiological bio-markers can be used to estimate sleep metrics with higher levels of

accuracy compared to current devices while being minimally invasive to the users. This work

was done in collaboration with Tauhidur Rahman et al from Cornell University and published

at UbiComp’15.

• Chapter 6 provides guidelines for a smartphone based application that can help generate

meaningful sleep related feedback to promote behaviour change. This chapters provides de-

tails of an approach that can be a promising, holistic measure of sleep health that is personally

contextualized and can serve as a basis for meaningful self-experimentation. This chapter

also contains a case-study of how this method can be used to understand sleep habits of the

shift-worker population.

• Chapter 7 discusses the limitations of my present work and sets up opportunities for future

work. I also discuss lessons learned during the course of my research.

• Chapter 8 summarizes and concludes this body of work.

Figure 1.1 shows the overview of my dissertation.
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Figure 1.1: Dissertation scope. Study design of Making Sense of Sleep Sensors is described in

Chapter 3. Design and evaluation of WiBreathe is described in Chapter 4. DoppleSleep design and

implementation is described in Chapter 5 and SleepApp study design is described in Chapter 6.
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Chapter 2

BACKGROUND AND RELATED WORK

The focus of this dissertation is the exploration of facets of sleep monitoring from a novel sens-

ing perspective to providing feedback that promotes well-being. In this section, I have provided an

overview of the physiology of sleep , the different ways in which sleep can be sensed, the metrics

used to define sleep, sleep hygiene and other variables that affect asleep, novel computing based in-

terventions for long term sleep tracking and the studies that look into supporting behaviour change

through sleep self-experimentation. This large body of related work provides an understanding of

how to develop sleep technology to support overall health and provide personalized recommen-

dations based on both objective and subjective data. I have also situated my contribution in the

literature on sleep tracking and self-experimentation and describe how my our work builds upon

and extends the this body of work.

2.1 Physiology of Sleep

Consuming almost a third of our daily lives, sleep is a significant marker of an individual’s health

and well-being. Getting ample, good-quality sleep facilitates higher levels of productivity, mental

performance, and physical growth [63]. In order to understand sleep as a measurable entity and

one that can be sensed or tracked, we need to understand the physiological changes that the body

goes through during sleep. Understanding this can shed light on some of the metrics that will be

used frequently in the paper and give better insight into the tensions that will be highlighted in the

following sections. Typically, there are two main stages through which we cycle through when we

sleep: Rapid Eye Movement (REM) sleep and three stages of Non Rapid Eye Movement (NREM)

sleep labelled as N1, N2 and N3. as we transition form wakefulness to sleep and through the

different stages, physiological signals such as the intensity of body motion, breathing rate and heart

rate also vary corresponding to the various sleep stages [72].

NREM - 75% of our sleep is comprised of NREM sleep and is characterized by these changes
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in physiological signals:

NREM1 - Also known as light sleep, is between being awake and falling asleep. This stage is

characterized by cessation in muscle movement.

NREM2 - It’s the onset of sleep and breathing and heart rate becomes regular and body temper-

ature drops. A deeper sleep where your body temperature cools a little and you become disengaged

from your surroundings.

NREM3 - Is the deepest and most restorative sleep. Blood pressure drops, breathing becomes

slower and muscles are relaxed. It is very hard to wake up from deep sleep because this is when

there is the lowest amount of activity in your body. It is also the part of sleep where your body

rebuilds itself, restores energy and hormones are released.

REM - The remaining 25% of sleep falls into REM. It occurs about 90 minutes after falling

asleep and recurs about every 90 minutes, getting longer later in the night. The body becomes

immobile and relaxed. This stage characterized by rapid eye movement is also marked by rapid,

irregular and shallow breathing. The heart rate and blood pressure increase.

2.2 Sensing Sleep

During various stages of sleep, the body exhibits several bio-markers as described in the section

above, therefore the onset of sleep and transitions between stages can be measured by tracking these

sleep related bio-markers. Sensing sleep by measuring the physiological changes associated with

sleep can help quantify the quality of sleep and diagnose disorders related to it.

2.2.1 Polysomnography

Some people suspected of having sleep disorders such as sleep apnea or narcolepsy may be advised

by physicians to undergo sleep studies in a laboratory, which consists of a single, highly studied

night. PSG is the clinical standard for diagnosing sleep disorders by sensing sleep and its various

stages. An entire night’s data (comprising of a minimum of 6 hours of sleep time) is analyzed for 30

second intervals from a combination of signals derived from sensors such as: an electroencephalo-

gram (EEG, used to sense brain waves), electrooculography (EOG, used to track eye movements,

electromyography (EMG, used to capture electrical activity produced by skeletal muscles), pulse
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oximeters, microphones placed under the chin(to monitor snoring and teeth grinding events), RIP

(respiratory inductance plethysmography belt to monitor diaphragmatic breathing) and a nasal can-

ula (to measure air flow through the nostrils) [72]. The various stages of sleep are classified based

on specific time domain patterns as well as frequency characteristics in the EEG signal. Scoring is

manually performed by a trained sleep technician by visually identifying signal characteristics in 30

second intervals called epochs. These stages are classified based on characteristic patterns of brain

waves which can be recorded through an EEG and monitoring eye movement using an EOG which

form a part of the montage in a Polysomnograph. Although the pattern of these brain waves and

onset of eye movements are the most definitive indicators of sleep stages, the other sensors provide

valuable information to diagnose sleep related disorders such as grinding of teeth, sleep apnea and

restless leg syndrome.

Sleep data from an overnight sleep study is usually represented as a hypnogram. A typical

hypnogram starts with the patient being awake and cycles through the 5 sleep stages. PSG provides

fine-grained sleep quality assessment. PSG is considered a highly obtrusive sleep sensing system

due to its expense, impracticality for home-based use, and comfort-level for the patient, and thus its

application is limited to diagnosing sleep-related disorders in clinical settings for a short duration.

2.2.2 Actigraphy

However, many people with poor sleep quality have more long-term sleep issues such as insom-

nia or delayed sleep phase syndrome that require longer term monitoring to diagnose, monitor, and

treat. Therefore, sensing sleep and tracking sleep patterns over long periods of time can help bring

awareness and play a critical role in the treatment of sleep related disorders. For long-term sleep

tracking, actigraphy has been established in the medical community as an acceptable tool to contin-

uously track sleep in a non-clinical or home setting. The term Actigraphy refers to methods using

miniaturized wrist-watch-like devices with accelerometers embedded in them to monitor and col-

lect data generated by body movements over several weeks [9]. Actigraphy has been used to study

sleep/wake patterns for over 20 years. The advantage of actigraphy over traditional polysomnog-

raphy (PSG) is that actigraphy can conveniently record continuously for 24-hours a day for days,

weeks or even longer [19]. Several review papers have concluded that wrist actigraphy can usefully
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approximate sleep versus wake state during 24 hours and have noted that actigraphy has been used

for monitoring insomnia, circadian sleep/wake disturbances, and periodic limb movement disorder.

In healthy adults, actigraphy was valid for assessing sleep duration and sleep/wake activity, but less

reliable for more specific measures such as sleep offset or sleep efficiency. When compared to PSG,

actigraphy was found to be valid and reliable for detecting sleep in normal, healthy adult populations

but less reliable for detecting sleep as sleep became more disturbed [111]

2.2.3 Consumer Sleep Tracking Devices

In recent years, numerous consumer electronic fitness trackers leverage inbuilt accelerometers to

provide actigraphy-like sleep monitoring. The raw accelerometer data is continuously sampled to

detect coarse body movements such as tossing and turning during sleep and marks these as arousal

events. The widespread availability and adoption of these devices has led to an increased inter-

est in sleep tracking for non-clinical purposes [79]. Dedicated consumer sleep sensing devices are

available in several form factors and utilize a wide variety of sensors for sensing sleep related physi-

ological parameters. Sleep sensing devices have the potential to help people learn and monitor their

sleep patterns over long periods of time outside a clinical setting. This awareness can be attributed

to the fact that consumer sleep sensors offer users immediate feedback, in contrast to clinical actig-

raphy devices that generate data that can be only be viewed by clinicians. A formal review of the

consumer sleep sensing landscape was done by Ping-Ru et.al [75] along with their effect on clinical

sleep medicine, and various social, legal, and ethical issues. In this section, I have briefly outlined

the different types of consumer sleep sensing devices in-order to underscore some of their hardware

and algorithmic limitations.

Wearable Sleep Trackers

Most wearable sleep sensing devices are mostly available in a wrist-watch like form-factor similar

to clinical actigraphy devices. These devices leverage data from several sensors like the Inertial

Measurement Unit (IMU) sensors for detecting motion, photo-diodes for pulseplethysmogrpahy or

PPT or an EKG for eclectrocardiac acvitiy and sometimes even a galvanic skin response (GSR)

sensor to measure electrodermal activity. Together, these sensors measure coarse body movements,
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heart rate, abnormal heart beats, and stress. As the body cycles through different stages of sleep,

these sensors measure the changes associated with these physiological signals corresponding with

the cycles to estimate sleep stages and assess sleep quality. A few popular dedicated wrist worn

sleep trackers are the Withings Move [14], Polar M430 [8], and the Fitbit Versa [3]. In addition to

dedicated devices, smart-watches like the Apple watch allow third-part applications to track users’

sleep [1], while the Samsung Galaxy smartwatch [11] comes with built-in sleep tracking software.

Accuracy of Wearable Sleep Trackers

These devices are not clinically validated, and their accuracy compared to the gold standard are not

made public by manufacturers. For example, Montgomery-Downs et al. compared the accuracy

of Fitbit and ActiWatch against a PSG study [97]. The authors found that Fitbit and ActiWatch

differed significantly on recorded total sleep time, both between each other and compared to PSG.

While, newer versions of these devices with improved sensing and algorithmic capabilities continue

to flood the marketplace as smartwatches steadily gain popularity, the accuracy of these devices still

remains an issue [52, 44]. The most common issue being the IMU sensors’ limitation at discerning

between laying still but awake in bed and sleeping. Sleep stage assessment from physiological bio-

markers of sleep can never be as precise as estimating sleep stages from brain waves (as done during

a PSG study).

Hardware Limitations of Wearable Sleep Trackers

In addition to wrist-worn sleep trackers, commercial sleep sensing devices are available in a few

other form factors such as the Oura ring: a sleep tracker that can be worn on the finger [6], the

Philips Smart-Sleep deep sleep headband [7] and the Zeo headband [15] that come with built in

3-electrode EEG sensors and an EOG sensor. The sensors in the headband and the eye mask offer

better sensing capabilities since they directly measure brain waves and eye movement associated

with the different sleep stage. In spite of their improved accuracy an issue that plagues almost all

wearable sleep sensing devices is their intrusiveness. Most users find it cumbersome to wear devices

on their body while they sleep [29]. Liu et al. [91] conducted an investigation of the usability and

acceptability of commercial sleep sensing devices and reported that discomfort, battery life, and
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inability for users to modify their data are major limitations in current sleep sensing devices. Studies

have also found that the lack of definition of sleep metrics, limitations in underlying data collection

and processing mechanisms reduce users’ trust in sleep sensing devices [88].

2.2.4 Mattress-based Sleep Trackers

In order to overcome some of the limitations of wearable devices, several mattress-based sleep sen-

sors have been developed such as the Beddit [2] and the Withings Aura [13]. These devices contain

a thin flexible,sensor placed under the sheet on top of the mattress. They track sleep parameters such

as duration and efficiency, heart rate, respiration, temperature, movement, snoring, and also envi-

ronmental variables that affect sleep such as room temperature, and humidity. Since these sensors

are pressure-based, there’s no need for the user to wear it on their body or recharge it. The Sense is a

spherical device that can be placed on the bedside and tracks sleep by pairing with the ‘Sleep Pill’, a

coin shaped device that attaches to a pillow. The Pill features a 6-axis accelerometer and gyroscope

which detects body movement during sleep. The Sense also has a range of environmental sensors

to monitor the amount of light, noise and also the air quality [12]. While these device eliminate

the need for the user to wear a device on their body overnight, they are still restricted by range and

accuracy. Users can fall out the range of these sensors by rolling over to the far side of the bed over

the course of the night. Also, since these devices are pressure based, the sensitivity of the devices

largely affects their accuracy.

2.2.5 Smart-phone-based Sleep Sensing Applications

In order to facilitate non-contact and unobtrusive sensing, several smart-phone apps have been de-

veloped to assess sleep quality and track sleep sleep over long periods of time. Smartphones have

become ubiquitous and are generally in the proximity of users even at night. By placing a smart

phone beside the user on the bed, the inbuilt sensors in the smartphone can monitor environmental

variables that affect sleep, coarse body movements, as well as sounds from sleep related breathing

disorders. Hao et al. proposed iSleep [57], which leverages a smartphone’s built-in microphone to

unobtrusively measure sound caused by body movement, cough, and snoring. Gu et al. proposed

Sleep Hunter [53], a system that uses the smartphone’s microphone, accelerometer, light sensor, etc.
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to capture both environmental disturbances (light, noise etc.) and human physiological reactions

(like movements, cough, snore etc.) to model different stages of sleep (e.g., REM, deep, and light

sleep). In Toss ’N’ Turn, researchers investigated the accuracy of sleep sensing using data from

several in-built sensors found in smart-phones to measure light-intensity, acceleration, sound am-

plitude,list of running apps, phone battery state, etc., and found it was possible to predict aspects

of sleep quality to between 81-83% accuracy [96]. Nandakumar et.al have developed a smartphone

based sleep apnea detection system that leverages active SONAR emitted by the phone’s speaker to

detect apena events (short periods of interrupted breathing) during sleep [99]. A study conducted in

2016 showed that there were at least 51 unique sleep related smart phone apps available in both iOS

and Google Play stores. A majority of these sleep apps (65%) reported on sleep structure, including

duration, time awake, and time in light/deep sleep and a few reported on REM as well [101]. While

enabling unobtrusive sleep monitoring, smartphone based applications do not accurately capture

sleep related bio-markers due to their sensor limitations. Studies that compared smartphone based

sleep apps with that a PSG found that there was no correlation between sleep efficiency scores, light

sleep percentage, deep sleep percentage or sleep latency estimates generated by the smartphone app

and the PSG [23].

2.2.6 RADAR Based Sleep Sensing

The concept of contactless vital signal monitoring using microwave signals has been explored since

the 1970s [90]. Since then a lot of research has been done to improve the performance of the system

both in analog circuit design of high frequency carrier signal as well as signal processing of base-

banded signal. Different choices of radio frequencies have been explored starting from 1150 MHz

ultra-wide band to detect vitals through earthquake rubble and concrete [28] all the way up to Ka

band [120] to improve detection sensitivity. Different receiver architectures [84] and techniques to

compensate for phase noise [82] have been proposed and tested. Over the years, RADAR modules

have been reduced from bulky military grade systems mounted on a tripod to a relatively small

BiCMOS chips suitable for integration in portable electronic devices [45]. These fully integrated

devices with much smaller form-factors have opened avenues for the use of electromagnetic signals

for near-field sensing. Using electromagnetic signals for vital signal sensing has the added benefit of
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being able to sense vital signals through multiple layers of clothing or textile such as blankets. The

reflectivity of the human body to electromagnetic signals allows minute thoracic movements from

breathing and heart beat as well as coarse body movements to cause changes in the propagation

path of the signals. This extends the range of sensing considerably compared to the smartphone

based sleep sensing applications. Features extracted from these sleep related physiological bio-

markers can be used to estimate sleep parameters. The S+ [10] is a commercial device that measures

breathing and body movements throughout the night through a pulsed radar wireless signal. It also

analyzes light, noise and temperature levels in the bedroom. The device then computes a sleep

score and provides feedback regarding sleep patterns on a phone-app. While the S+ provides the

least intrusive solution to sleep monitoring, it’s accuracy is still not comparable to the clinical sleep

monitoring systems since it doesn’t measure the third sleep related physiological signal: heart beats.

Resting heart rate as well as changes in heart rate variability through out the night can provide key

information regarding sleep quality and the transition between different sleep stages.

Overview of Sleep Sensing

Given the popularity of consumer sleep tracking devices with both the general population and with

people suffering from sleep disorders, studies have tried to provided an overview of the different

categories of consumer sleep tracking devices [75], discussed their advantages and disadvantages,

and explored how clinicians may incorporate these devices in their interactions with patients [112].

In Figure 2.1, I have provided an overview of the different sensing solutions for sleep categorized

by intrusiveness. Starting from the highly intrusive, medical gold standard for sleep sensing used

for diagnostic purposes in the right to the least intrusive daily tracking solutions on the left. While

the clinical gold standard has the highest accuracy, most of the commercial devices available for

daily tracker have much lesser, similar accuracy since they share similar sensing modalities. In

chapter 6 I have explained how my approach of using a 5GHz continuous wave RADAR system

can be effectively used to estimate sleep quality by measuring three sleep related biomarkers such

as breathing, heart beat and body movements in an unobtrusive manner.
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2.3 Sleep Metrics

An important component of measuring physiological signals related to sleep, is quantifying them in

such a way that it adequately represents the quality of sleep. However, sleep cannot be quantified in

a simple, straightforward manner and represented using a single value like other health measures.

While the general population uses standardized terms such as BMI or h1bac to assess physical

health, quantifying sleep does not have an equivalent standard measure and qualifying it effects can

vary drastically from person to person. Buysse et al discuss in [26] the lack of a clinical definition

of sleep health. The author highlights that Principles and Practice of Sleep Medicine [77] mentions

“sleep health” twice, but does not define it.

While the medical community uses several metrics to define sleep quality and interpret results

from a PSG study, they are largely been focused on the identification, and treatment of sleep prob-

lems such as sleep apnea, periodic limb movement disorder, parasomnias and narcolepsy. The data

captured from the PSG study is used to assess the following measures: sleep efficiency (the ratio of

total sleep time to time spent in bed), sleep latency (the duration from bedtime to the onset of sleep),

arousal index (number of awakenings after sleep onset), number of minutes spent in the various

sleep stages, and other metrics to assess sleep apnea [72]. While these measures help physicians

diagnose sleep-related disorders, on their own, however, they are insufficient to assess sleep quality

for people wanting to track their sleep long-term or to diagnose behavioral sleep disorders, such as

insomnia. Especially, when the same metrics used in clinical settings and interpreted by medical

professionals are used to provide feedback to lay users who track their sleep over long terms to

determine overall sleep health.

2.4 User Perception of Sleep Feedback

In the broader field of self tracking technologies, there have been studies of how people make sense

of their self-tracked health data and why people abandon self-tracking when they struggle to make

sense of said data [48, 68]. Previous work has examined how to represent and visualize data such

that it is persuasive and offers insights that can lead to behavior-change [35]. Uncertainty is a

point of frustration for users of physical activity inference technologies. Users of these technologies

have to cope with activity inference and measurements that are prone to error. Consolvo et al.
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identified that users react negatively when fitness trackers incorrectly infer a particular physical

activity and consequently, do not give users credit for said activity [35]. Kay et al. found that

there is a disconnect between a users’ perception of their weight, the precision capabilities of their

scale, and clinical relevance of weight deviations [68]. Kay et al. further found that an accurate

understanding of weight fluctuation is associated with greater trust in the scale itself. Work by Yang

et al. [122] examined how self-trackers view the inaccuracy of sensor-driven step count inference

and the process in which self-trackers engage to assess the accuracy (or lack thereof) of their fitness

devices.One such way to improve data representation is to clearly convey its uncertainty [66]. These

studies demonstrate users care about the accuracy of sensor-driven tracking, taking accuracy into

account when they assess their data. While the insights from these studies can be useful and applied

to sleep sensing technologies as well, there are some unique challenges that come with interpreting

sleep data especially because sleep is an unconscious activity. It is important to understand what

aspects of sleep sensing and feedback either facilitate or potentially undermine people’s ability to

understand their sleep and achieve good sleep health and if current sleep sensor technology designs

are in line with evidence-based methods of understanding and promoting good sleep health.

2.5 Sleep Hygiene

Sleep quality can be affected by several variables. They can be environmental, physiological or

behavioral. To better understand and improve sleep health, we need to take into the account the effect

of these variables. For example, to improve sleep quality, sleep experts and literature review suggest

users assess sleep habits and adopt modifiable behaviors [63]. Modifiable behaviors are behaviors

that people have control to act on, which include examples such as: (1) keeping one’s bedroom

cool and dark; (2) maintaining a regular bedtime and wake time every day, even on weekends; and

(3) avoiding large late-night meals. A second and related concept is sleep hygiene, which refers

to behaviors, habits, and environmental factors that can be adjusted to promote good sleep quality

[115]. Examples of sleep hygiene include avoiding caffeine later in the day, exercising regularly,

and establishing a relaxing bedtime routine [63, 115]. Addressing modifiable behaviors and sleep

hygiene are the first two methods sleep clinicians use when patients complain about poor sleep

quality.
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2.6 Sleep Tracking

In the HCI and UbiComp communities, researchers have developed a number of novel computing-

based interventions for sleep. In 2011, Choe et al. conducted a literature review and formative study

to examine design opportunities for sleep from an HCI perspective [29]. The authors identified peo-

ple’s strong interest in lowering the barriers to track their sleep and the factors that affect their sleep.

The authors also stressed the importance of supporting long-term sleep tracking to identify trends

to help people create personalized sleep goals. Building upon these opportunities, researchers have

explored varying ways of capturing and providing feedback on aspects related to sleep health. Cog-

nitive Rhythms [17] implemented an in-the-wild study to measure how day-time alertness varies

between people of different chronotypes. SleepTight [30] is a mobile application that lowers the

barriers of manually tracking sleep and helped users make sense of behavioral factors that could be

affecting their sleep. ShutEye [21] is a peripheral display on a smartphone’s active wallpaper that

provides timely guidance on when it is best to engage in activities that could impact sleep, such as

consuming caffeine or exercising. Lullaby provides comprehensive information of users’ sleep en-

vironment. This information allows users to learn about environmental factors that may affect sleep

[65]. Lullaby captures environmental factors (e.g., temperature, light, audio, and motion) in relation

to sleep data captured from a Fitbit. Although these technology designs provide valuable informa-

tion to help users understand their sleep, they primarily focus on sharing collected information to

people and make recommendations based on population-level data.

There still remains a gap in understanding the extent to which behavioral changes to the variables

affecting a person’s sleep can have a direct correlation with well-being and cognitive abilities.

2.7 Self-Experimentation for Sleep

Connected to the design of self-tracking technologies is the study of how people make sense of their

self-tracked health data and why people abandon self-tracking when they struggle to make sense of

said data [48]. To help people make sense of their data, research has explored guiding users through

a process of self-experimentation. Karkar et al. have provided an overview and framework on self-

experimentation [64], and others have worked to develop self-experimentation tools specifically for

sleep. In SleepCoacher, Daskalova et al. [42] presented a framework for effective sleep-based self-
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experiments. SleepCoacher automates the cycle of single-case experiments by collecting raw mobile

sensor data and generating personalized, data-driven sleep recommendations from a collection of

template recommendations created with input from clinicians. The system guides users through

iterative short experiments to test the effect of recommendations on their sleep. However, the study

was limited in that the effects of poor quality of sleep was measured only using a subjective self-

report rating.

In Self-Experimentation for Behavior Change, Lee et al. [80] report on the iterative design of two

complementary support strategies for helping users create their own personalized behavior-change

plans via self-experimentation: One emphasized the use of interactive instructional materials and

the other additionally introduced context-aware computing to enable user creation of “just in time”

home-based interventions. Lee et al.’s work investigated how to help people develop a behavior

change protocol using habits developed using triggers and SMART (Specific, Measurable, Action-

able, Realistic, and Timely) goals. We incorporated findings from this work in our study design and

chose appropriate measurable, realistic, and actionable constructs such as day-time alertness and

working memory as the outcomes to measure.

Finally, Daskalova et. al. [40] conducted a study on self-experimentation with two cohorts of

students, where a total of 34 students performed a self-experiment of their choice. The authors ob-

served how novices run self-experiments and provide guidelines on self-experiment design in terms

of choosing the right variables, the length of the study, affects the way people run self-experiments

and analyze their data. Further, Daskalova et al. [41] later found that social comparison inspired

cohort-based systems for health recommendations towards behaviour change and increased aware-

ness about sleep habits. The findings from these studies served as building blocks for our study

design, as our ultimate goal was to provide a method and basis for people to self-experiment on fac-

tors of sleep that result in measurable impacts on their life, such as mood, alertness, and cognitive

functioning.

Ru-SATED measure

A new framework by Buysse et al. [26] proposed to define sleep health as “a multidimensional pat-

tern of sleep-wakefulness, adapted to individual, social, and environmental demands, that promotes
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physical and mental well-being. Good sleep health is characterized by subjective satisfaction, ap-

propriate timing, adequate duration, high efficiency, and sustained alertness during waking hours.”

Based on this definition, Ru-SATED is a framework that uses six dimensions to measure holistic

sleep quality as follows:

• Regularity: the consistency of bedtime and wake time

• Satisfaction: the subjective assessment of “good” or “poor” sleep

• Alertness: the ability to maintain attentive wakefulness

• Timing: the placement of sleep within the 24-hour day

• Efficiency: the ease of falling asleep and returning to sleep

• Duration: the total amount of sleep obtained per 24 hours

An associated scale with this framework has each measure is rated on a scale from 0-2 with

the total score possible score of 12. The Ru-SATED scale has been validated against the Pittsburgh

Sleep Quality Index (PSQI) [27] and was found to be reliable for the assessment of sleep health

[24]. This framework forms the base from which meaningful correlations between sleep quality and

daytime cognitive function can be generated.

2.8 Guidelines from Personal Informatics

Personal informatics covers a class of systems that help people collect and reflect on personal in-

formation. In the HCI community several studies have been conducted to characterize the different

aspect of self-tracking for health and well-being.

2.8.1 Personal Informatics Models

Some of the formative work in personal informatics was done by Li et al [85], who made a com-

prehensive list of problems that users’ experience with self tracking systems. They derived a stage-

based model of personal informatics systems composed of five stages: preparation, collection, inte-

gration, reflection, and action. They identified four essential properties and barriers that cascade to
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later stages. Rooksby et. al. [108] characterised the use of activity trackers through the term ‘lived

informatics’, featuring two types of tracking: goal driven tracking and documentary tracking. They

identified that tracking information is often used and interpreted with reference to daily or short

term goals and decision making. Epstien et al developed a model to characterize the self-tracking

processes with a focus on the integration of self-tracking into everyday life by people with varying

goals. They proposed a lived informatics model consisting of the decision to track, selection of a

tool, tool usage for data collection, integration and reflection on the data as well and lapsing and

resuming tracking [49]. In a following paper, Epstien et al also studied why people stop using per-

sonal tracking tools over time and provide design guidelines to support people when they lapse in

tracking [47].

2.8.2 Challenges in Long Term Tracking

Li et. al. [86], explored users’ need for self-reflection from their data and identified two phases

of reflection: Discovery and Maintenance. They then identified features that should be supported

in personal informatics tools to support self-reflection. Meyer et. al. [95] specifically observed

the characteristics and challenges of long-term self-tracking for health. They found that changes in

users’ goals and their commitment to tracking affected adherence. They also identified that the type,

amount and the quality of data were determined by the user’s tracking routine and not by potential

future needs. The highlighted key challenges for designing applications for long-term tracking such

as matching the required effort with anticipated benefits.

2.9 Summary

This large body of work forms the foundation upon which I have attempted to build my research.

Since sleep tracking spans several domains such as biology, medicine, engineering and HCI, I have

attempted take a holistic view and make contributions across the different domains. I positioned

my research contribution in creating a novel sensing solution within the context of the hardware

and accuracy limitations of the current commercial devices. By surveying contributions in the HCI

community around sleep tracking, and sleep self-experimentation, I built upon their findings with

a specific contribution in providing sleep feedback that is contextualized with day-time cognitive
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function. In the following chapters I have discussed how sleep feedback can be provided in a mean-

ingful way to promote sleep health and how a novel sleep sensing device can enable unobtrusive,

long term sleep tracking.
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Chapter 3

UNDERSTANDING USER PERCEPTION OF SLEEP DATA

3.1 Introduction

In this Chapter, I describe the study we1 conducted to understand the gaps between user perception

of commercial sleep sensors and expert views on good sleep practices. This study forms the founda-

tion for the following contributions in unobtrusive sensing as well in providing actionable feedback

by answering the first research question:

• RQ1: How do users perceive the feedback they receive from current commercially available

sleep sensing devices?

To understand people’s perspectives on sleep sensing devices, we surveyed 87, interviewed 12 peo-

ple who currently use or have previously used sleep sensors and conducted an in-depth qualitative

analysis of 6986 reviews of the most popular commercial sleep sensing technologies. To understand

expert opinion on good sleep practices, we interviewed 5 sleep medical experts and conducted re-

view of medical literature. The findings of the study highlight aspects of sleep sensors that act as

facilitators to good sleep health and those that act as barriers. Based on these finding we provide

design guidelines to help remove barriers to promoting good sleep health.

3.2 Motivation

Commercial sleep sensing technology for use at home is a growing industry [4]. These technologies

have the potential to overcome the limitations of PSG studies while providing long-term, low-cost,

and accurate representations of people’s daily sleep patterns in their natural and comfortable home

environment. The popularity of these commercial sleep sensors is promising in that they indicate

that people have an interest in understanding and obtaining good sleep health. However, literature

1This study was conducted in collaboration with the following co-authors: Sang-Wha Sien, Shwetak N. Patel, Julie

A. Kientz and Laura R. Pina.
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has not examined whether commercial devices effectively sense sleep quality and provide people

with meaningful feedback. Specifically we wanted to answer the research questions:

• How are people currently using commercially available sleep sensors and making sense of

feedback they provide?

• What aspects of sleep sensing and feedback either facilitate or potentially undermine people’s

ability to understand their sleep and achieve good sleep health?

• What aspects of current sleep sensor technology designs are in line with evidence-based meth-

ods of understanding and promoting good sleep health?

To answer these questions, we collected a data-set consisting of interviews with 5 sleep experts,

surveys with 87 and interviews with 12 people that have used sleep sensing devices, and 6986 con-

sumer product reviews from the most widely used commercial sleep sensing devices. We focused on

sleep sensing technologies that use physiological sensing, such as body movement, breathing rate,

or heart rate to estimate sleep quality and excluded manual, self-reported sleep tracking methods

such as sleep diaries. We find that:

• Self-trackers using sleep sensing technologies often develop broken mental models about

what commercial sleep sensors are able to actually sense, how they work, and are frustrated

with the lack of algorithmic transparency in sleep sensing technologies.

• Self-trackers find it distracting when feedback emphasizes unconscious aspects of sleep, such

as time in sleep stages, over aspects of their sleep they have the ability to control and improve.

• Self-trackers can better understand and improve their overall sleep habits when feedback from

sleep sensors focuses on duration, timing, and making connections to modifiable behaviors

and sleep hygiene.

Our findings examine the state of sleep sensing feedback from the perspective of users’ needs

and sleep experts. From our results, we derive design recommendations that consider users’ needs

and connect them to evidence-based strategies for improving sleep quality. A set of these recom-

mendations provides new avenues to improve sleep sensing.
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3.3 Data Collection

To understand the state of sleep research and the needs of people using sleep sensing devices to

track their sleep, we 1) interviewed sleep experts and reviewed the literature on sleep research, 2)

analyzed consumer product reviews of sleep sensing devices, 3) deployed an online survey, and 4)

interviewed a subset of survey respondents. In this section, we describe our process and analysis

methods.

3.3.1 Interviews with Sleep Experts

To gain an understanding of the factors contributing to sleep health, we conducted a literature review

of sleep research and interviewed five experts in the field of sleep medicine (E1- E5). E1 is a Neu-

rology professor and board certified sleep specialist. E2 is a professor in Psychiatry and Behavioral

Science, co-director of a sleep research center, and editor of a major sleep research journal. E3 is a

sleep researcher in a department of Family and Nursing. E4 is a professor in a department of Family

and Child Nursing and focuses on pediatric sleep. Finally, E5 is a pediatric psychologist and sleep

researcher. Experts were familiar with commercial sleep sensors and the feedback they provide.

These interviews helped us understand experts’ perspectives on how sleep sensing technologies ad-

dress sleep health needs and the practices the experts establish with patients who use sleep sensing

technologies to track their sleep. During the interview, experts were asked to comment on feedback

examples and discuss how they use patient-generated sleep sensing data. We analyzed the sleep

expert interviews with support from the sleep literature to identify themes focused on maintaining

and improving sleep.

3.3.2 Reviews of Sleep Sensing Products

We collected and analyzed product reviews from the most widely-used commercially available sleep

sensing technologies to gather a user perspectives on sleep sensing ‘feedback. We gathered reviews

from three sources: Amazon.com, iTunes Store, and Google Play Store. Our inclusion criteria

consisted of: 1) smartphone apps using phone sensors (e.g., accelerometer and/or microphone),

2) dedicated sleep sensing devices, or 3) fitness trackers which also sense sleep. For smartphone

apps, we analyzed reviews from the 4 highest-rated apps from the iTunes Store and the 5 highest
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rated apps from Google Play. We selected reviews in decreasing order of word count (e.g., longest

reviews first), stopping once we felt we reached data saturation. For iTunes reviews, we reached

data saturation at 280 word count, analyzing 475 reviews out of a total of 2000 possible reviews.

For Google Play reviews, we reached data saturation at 500 word count, analyzing 377 out of a

total of 14581 possible reviews. Combining both sources, we analyzed 852 app reviews. From

Amazon.com, we collected reviews from dedicated sleep sensing devices. These are sensors that are

placed under the mattress (e.g., Beddit, Withings Aura), clipped on the sleeper’s pillow (e.g., Sense

with Sleep Pill), or placed on the nightstand (e.g., S+). We analyzed all 683 reviews for these five

dedicated sleep devices. Also from Amazon.com, we collected reviews from the top four suggested

wearable fitness trackers with sleep sensing functionality: Fitbit One, Fitbit HR, Jawbone Up3, and

Misfit Shine. We only included fitness tracker reviews containing the word ‘sleep’. This led to 3234

Fitbit One, 4298 Fitbit HR, 893 Jawbone Up3, and 78 Misfit Shine reviews to analyze. Similar to

our data saturation process for the smartphone app reviews, we read reviews in decreasing order of

word count, analyzing data until we felt we reached data saturation. These reviews tended to be

longer than the smartphone app reviews. The three authors coding this dataset reached saturation at

different word counts for some of the devices. In total, we analyzed 2113 Fitbit One, 2452 Fitbit HR,

808 Jawbone Up3, and all 78 Misfit Shine reviews, totaling 5451 fitness tracker reviews. Combining

all review datasets, we analyzed a total of 6968 reviews

3.3.3 Online Survey

The themes identified from the expert interview data and the review dataset informed the list of

questions to survey selftrackers using sleep tracking technologies. The 29-question survey focused

on: 1) reasons why people track their sleep, 2) which sleep sensing devices people use and why

those devices, 3) the type of information people wanted to collect, 4) how people make sense of

the feedback from sleep sensing technology, and 5) how people connect data to their sleep quality.

Questions were a mix of open-ended, Likert, and multiple choice. We recruited by posting on social

networking sites, online message forums, and through a sleep blog. To incentivize participation,

respondents were entered into a drawing to win one of five $20 USD Amazon gift cards. We gathered

a total of 87 responses.
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3.3.4 Semi-Structured Interviews

Survey respondents had the option to consent to be contacted for an in-depth follow-up interview.

We contacted all 46 respondents that consented. We interviewed the 12 which replied to our request.

We conducted interviews over the phone or in person. Interviews lasted between 16 to 30 minutes.

With consent from participants, we recorded and transcribed interviews. Interview questions were

based on respondents’ survey answers and were intended to triangulate and add depth to our findings

from the survey, app reviews, sleep literature, and interviews with experts. Five interviewees had

been diagnosed with a sleep disorder and three had stopped tracking. We compensated interview

participants with a $25 USD Amazon gift card.

3.4 Analysis

Our analysis consisted of an iterative affinity diagramming process with 6 steps to analyze our trian-

gulated dataset [4]. In Step 1, we analyzed expert interview data and the literature. We identified 7

themes focusing on sleep hygiene, modifiable behaviors, experts’ perspectives on how sleep sensing

feedback can help their patients address sleep concerns, and how patients and physicians use feed-

back provided by sleep sensing devices. In Step 2, we analyzed the product review dataset, which

generated 64 themes. In Step 3, we created our survey based on the themes generated from the two

previous steps. In Step 4, we analyzed the survey data and merged it with the themes identified from

the product review dataset (i.e., Step 2). In Step 5, we applied the 7 themes from the expert data to

the themes generated from the survey and review dataset, but kept themes reflecting user practices

and challenges. This step trimmed our themes 64 to 30. Based on these themes, we created our

interview protocol to gather deeper insights. Finally, in Step 6, we integrated the interview data to

identify higher level themes presented in the results. For every step of the analysis that required

affinity analysis, the data was split between three authors. Each author analyzed their subset of the

dataset. We then came together to merge, discuss, and iterate on themes.

3.5 Sleep Sensors as Facilitators

Sleep sensing feedback provides awareness, motivates users to prioritize sleep, helps improve sleep

habits, and helps people with sleeping disorders collaborate with their physicians to better manage
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their condition. In this section, we discuss the strengths of sleep sensing feedback and opportunities

to improve.

3.5.1 Promoting Awareness about Sleep Health

Inadequate sleep is the most common sleep issue in the United States [56]. Experts in our study

agreed, explaining that sleep is a low priority for people: “I don’t think that people pay much

attention to sleep until they have a problem” (E3). All experts in our study said sleep sensing

technologies can create awareness of the importance of sleep in typically healthy people: “I don’t

think sleep hits their radar unless someone actually shows them saying look, you are not getting a lot

of sleep” (E4). Just from the sheer availability of consumer sleep sensing technologies, people have

started to utilize these emerging technologies to learn more about their sleep habits. 83.9%(73/87) of

our survey respondents and a majority of online reviewers considered themselves healthy, were very

interested in understanding their sleep, and discussed the benefits of having access to information

about their sleep. This provided users with information they were previously unaware of.

3.5.2 Facilitating Adoption of Healthy Sleep Habits

In addition to increasing duration, sleep quality plays an equally vital role in health and well-being.

To improve sleep quality, one must address modifiable behaviors. Sensors that capture environ-

mental factors such as acoustical noise, room temperature, and ambient light help users identify

potential environmental factors that may be impacting their sleep. Compared to other health condi-

tions, sleep quality is highly subjective. The number of hours, modifiable behaviors, and changes in

sleep hygiene to improve sleep quality may vary for every person.

Although people believe it is important to prioritize sleep and taking proactive steps to address

sleep quality, they also have their own beliefs and metrics on sleep. Personal beliefs can be carefully

examined by incorporating a self-assessment framework. The SATED framework [26] can be used

to identify the quality of a person’s sleep and personalize what adequate sleep means to a specific

user.
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3.5.3 Managing Sleep Disorders or Chronic Conditions that Affect Sleep

Feedback from sleep sensing also has the potential to manage sleep disorders. This data can help

experts work with patients to identify and manage patients’ sleep conditions. Sleep sensors can im-

prove assessment and screening. Because PSG studies take place in a clinic, they do not represent

a patient’s natural sleep environment. They are therefore not well-suited to study non-physiological

disruptors of sleep. Sleep sensing feedback can help patients determine the effectiveness of a treat-

ment for a particular sleep disorder, such as using a CPAP (Continuous Positive Airways Pressure)

machine for sleep apnea. Experts stated that patients struggle to adhere without longitudinal data on

the effects of the treatment: “Is the treatment working? Something beyond their subjective sense of

whether or not they’re better, but some objective data to show that their sleep quality is better” (E1).

Connecting sleep with treatment effectiveness is crucial, especially since over time, patients’ moti-

vation to adhere to treatment decreases: “. . . they forget what it was like before, they get uncertain

as to whether or not they’re better. The device might be able to increase that certainty to motivate

ongoing compliance with treatment” (E1).

3.6 Sleep Sensors as Barriers

Although sleep sensing devices provide useful and objective feedback that is beneficial to users, our

analysis identified areas of improvements and opportunities incorporate evidence-based strategies

to sleep sensing feedback. Feedback from the sleep sensors tends emphasize estimating the number

of hours users spent in various sleep stages and assessing sleep quality using computed, single-point

measures such as Sleep Efficiency or Sleep Score. Current feedback tends to focus on these sleep

stages. For neurotypical people, a breakdown of the time spent in the different sleep stages is not

helpful feedback for improving sleep quality. The focus on sleep stages leads to users developing

inaccurate mental models of how current sleep sensors work and what it means to get good quality

sleep. Feedback on sleep stages distracts users from focusing on adapting modifiable behaviors to

improve sleep hygiene, which really could have a positive impact on their health.
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3.6.1 Inconsistency in Sleep Quality Inference

Experts noted that there is a trait variability to sleep and some measures are very specific to each

person, “Some people can . . . have poor quality sleep and not really feel many ill effects from it.

Other people can have just minor decrements in those sleep factors that have a pretty big impact on

sleep quality (E1).” To provide feedback to users about their sleep, commercial sleep sensors often

focus on determining objective measures such as sleep efficiency, sleep latency, and the different

stages of sleep. Commercial sensors tend to focus less on subjective measures. However, the focus

on objective measures led many users to have a broken mental model of what sensors can infer

and what information is useful to address sleep concerns. R2066 (Fitbit One) says, “The lack of

explanation as to the formula/algorithm that lead to the results are very maddening. What does the

94% effective sleep rating actually mean?”

3.6.2 Mismatch between score and user perception

In our survey, 50% of our respondents agreed or strongly agreed that their sleep score or sleep

efficiency was related to their sleep quality (Figure 3.1). However, these scores may not necessar-

ily provide users an accurate picture of their sleep quality because sleep efficiency scores vary on

hardware specification and sensing sensitivities. “The problem is that it is nowhere near sensitive

enough on normal and way too sensitive on sensitive setting. I had a restless night the night I had it

on normal, waking multiple times, and it recorded 15 minutes of restless sleep and no wake times.

The next night, on sensitive, I had much better sleep, and it recorded only 3 1/4 hrs. of sleep and the

rest waking or activity!” (R10, Fitbit One).

3.6.3 Placing Undue Emphasis on Sleep Stages

Reviewers of sensing devices place high value in sleep sensing devices that can infer sleep quality

based on sleep stages. One review said: “The only thing it doesn’t really do that my mom’s Jawbone

does, is that it doesn’t tell me about my sleep cycles (stage 1/stage 2/REM etc.) it just tells me when

I’m asleep, awake, and ’restless’” (R784, Fitbit Charge). Survey respondents reflected the same

perspective, considering sleep stages to be representative of sleep quality (see Figure 3.1). More

than 60% agreed or strongly agreed that time spent in specific stages such as REM, deep was related
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to sleep quality. I8 said, “The Jawbone . . . gave me light sleep and the deep sleep separation and, of

course, the awake states. Since I didn’t have many awake states during the night, which was good,

I only pretty much had the amount of hours that I was having light sleep and deep sleep . . . What I

eventually understood was that I was having not enough deep sleep”.

Figure 3.1: Percentage of survey respondents who believed their sleep quality was related to various

sleep metrics

Second, there is limited research on how a person can take actionable steps towards affecting

the number of hours spent in a particular sleep stage. “I’m not aware of anything necessarily that

can increase REM sleep. Many medications, particularly psychiatric medications, can affect sleep

architecture sum. What the effect that a medication would have on any given individual is there’s

probably some variability to that” (E1). The feedback on sleep stages provided by commercial sen-

sors promotes incorrect mental models on what these sensors can infer and how these stages actually

impact sleep quality. “It’s . . . a lot of useless feedback. . . what I would like to see more clearly is

really that the lay public understands there is no scientific basis for these numbers” (E5). Experts in-

stead want feedback to focus on issues people actually have control over, such as sleep hygiene and

modifiable behaviors. “That feedback might be if you’re not getting a lot of deep sleep, they might

interpret that as a poor night of sleep and think that their getting bad sleep. Again, it doesn’t really
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lend itself to being actionable; so what are they supposed to do about that necessarily?” (E5). Ex-

perts expressed a desire to help users understand what these sensors can actually infer about sleep:

“I think it [feedback from the device] needs to be scaled back into what we can expect them [users]

to realistically understand and do something about” (E5).

3.6.4 Making unscientific correlations based on sleep stages

For good sleep hygiene, avoiding large late night meals is recommended, but correlating with deep

sleep stage might scientifically incorrect. Users may not have understood is that a big meal might

cause restless sleep, and therefore cutting down on large meals might have allowed them to have less

restlessness, leading to better sleep quality overall. In some cases, such inferences can sometimes

lead to actions that can be potentially detrimental to health. For instance, users like R168 (Zeo)

experimented with medication in an attempt to increase the duration of REM: “I can also see a day-

to-day trend of how the iodine supplement I have just restarted is helping my sleep. It has increased

my deep and REM and I feel better, even though my overall sleep time is not that much more.”

3.7 Discussion and Design Recommendations

Our findings show that sleep sensors increase awareness in prioritizing sleep and help users ad-

dress modifiable behaviors and their sleep hygiene. On the other hand, current feedback focuses

on sleep metrics people do not have control to directly change (e.g., time in sleep stages) and this

distracts users from focusing on aspects they have control over that improve sleep health. We now

provide design recommendations for on the feedback sleep sensing technology can provide to users.

Our guidelines draw from our results, and connect to evidence-based strategies that focus on sleep

hygiene, modifiable behaviors, and the SATED framework for good sleep quality.

3.7.1 Include Subjective Sleep Quality Assessment

Sleep quality is inherently subjective. A poor night’s sleep for one person can be satisfactory and

rested sleep for another person. Furthermore, the effects of a poor night’s sleep vary from per-

son to person. Sleep quality self assessments is often used by clinicians to assess the severity of

sleep-related issues [27]. We recommend that subjective self-assessments be incorporated as part of
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the analysis that sleep sensing technologies execute to calculate people’s sleep quality for a given

night. To assess subjective sleep quality, we recommend incorporating the five dimensions of the

SATED framework, such as Satisfaction and Alertness with more objective measures such as Effi-

ciency, Timing, and Duration. Incorporating users’ subjective assessment should also be integrated

into algorithms that personalize feedback or calculate a sleep score. Furthermore, self assessments

should be used to learn and assess which types of modifiable behaviors worked best in helping a

user improve their sleep over time.

3.7.2 Contextualize Sleep Quality with Journaling

The current state of feedback does not support long-term perspectives on sleep trends. We recom-

mend sleep technologies support long-term visualizations of bed time, wake time, and sleep dura-

tion. Long-term visualizations can provide a richer and more holistic view on variability compared

to daily feedback focused on sleep stage. Viewing long-term trends will help users address aspects

of sleep hygiene related to maintaining a consistent bedtime and wake time.

3.7.3 Focus on Actionable Feedback

We find that feedback helps users connect their daytime behaviors, pre-bedtime behaviors, and

environmental conditions of their bedrooms to their sleep quality, which in turn helps them act

accordingly. This confirms previous research [31, 65]. To help people draw meaningful conclusions

from sleep data, designs need to develop ways of presenting feedback to users beyond correlational

graphs. Moreover, support for more systematic tests such as through self-experiments [42, 64],

can make this process less frustrating than simple trial and error. Systems can allow people to

test behaviors such as the timing of caffeine consumption or installing noise and light blocking

curtains. Reviewing these experiences will help people identify the impact of that change on their

sleep duration, timing, or satisfaction.

3.8 Summary

Sleep sensing technology provides people with rich information about their sleep. These tech-

nologies help people learn about their sleep habits and how to improve sleep health by providing
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feedback on their sleep. However, certain types of feedback lead users to develop broken mental

models about what sleep sensors have the ability to sense and distract users from habits and behav-

iors that are actually affecting their sleep. Across different commercial sensors, the metrics used to

give sleep quality feedback vary and sometimes conflict with clinical standards, potentially under-

mining people’s ability to improve their sleep. The focus on sleep stages, which are difficult to infer

from the set of sensors sleep technologies use, leads users to focus on aspects of their sleep difficult

to control, such as REM sleep. This focus derails users from focusing on modifiable behaviors and

sleep hygiene. Our findings provide a review of the state of current sleep sensing technology from

the perspective of users and sleep experts. Tools should focus on actionable feedback that integrates

modifiable behaviors. Sleep self-assessments can help personalize and contextualize sleep sensing

feedback.
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Chapter 4

CONTINUOUS HEALTH MONITORING: WIBREATHE

4.1 Introduction

In this chapter I describe the design and evaluation of a 2.4GHz CW (continuous wave) wireless

whole-home breathing monitoring system: WiBreathe. The WiBreathe algorithm, designed to pro-

vide accurate breathing rate estimation from a wireless base-band signal, shows promise for the

reliable use of a non-contact system for physiological signal monitoring. The WiBreathe system

was evaluated in controlled lab settings as well as in natural home settings with users performing

activities. WiBreathe’s algorithm was able to reliably detect breathing rate across different scenar-

ios with an average error rate of 2.16 breaths per minute. It is notable that WiBreathe’s error rate

when participants were lying down decreased significantly to 0.96 breaths per minute. This chapter

lays the foundation for a wireless signal based, unobtrusive sensing of sleep-related physiological

bio-markers.

4.2 Motivation

Continuous, non-invasive, and unobtrusive sensing of various health metrics has the potential to

improve an individual’s well being and quality of life. This information not only provides them

with timely feedback on their overall physiological condition but also helps detect abnormalities

in trends over prolonged periods of time. Of the many health metrics, detecting respiration rate

in a home environment has significant impact in determining potential pulmonary exacerbation in

advance. In general, respiration rate in particular is used as a physiological measure for tracking

diseases in many areas, such as sleep, pulmonology, and cardiology, and can also provide useful

insights about the psychological and psycho-physiological condition of an individual. In particular,

continuous monitoring of respiration rate throughout the night is relevant for diagnosing as well as

monitoring sleep apnea; an apnea event is when a patient is not breathing for 10 seconds or longer

during sleep [110]. The breathing patterns associated with high stress levels can provide the user
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relevant information regarding their psychological well-being over long periods of time.

WiBreathe is a whole-home respiration rate sensing system that reliably estimates respiration

rate in a user’s changing environment. Our1 system leverages wireless narrow-band signals to mon-

itor the breathing of an individual anywhere in a home, even when the person is behind walls.

Specifically, our algorithm clusters and chooses between multiple respiratory rate extraction algo-

rithms, and adapts to a dynamically changing environment. Using a single transmitter-receiver pair

(see Figure 4.1), we show the ability to detect breathing during various activities such as reading,

typing at a desk, watching television, and lying down. Given the ubiquity of wireless signals (e.g.,

Wi-Fi), such an approach can enable true continuous breathing detection throughout the day at vari-

ous locations in a home, obviating the cost and inconvenience of deploying multiple sensor systems

around the home.

Figure 4.1: WiBreathe can detect a person’s respiration rate from anywhere in a house without any

instrumentation on the body. The system only requires a pair of transmitter and receivers that can

be placed anywhere in the house.

1This study was conducted in collaboration with the following co-authors: Elliot Saba, Ke-Yu Chen, Mayank Goel,

Sidhant Gupta, Shwetak N. Patel.
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Although clinical devices have are not evaluated in natural settings or when users are performing

activities, research has shown that they tend to have similar variability for respiration rate monitoring

during sleep [33]. WiBreathe enables whole-home breathing detection that works through walls

and over large distances using a single transmitter-receiver pair. WiBreathe’s adaptive algorithms

remains immune to changes in the environment and the user’s breathing pattern.

4.3 System

WiBreathe leverages 2.4 GHz wireless signals to detect the respiration rate of a person located

anywhere in a home. To do so, the user places a transmitter-receiver pair at any location in the

house without any calibration. Ideally, the transmitter and receiver are placed in the two corners of

the room to provide full coverage (see Figure 4.1).

4.3.1 Theory of Operation

The two phases of breathing: inspiration and expiration involve the intercostal muscles and the

diaphragm. The expansion and contraction of these muscles cause a corresponding increase and

decrease in the lung volume and by extension, displacement of the chest and abdomen. When

wireless signals propagate in a medium, apart from the direct path between the transmitter and the

receiver, the signal reflects off various objects in the environment. The human body, when present

in the path of signal propagation, acts as a reflector. The minute chest and abdomen movements

amplitude-modulate the wireless signal before it reaches the receiver. WiBreathe captures these

signal variations and deduces the respiratory rate from the periodicity of the amplitude modulation.

In particular, our system employs an envelope detection algorithm to extract the breathing frequency

from the 2.4 GHz wireless signals.

4.3.2 Hardware

We used two Ettus USRP (Universal Software Radio Peripheral) N210 to prototype the WiBreathe

system as it allows access to a high performance FPGA that can be used to generate a continuous

signal at 2.4 GHz. One USRP was configured as a transmitter and another as a receiver. In our work,

we chose the XCVR2450 RF transceiver frontend that operates in the 2.4 GHz to 5.9 GHz range.
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Figure 4.2: Signal processing for the breathing detection algorithm. After demodulating and de-

tecting the modulation envelope, a 30-second sliding window is applied to compute the average

breathing rate for each window using all five sub-algorithms (Step 6). These breathing rate esti-

mates are input into an adaptive algorithm that selects the best estimate (Step 7). The harmonic fit

from the LSH estimator is then used to classify windows containing body motion, which are ignored

(Step 8).

The USRP generates the continuous signal with a center frequency of 2.4 GHz over a narrow band-

width of 20 MHz similar to a single sub-channel of an Orthogonal Frequency Domain Multiplexing

(OFDM) wireless signal. The transmit power is set to 15 dBm. In addition, LP0965 directional

antennas with a gain of 6 dBi and antenna factor of 32 at 2.4 GHz are used to enhance the signal

strength. In the following sections, we refer to the USRPs along with the directional antennas as

access points (AP).

System and Implementation Details

Figure 4.2 shows the data flow diagram of the WiBreathe system. We transmit a continuous sinusoid

from the USRP transmitter at 2.4 GHz (Fig 4.2, step 1). Breathing alters the magnitude of reflected

signal inducing an amplitude modulation on the transmitted wireless signal. (Fig 4.2, step 2). This

amplitude-modulated signal can be mathematically modeled as:

u(t) = Acm(t)cos(2π fct) (4.1)

where Ac and fc are the amplitude and frequency of the 2.4 GHz carrier signal, respectively, and
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m(t) is the breathing signal acting as modulator upon the carrier. At the receiving end, the access

point first demodulates the 2.4 GHz amplitude-modulated signal down to baseband and samples it

at a rate of 32 KHz (Fig 4.2, step 3). The transmitted sinusoid is then narrow-band filtered and

demodulated by taking the magnitude of a single DFT bin over overlapping windows across the

entire signal, generating an envelope of the received signal (Fig 4.2, step 4). This rejects all spectral

energy not centered around the transmitted sinusoid, keeping all data within 23 Hz of the carrier

frequency. Since the respiration rate of a human usually does not exceed 1 Hz, we further down

sample and filter the signal to restrict the frequency domain to contain only the relevant spectral

energy (i.e., 0.2 - 1.0 Hz). We simultaneously reject high frequency noise as well as the strong DC

component present in all recorded signals through this bandpass filtering. (Fig 4.2, step 5). At this

point, the down sampled signal is similar to a carrier signal amplitude-modulated in the range of

0.2 to 0.5 Hz, (i.e., the human’s normal breathing frequency) [100], and we can begin frequency

estimation.

4.4 Algorithm

To estimate the frequency of the breathing signal, we divide the signal into 30s sliding windows,

with 97% overlap between them (Fig 4.2, step 5). Each window is then analyzed with multiple

frequency estimation algorithms including (1) Zero-crossing detection, (2) Fourier transform maxi-

mum selection (FFT), (3) Linear Predictive Coding (LPC) and (4) Least-Squares Harmonic analysis

(LSH) (Fig 4.2, step 6).

Zero-crossing detection attempts to directly estimate the frequency of a periodic signal by mea-

suring the number of negative-to-positive transitions of a time waveform in a given time window.

Temporal peak detection similarly measures the number of local maxima/minima of a time wave-

form in a given time window. Both of these methods work well in the absence of noise; however as

noise increases, it is to be expected that their performance will suffer.

Fourier transform maximum selection (hereafter denoted as the FFT method) takes the DFT of a

given time window, and simply selects the frequency with the largest component. This method was

employed by [9] in a highly controlled setting and has shown promising results.

Linear Predictive Coding (LPC) analyzes a given time window by learning the linear relationship
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of samples in that window via a least-squares estimation method. This algorithm was first introduced

by O’Shaughnessy,D. [51] and has found wide applications in fields such as speech processing. The

linear relationship found through LPC represents a filter that estimates power spectral density of

the signal, and therefore using the result of LPC analysis allows us to estimate the location of the

dominant spectral shape in the signal being analyzed. Furthermore, this algorithm is not quantized

in its accuracy as compared to methods such as zero-crossing, temporal peak detection, or the FFT

method. In all these previous cases, the output value is quantized by either the temporal sampling

rate, or the Fourier bin size; however LPC is capable of yielding frequency values with sub-bin

resolution.

Least-Squares Harmonic analysis (LSH), proposed by Qin, L. [87], takes advantage of the fact

that the breathing signal is not perfectly sinusoidal, but is still roughly periodic. Periodic non-

sinusoidal signals create harmonics at integer multiples of the fundamental frequency, and LSH

uses this fact to gain better results in situations with high noise. It does this by using the Goertzel

algorithm to analyze spectral energy at specific, harmonically related frequencies, and chooses the

fundamental frequency whose harmonics have the greatest total energy. The Goertzel algorithm

uses a filter to determine the energy in a narrow band of frequency similarly to the DFT, but with an

arbitrary frequency resolution, which we have chosen to be 0.001Hz between 0.1 and 0.7Hz. This

addresses the quantization issues mentioned above, and exploits the fact that breathing signals have

at least a second harmonic with significant energy above the noise floor. This allows LSH to gain

sub-bin resolution similar to LPC, and aids the estimator in the presence of noise, because the extra

energy in the second harmonic effectively increases the signal power.

These four algorithms each take advantage of different features of the breathing signal, perform-

ing very differently depending on factors such as the subject’s breathing pattern, the ambient noise

level and the orientation of the subject relative to the transmitter and receiver. In Figure 4.3 the

waveform displays a large amount of high frequency energy due to a combination of user motion

and noise. This high frequency energy causes the zero-crossing and LPC to severely overestimate

the breathing rate resulting in an comparatively high error percentage of 51% and 67% respectively,

whereas the Least-Squares Harmonic analysis and FFT estimator are able to accurately locate the

base harmonic of the breathing signal, and give a closer approximation with 21% and 31% error rate

respectively.
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Figure 4.3: Breathing waveform with time and frequency domain representations. Significant high

frequency energy due to activity and signal attenuation, reducing the performance of zero crossing

and LPC.

Conversely, in Figure 4.4 is shown a situation in which the signal is particularly non-sinusoidal

due to shallow breathing, and therefore lacks a strong single dominant frequency, preventing FFT

and LSH estimators from accurately determining the breathing rate. The LPC and ZC methods on

the other hand are better equipped to estimate the central frequency component in a large group of

frequencies of similar magnitudes when spectral energy due to noise is not an issue, and therefore

are able to perform with an error rate of 7% and 15%, as opposed to FFT and LSH estimators which

result in 21% and 26% error respectively.

Our analysis shows that no single method is able to perform adequately across all situations

since different factors induce varying frequencies close to the actual respiration rate. To address

this, we have created an adaptive algorithm that dynamically combines and selects results from all

four algorithms presented (Fig 4.2, step 7). Initially, the algorithm determines the mean of two clos-

est frequency estimates between all the four algorithms. Once we have at least 5 past estimates, the

adaptive algorithm then takes the results from all sub-algorithms for the current window and selects
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Figure 4.4: Breathing waveform with time and frequency domain representations. Non-sinusoidal

breathing pattern lacking a dominant frequency causing increased error rate in FFT and LSH esti-

mators.

the result closest to the median of the last five frequency estimates. All the four individual estimation

techniques estimate a new value every 0.9 seconds, therefore using the past 5 estimates is a reason-

able choice since the respiration rate does not change drastically over 4.5 seconds. Furthermore it

assumes that at least two of the four sub-algorithms are able to estimate the respiration rate with

moderate accuracy in any scenario. This way, our system is able to select the best sub-algorithm

such that the frequency estimate does not vary dramatically over short time periods, a phenomenon

which plagues all of these five frequency estimation methods and results in large spikes in error

rate. Combining the results across multiple algorithms to adaptively choose the best estimate, al-

lows this algorithm to outperform any single algorithm by avoiding these large deviations from the

true respiration rate.
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4.5 Evaluation and Results

We evaluated the performance of WiBreathe in four different conditions and compare the perfor-

mance against the individual techniques mentioned in the System and Implementation Details sec-

tion. Apart from the four techniques used in WiBreathe, we also evaluate the results from an-

other common technique Peak detection, used mainly for breathing detection in wearable or contact

breathing detection. For all the experiments, participants wore a Vernier respiration-monitoring

band around their abdomen to capture the ground truth respiration rate. The strap is similar to a

brachial blood pressure cuff and consists of a bladder that is filled with air. Since the outward and

inward abdomen movements cause changes in the air pressure, a differential air pressure sensor is

used to convert the varying air pressure to a voltage ranging from 0 to 5V. The analog voltage was

then recorded using a data acquisition unit. We conducted experiments in two settings. The first

set of experiments was done in a controlled lab environment and the second set of experiments was

performed in participant’s homes in a natural setting.

4.5.1 Controlled Settings

To explicitly evaluate the trade off between increased SNR and coverage of the directional antennas

we conducted a controlled study with 3 participants in an office space. Participants were asked to sit

at various positions with respect to the transmitter receiver pair and their breathing rate was recorded

for a period of 3 minutes in each position.

Effect of Distance: Participants were asked to sit at 5 different positions with a distance of 0.9m,

1.5m, 2.1m, 2.7m, 3.3m, 4.3 m. Fig. 4.5(left) shows the error rate for all the individual algorithms

as well as WiBreathe’s combination algorithm when the participant sat at various distances from the

transmitter-receiver pair.

We can notice a general trend in error rate for all the algorithms: the error increases considerably

when the participant sits closer to the transmitter-receiver pair (i.e., less than 1.5 m). The reduced

performance when the user is too close to the antennae results from the directionality of the antennas.

As the directional antennas used in the experiment have a radiation pattern similar to that of a cone

radiating outwards, the intensity of the signal is higher along the main-lobe while slightly attenuated

along the side lobes. Therefore, the positions located in the range of the main-lobe (i.e. 1.75m
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Figure 4.5: Experimental test-bed for Study 1: Line-OfSight. (Left) Data was collected at 5 loca-

tions (marked as grey points) of different distances. Error percentage (%) for Study 1: Line-Of-Sight

(various distances) of four estimation techniques and combined WiBreathe algorithm. Experimental

test-bed for Study 2: Line-OfSight. (Right) Data was collected at 3 spots with various orientations

(incident angles of 12o, 0o and -33o) relative the receiver. Error percentage (%) for Study 2: Line-

Of-Sight (various orientation), of four estimation techniques and Combined (WiBreathe) algorithm.

4.3m) yield a low error rate while in the positions that fall out of range of the main lobe have higher

error rates. In case of the Combination algorithm, this variability in error percentage due to distance

is reduced and the performance of the system stabilizes. The fact that the Combination algorithm

performs better even when close to the antennae suggests that WiBreathe is able to counter the

variability of signal strengths and a user’s positions. It can be used reliably in most locations and is

less prone to dead-zones.

Effect of Orientation: Orientation: To study the effect of orientation of the individual with

respect to the antennas on the respiration rate in a controlled environment, we recorded data at three

different positions as shown in Fig. 4.5(right). We can observe slightly increased error percentage in

frequency estimation for individual algorithms in case of off-center orientations. When the angle of

incidence is equal to the angle of refection (e.g.. 33o), there is total internal reflection like conditions

for the signal, making the error rate comparatively lower. As the user moves away from the point

of optimal reflection, the intensity of the reflected signal decreases resulting in decreased signal to

noise ratio. This leads to higher error rates. However, by adaptively choosing the best estimates

from the five algorithms, we are able to resolve this problem and make the system more reliable

with change in position. Our approach has an average error of 9.8% when the user is at the center

and 7.1% when the user is off-center, as compared to 7.5% and 15.25%, respectively, without using
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WiBreathe’s combination of algorithms.

4.5.2 Natural Settings

In order to evaluate how well WiBreathe works in a natural setting, experiments were conducted

across 4 homes varying in square footage from 600 sq. ft. to 2000 sq. ft. with 6 unique participants,

ranging from 23 to 40 years old (3 female). Each home had at least 6 LOS and 2 NLOS scenar-

ios. Prior scientific literature and our controlled experiments have both suggested that a number of

factors could affect the performance of a wireless sensing system in an environment. Of those, the

most relevant and crucial ones are: 1) Environmental factors such as distance and orientation of the

user from the antennas and 2) Subject variations such as movement, posture and activity of the user.

To test the performance of WiBreathe across these factors, we collected data for each participant at

multiple locations while they performed different activities. The users were asked to sit at different

positions in a room where the antennas were placed in two corners as shown in Figure 8. The ex-

tracted breathing signal from WiBreathe and the ground truth was captured for a period of 3 minutes

in each position.

Distance and Orientation: The directional antennas used in our experiments were placed in

locations that maximize the sensing coverage of users’ daily activities such as reading, watching tv,

or typing. At each positions, we examined the effect of distance and orientation between the user

and the antennas.The six positions varied in distance from 1.5 m to 6 m across 4 homes. Figure

4.6(left) shows the error rate for all of the individual algorithms as well as WiBreathe’s combination

algorithm when the participant sat at various positions with respect to the antennas. Our approach

presents an average error of 1.92 breaths per minute (bpm) across all 6 positions.We can also observe

that the variablity in error rate is higher for all other individual algorithms compared to WiBreathe

across the six positions.The observation that the WiBreathe algorithm performs better across all

positions suggests that WiBreathe is able to counter the variability of signal strengths and user

orientations by adaptively choosing the best estimate from the individual algorithms. It can be used

reliably in most locations and is less prone to dead-zones instead of using any of the other single

techniques.

Activity: We also evaluated the performance of WiBreathe when we factor in motion and prob-
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Figure 4.6: Error percentage (%) for Study 1: Line-Of-Sight (various distances) of five estimation

techniques and our approach: LSH, FFT, Zero Crossing, Peak Detection and Combination.

able changes in posture when users perform everyday activities. The users were engaged in four

different activities, in decreasing order of intensity of motion: typing, reading, watching a video,

and lying down. In order to simulate sporadic body movements while performing these activities,

like stretching, adjusting their posture, etc., we instructed the users to move at timed intervals. This

served as ground truth since we could determine when the algorithm ignored segments from motion

and not due to addition of noise by other environmental factors. While it is expected that activites

such as typing would have a higher error rate due to increased motion, Figure 4.6(right) shows that

across the three activities where the participant is sitting, reading has a slightly higher error rate.

Amongst the various factors that contribute to error, we have observed that the participant’s posture

(sitting straight versus slouching), induce much more noise in the signal compared to finger and

hand movements. This effect is further shown by the fact that the error is least, 0.96 bpm, when the

participant is lying down.

4.5.3 Breathing Pattern Detection

Our detailed discussions with medical professionals informed us that for most medical applications,

the detecting changes in a user’s breathing pattern and respiration rate are far more important than

determining respiration rate when users are engaged in motion. For example significant variance in

respiration rate of an individual or repetitive shallow breaths can point towards respiratory distress

or dyspnea. Detection of time periods where there is no breathing signal or discontinuities in the
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breathing signal point to apnea and arousal events during a sleep cycle which helps in diagnosis of

sleep apnea. This means a system that adapts to sudden variations in breathing rates can be equally

or even more useful than the earlier systems. Therefore we investigated how WiBreathe performs if

a user’s breathing pattern changes considerably over a short duration of time. Figure4.7 (top) shows

the received signal versus the ground truth in a situation where the user is initially breathing slowly,

then suddenly increases their respiration rate. This period of rapid breathing is then followed by

a period of no breathing, then a short time of deep slow breaths followed by a few fast and slow

breaths. The performance of various algorithms and WiBreathe’s combined algorithm can be seen

in Figure 4.7 (bottom). Although WiBreathe rejects sudden changes in frequency in a short window,

when multiple algorithms show consensus it is able to get a closer estimate across the entire time

frame resulting in reduced average error rate.

More experimental set-ups and results can be found in the paper [106]

4.6 Discussion

4.6.1 Dynamic Algorithm Selection For Higher Accuracy in Natural Settings

From our results, we observe that some algorithms have high resilience to distance and orientation

such as zero crossing and FFT with an average error percentage of 18.5% and 19.6% respectively

while some adapt better in the presence of noise due to activity such as FFT and LS estimator

with error percentages of 16.8% and 18.8% respectively. Overall there is no single algorithm that

works the best in all situations. Given these results, we designed WiBreathe to adapt to the natural

variations in breathing frequency as well as changes in the environment. Our approach combines

the estimates from an ensemble of four different techniques and adapts dynamically over a different

scenarios to enable continuous respiration rate monitoring over long periods of time.

4.6.2 Implementation in Commodity Wi-Fi Routers

Given that our preliminary experimentation suggests that WiBreathe’s respiration rate estimation

technique is reliable under various conditions, we believe the next step is to apply similar signal

processing and frequency estimation techniques presented here to actual Wi-Fi signals. This would

make the system truly ubiquitous and allow a Wi-Fi router to receive RF signals from any single
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Figure 4.7: (Top) Breathing pattern detection in reflected raw received signal. (Bottom) Performance

of various algorithms for drastic changes in breathing rate.

Wi-Fi transmitting device (Access point, cellphone, laptop, smart TV, etc.) for respiratory rate

estimation. The directional antennas used for WiBreathe provide significant gain and directionality

and aid in breathing pattern detection. However, omnidirectional antennas used in commercial

routers may not be able to provide such high gain. The adaptation of the current algorithm to an

actual Wi-Fi router can be explored further.
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4.6.3 Vital-signal Detection of Mutiple People

In order to verify the feasibility of using WiBreathe to detect the respiration rates of multiple indi-

viduals present in the same room, we conducted a preliminary study with two users. The participants

were asked to breathe to a metronome at set frequencies. Figure 13 shows the FFT plots with the

estimated frequencies of the two individuals. The relative position of the users and the breathing

patterns causes one of the frequencies to be dominant. By implementing a simple notch filter we

can filter the dominant frequency and the second person’s frequency can be then estimated. We see

that for multiple users the sub-algorithms can reliably detect respiration rate with an error of 1.54

bpm. While frequencies of two people breathing in the same environment can currently be estimated

given certain preconditions, a more useful application of the system would be the ability to track

the respiration rate of a single person in the presence of multiple people. This would be helpful in

the case of tracking the respiration rate of one person when two people are sleeping side by side

on a bed. This can be implemented by beamforming, specifically by leveraging MIMO systems

available in modern routers to estimate the Angle of Arrival of two signals using Multiple Signal

Classification.

4.7 Summary

In this chapter, I have presented a non-invasive breathing monitor system that requires no instru-

mentation on the human body. Using a single pair of transmitter and receiver, our system is able

to monitor the respiratory rate of an individual located anywhere in the house. Our algorithm takes

the results adaptively from five different sub-algorithms, making the system robust in a dynami-

cally changing environment. We evaluated the system in both a lab-controlled and real home en-

vironment. The results show an average error rate of 2.16 bpm in a natural setting across our 6

participants, which is comparable to a clinical breathing monitor. As health sensing becomes more

commonplace, WiBreathe enables whole-home, continuously respiratory rate monitoring, obviating

the need for any wearables on body.

Through WiBreathe system we have demonstrated the feasibility of using wireless signals for

continuous non-contact physiological signal monitoring in a home environment. In the next chapter

we can see how the wireless signals can be used for sleep sensing.
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Chapter 5

CONTINUOUS SLEEP MONITORING: DOPPLESLEEP

5.1 Introduction

In this chapter I describe the implementation and evaluation of a 24GHz FMCW (Frequency Mod-

ulated Continuous Wave) RADAR system: DoppleSleep; for sleep estimation. DoppleSleep shows

promise in being able to unobtrusively sense three sleep related biomarkers: breathing, heart rate

and body movement. By extracting 42 frame level features from these three signals, we1 then clas-

sify sleep versus wake state and derive sleep related objective metrics. DoppleSleep paves the path

for an unobtrusive sleep sensing solution that can provide objective sleep metrics to aid in long term

sleep tracking.

5.2 Motivation

An overview of the state of art in sleep sensing can inform us of the existing gaps in the practical

usage of sleep sensing systems. At one end of the spectrum is polysomnography (PSG), which is

regarded as the medical gold standard for assessing sleep quality and for diagnosing sleep-related

disorders such as sleep apnea [62]. By instrumenting patients with at least 7 different sensors and

electrodes that track various sleep-related physiological parameters throughout the night, PSG pro-

vides fine-grained sleep quality assessment. PSG is considered a highly obtrusive sleep sensing

system due to its expense, impracticality for home-based use, and comfort-level for the patient,

and thus its application is limited to diagnosing sleep-related disorders in clinical settings for a

short duration. At the other end of the spectrum are commercial devices that enable long-term sleep

monitoring. These primarily use Actigraphy, a widely adopted method that infers sleep duration and

quality by measuring body motion during sleep [43]. Numerous consumer electronic fitness trackers

[3, 8] leverage inbuilt accelerometers to provide actigraphy based sleep monitoring. However, many

1This study was conducted in collaboration with the following co-authors: Tauhidur Rahman, Alexander T. Adams,

Mi Zhang, Shwetak N. Patel, Julie A. Kientz, Tanzeem Choudhury.
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users are resistant to the idea of having to wear or place sensors close to the body during sleep [29].

To facilitate non-contact sensing, smartphone apps have been developed that sense sleep-related

environmental factors in addition to body movement to infer sleep quality. A low-cost, long-term,

contactless sleep sensing system that monitors sleep related physiological variables similar to PSG

but with the unobtrusiveness and potential for long-term monitoring of actigraphy could bridge the

gap between effectiveness and daily usage of sleep sensing.

Figure 5.1: Comparison of DoppleSleep with a few state of the art sleep sensing technologies in

terms of their typical usage, intrusiveness, affordances, sensing modalities, captured sleep biomark-

ers and predicted sleep variables.

DoppleSleep, is a contactless sleep sensing system (Figure 5.1) shows the that monitors three

significant sleep- related biomarkers: breathing rate, heart rate, and body motion using a single, low-

cost, off-the-shelf, K-band 24GHz radar module. Using a radar transceiver, the system tracks phase

changes in the reflected electromagnetic waves and tracks the sleeper’s body and limb movements.

In the absence of large body movements, it also estimates the sleeper’s breathing and heart rate

using the periodic phase changes of the reflected wave from the expansion and contraction of heart

and chest wall. DoppleSleep’s breathing and heart rate estimation algorithm is relatively robust at

various orientations and distances up to 2m between the user’s body and sensor. It can estimate

heart and breathing rate with an overall mean absolute error of 1.98 and 3.29 cycles per minute
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respectively. DoppleSleep uses these three sleep biomarkers to classify an epoch (the time unit for

sleep classification) as a sleep or wake event with a recall of 89.6%. The sleep events are further

classified as REM or NREM sleep stages with a recall of 80.2%. Lastly DoppleSleep objectively

quantifies sleep quality using validated measures like sleep onset latency, number of awakenings,

total sleep time, and sleep efficiency, similar to those produced in a PSG report [16]. DoppleSleep

is comprised of an embedded system unit and a smartphone application unit. The embedded system

unit locally samples and amplifies the raw radar base-band signal and transmits the signal to the

smartphone via Bluetooth for further processing. The smartphone application unit is then used for

heart rate, breathing rate, movement estimation, and sleep modeling. Although contactless detection

of vital signals has been explored and refined over the last several decades, this is the first attempt

that uses vital signals for sleep stage mining. DoppleSleep is a novel and complementary approach

to sleep measurement that does not require contact with the user or the user’s bed. We evaluated the

contactless sensing of physical movements, heart rate, and breathing rate using short-range Doppler

radar in both laboratory and real world settings. WE also developed and preliminary validation

of Sleep vs. Wake and REM vs. Non-REM classification using objective sleep biomarkers and

predicted sleep variables from sleep quality measurements on about 110 hours of sleep data collected

from 16 sleep sessions with 8 participants.

5.3 Algorithm

DoppleSleep explores the feasibility of contactless vital signal sensing using RADAR in the sleep-

sensing domain. We selected a K band (24 GHz) direct conversion quadrature RADAR module, as

it was most suitable for our application. The fundamental principle behind detecting vital signals

using continuous wave (CW) Doppler radar is demonstrated in Figure 5.2.

The module transmits a single tone T (t) on a carrier frequency of f , wavelength of λ = c/f ,

combined with phase noise φ (t) from the oscillator, given by:

T (t) = cos(2π f t +φ(t)) (5.1)

Assume that T(t) traverses a distance of d0 and hits a human’s body generating periodic chest

movements due to respiration and heart beating. If the displacement of chest due to respiration is
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Figure 5.2: Detection theory of heartbeat and breathing using continuous wave (CW) Doppler radar.

xr(t) and the displacement of heart due to heart beat is xh(t), the overall movement can be expressed

as x(t) = xr(t)+ xh(t). As a result, the reflected signal R(t) received by the radar is given by:

R(t) = Arcos(2π f t− 4πd0

λ
− 4πx(t)

λ
+φ(t− 2d0

c
)) (5.2)

R(t) is a time delayed and amplitude reduced version (reduced to Ar) of the transmitted signal

T(t). Most importantly, the information of x(t) is phase modulated in R(t) in addition to the distance

between the human body and the radar, d0 and a time delayed version of the phase noise φ(t 2d0
c ).

After R(t) goes through a Low Noise Amplifier (LNA), it is converted to baseband by a mixer that

multiplies the received signal with a copy of the transmitted signal. The output of the mixer gives

the difference or intermediate frequencies (IF). The receiver thus gets rid off any information related

to carrier frequency (2π f t) and preserves the change in phase of the signal corresponding to x(t)

which we want to capture. In this study we use a quadrature receiver, which compensates for null

detection points a problem faced by single channel receivers [46]. In a quadrature receiver, R(t) is

split into two components and multiplied by two copies of transmitted signal that are 90deg out of

phase with each other. The output is thus a pair of orthonormal baseband signals, BI(t) and BQ(t),
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expressed by equation 5.3, 5.4.

Bi(t) = cos(θ +
π

4
+

4πx(t)
λ

+∆φ(t)) (5.3)

Bi(t) = cos(θ − π

4
+

4πx(t)
λ

+∆φ(t)) (5.4)

Here, θ = 4πd0
λ

+ θ0, contains the target distance information d0 and ∆φ(t) is the residual os-

cillator phase noise. The portion of interest is therefore the phase modulation due to physical

and physiological movements x(t) given by 4πx(t). Since BI(t) and BQ(t) have a 90deg phase

difference,lambda the quadrature receiver ensures that at least one of the baseband channels is not

at a null detection point [46]. For example, if the distance d0 that makes up θ is such that θ is π

4 ,

then Bi(t) and Bq(t) can be approximated as

Bi(t) =
4πx(t)

λ
+φ(t) (5.5)

Bq(t) = 1− [
4πx(t)

λ
+φ(t)]2 (5.6)

Here Bi(t) is at an optimal point with full sensitivity, while Bq(t) is at a null point with least

sensitivity. Thus phase information can be recovered from one channel even if the other is at a

null point. The next step is to process the two channels to get a output signal that is compensated

for null-point. There are various null-point compensation techniques including frequency tuning

technique [120], complex signal demodulation [81] and arctangent demodulation [102]. In this

study we used a simpler technique of selecting one optimal channel that is farthest from the null

point using interquartile range. Higher interquartile range of a channel will indicate that it is further

away from the null-point, thus the optimal channel.

5.4 Sensing Physical Movements

During sleep, out body manifests voluntary body movements such as tossing and turning, chang-

ing posture and involuntary limb movements such as myoclonic twitches [113]. The frequency and

extent of the physical movements and vital signal variations during sleep can be used as indicators
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of sleep quality. Now we explain the algorithm used to segment physical movements during sleep.

The challenge of using Doppler radar to track physical movements is that we must be able to isolate

noise due to vibrations from appliances such as fan, air-conditioning unit or a speaker within the

radar’s range from human body movements. In order to address this challenge, we recorded phys-

ical activity data using the radar module and an accelerometer in our lab with 4 subjects. We then

simulated three scenarios: (a) no physical movement, (b) common sleep related body movements

(e.g. leg movements, tossing and turning, sitting up, head movements) and, (c) environmental noise

induced by appliances. This was used as training data for our motion classifier. We then applied

a low pass filter with cut off frequency at 3Hz, on the baseband signal, to remove high frequency

periodic noise caused by environmental factors. As a result the frame-level RMS energy of the

filtered baseband signal mostly corresponds to the presence or absence of body movements. How-

ever, there may be some frames where relatively high RMS energy may be caused due to aperiodic

changes in the machine (e.g when the machine switches). In order to isolate these frames, the zero-

crossing rate and the RMS energy of the filtered baseband signal are used as features for every 30

second frame. A leave-one-subject-out cross-validation experiment with a very simple threshold-

based classifier indicates that these two features extracted in a frame level can easily discriminate

among the three categories with an average recall of 94.5%. Using our algorithm to detect human

movement, we found that the frame-level RMS energy of the filtered baseband signal is correlated

(mutual information 0.86) with the frame-level RMS energy of the norm of 3D acceleration values

from the accelerometer worn by our participants.

5.5 Sensing Breathing and Heart Rate

Once the signal frames containing movement data have been classified and isolated, we then proceed

to estimate breathing and heart rate on frames that contain no body movement. As explained previ-

ously, the baseband signal Bi(t) is a linear combination of movement caused by breathing and heart

beat signal (x(t) = xh(t)+xr(t)). As the breathing process generates relatively lower frequency sig-

nals than the heart beating process, we used two bandpass filters to isolate xh and xr(t) from Bi(t).

The bandpass filter for estimating breathing rate captures the lower frequencies that gets created in

the baseband signal due to chest expansion and contraction. Specifically, we used a minimum or-
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der Butterworth filter with stop-band frequencies at 0.1 Hz, 0.8 Hz and passband frequencies at 0.3

Hz, 0.7 Hz to estimate any breathing rate ranging between 9 and 20 Breath per Minute. Similarly

another minimum order band-pass Butterworth filter was designed with stop-band frequencies at 1

Hz, 3 Hz and passband frequencies at 1.5 Hz, 2.5 Hz to estimate any heart rate between about 45

and 80 Beat per Minute. For both filters, passband ripple and stop-band attenuation was chosen to

be 1 dB and 60 dB respectively. These Butterworth filters have proven to be useful for vital sign es-

timation in prior literature [92]. These two filters are applied on the baseband signal Bi(t) to get the

estimated breathing and heartbeat waveform. Figure 5.3(a) shows the estimated and reference (or

ground truth) breathing waveform from a respiratory inductance plethysmography (RIP) band. Sim-

ilarly, figure 5.3(b) shows the estimated heartbeat waveform overlaid with the reference heartbeat

signal from an electrocardiogram (ECG).

(a) (b)

Figure 5.3: (a) (Top) Estimated and the reference breathing waveform, (Bottom) Power spectral

density of the estimated breathing waveform. (b) (Top) Estimated and the reference heart beat

waveform, (Bottom) Power spectral density of the estimated heart beat waveform.

In figure 5.3(a), the peaks and troughs of the reference signal correspond to inhalation and

exhalation. Notice that the estimated breathing waveform has peaks in both peaks and troughs of
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the reference signal. Hence, for every cycle of the reference breathing signal, we get about two

cycles of our estimated breathing signal, one for inhalation and the other for exhalation. Thus

the estimated breathing rate is half the frequency of the filtered signal. By applying a Fourier

transform on the filtered baseband signal, we can then estimate the power spectral density of the

signal as illustrated in figure 5.3(a)(bottom). The peak of the power spectral density corresponds to

the dominant frequency, which is in this case the breathing rate. Similarly in figure 5.3(b), for every

cycle of the reference heart beat signal, we get two cycles of our estimated heart beat signal. Thus

the estimated heart rate is half the frequency of the filtered signal. Figure 5.3(b)(bottom) shows

the power spectral density of the estimated heart beat, where the peak corresponds to the dominant

frequency, which is the heart rate. In order to smooth our heart and breathing rate estimation, we

applied a moving average filter with a length of 16. We also found that the window size of 30

seconds and shift of 5 seconds minimizes the heart rate and breathing rate estimation error.

For a sleep sensing system to work in real-world settings the vital signal tracking needs to be

robust to relative orientation and distance between the radar sensor and the users’ bodies during

sleep. In order to evaluate the performance of DoppleSleep at various orientations and distances,

we conducted two studies in a controlled environment. Four participants were recruited and their

breathing and heart rate was recorded using the radar modules placed at different distances and

orientation. The reference heart and breathing rates was recorded from a biometric shirt Hexoskin

[5], embedded with an electrocardiogram (ECG) to provide heart rate value and respiratory induc-

tance plethysmography (RIP) to provide breathing rate value. Comparing the estimated heart and

breathing rates to the reference values we computed the mean absolute error.

5.5.1 Distance Test

The distance d0 between the subject and the radar is directly correlated to the power of the reflected

R(t) and the baseband signals BI , BQ. Specifically, as the distance d0 increases, the reflected signal

gets weaker (Arß0 in equation 5.2) due to signal loss when propagating through the longer distance.

The aim of this test was to find out the effect of distance on DoppleSleep’s heart and breathing rate

detection algorithm. We recruited 4 subjects and asked them to lie down in a supine position in our

laboratory. We then varied the distance between the Radar and the subject from 0.5m to 2m with
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0.5m increments. The overall error rate stays within 2 CPM (cycle per minute) for distances up to

2m.

5.5.2 Orientation Test

The orientation test was conducted to explore the effect of relative orientation of the radar sensor

with respect to the user’s body, on heart and breathing rate estimation. Different orientations allow

the sensor to capture different profiles of the human body as the heart and chest wall compress and

expand. Thus different orientations may result in different error rates for heart and breathing rate

estimation. We estimated heart and breathing rates using the radar at five different orientations with

respect to the subject’s body: (A) facing the bottom of the feet, (B) facing the chest, (C) facing the

side of the torso, (D) facing the top of the head and (E) facing the back. In all the five orientations the

radar was 1 meter apart from the subject’s body. The lowest error rate for heart rate and breathing

rate estimation is achieved when the radar faces the back of a subject’s body. In other words, if user

places the sensor underneath the bed, the performance of heat and breathing rate estimation might be

maximized. Our result is in accordance with the findings in [83] where the authors explained that the

accuracy of heart rate and breathing rate estimation from the back is maximized due to the minimal

harmonic interference. Also we can observe that orientation A yields relatively smaller error rate.

This could be attributed to the fact that the radar captures a larger profile of the abdomen than the

chest, which exhibits more motion due to breathing and heartbeat in a supine position. Although

different orientations yield different error rates, the overall error rate is within 3 CPM (cycles per

minute) no matter where the sensor is placed.

5.6 Evaluating DoppleSleep in the Wild

We recruited 8 healthy participants with no prediagnosed sleep disorders and collected sleep data

for 2 sleep session each during their normal sleeping schedules at their homes. In total, we collected

around 110 hours of sleep data. A biometric shirt (Hexoskin [5] ) was provided to capture ground

truth heart rate using embedded EKG electrodes, breathing rate using respiratory inductance plethys-

mography, and physical movement using accelerometer. Two commercially available sleep-sensing

systems were provided to track sleep stages and serve as reference for sleep quality parameters. Zeo
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[15] is one such system that uses a headband embedded with EEG electrodes to track brain activity.

Respironics [9] is another actigraphy-based system that predicts sleep stages based on accelerome-

ter data. Both systems have been used in the research community as reasonably accurate references

for wake/sleep and objective sleep quality parameters [54]. Participants were instructed to place

the Doppler radar sensor at least 0.5 meters away from the body. The radar module’s sensitivity in

horizontal and vertical direction is respectively 80 degree and 34 degree. As long as the body is

within the radar’s angular coverage, the radar can effectively capture any movement from the body.

5.6.1 Sleep Modeling

The sleep inferences (sleep vs. wake state and REM vs. Non-REM stage) from the EEG headband

(Zeo) are used as ground truth for modeling sleep. Our sleep modeling starts with a Sleep vs. Wake

classifier, which is a primary requirement for any daily sleep tracking purposes. Once a particular

epoch of data is identified as sleep, we then classify the epoch into two stages: REM and NREM

(or Non-REM). Lastly we objectively estimate sleep quality using clinically validated sleep quality

parameters.

In order to train the Sleep vs. Wake classifier, we extract high-level features of the sleeper’s

physical activity, heart rate and breathing rate for every 5 minutes to predict sleep or wake states.

We then apply different statistical functions to summarize various aspects of the activity, heart and

breathing rate values in a frame. These statistical functions include extremes (min, max), averages

(mean, RMS, median, quartiles), dispersion (standard deviation, interquartile range), peaks (number

of peaks, average distance between peaks, average amplitude of peaks), rate of change (zero crossing

rate) and shape (linear regression slope). This feature ex- traction process yields 42 frame-level

features. As heart rate and breathing rate is only estimated during episodes of no physical movement,

we apply spline interpolation to estimate missing heart rate and breathing rate values during these

occasional episodes of movement. In order to find the most discriminative features for our Sleep vs.

Wake classifier, we then apply a correlation-based feature selection (CFS) algorithm. Figure 5.4(a)

shows a scatter plot between two top frame-level features on the activity estimate. This suggests

the presence a lot of body movements during wake state and little or no movement during sleep.

Figure 5.4(b) shows that heart rate tends to decrease and reaches a resting value as we transition
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from wakefulness to sleep.

Figure 5.4: (a) Scatter plot between two frame level features: median and standard deviation of

RMS energy of the low-passed (fc = 3Hz) baseband signal. (b) Scatter plot between the first quartile

of RMS energy of the low-passed baseband and average amplitude of peaks of estimated heart rate.

From the feature subset selected by our CFS algorithm for different combinations of low-level

features (movement, heart rate and breathing rate estimates), we trained different classifiers that are

listed in Table 5.1. Using leave-one-subject-out cross-validation, we evaluated all these classifiers

in terms of precision, recall and F-measure. From the results in Table 5.1, we can observe that

Random Forest outperforms all other classifiers with 89.3% precision, 89.6% recall and 89.1% F-

measure. When training the classifiers on just movement estimates (Mo) the performance decreases

to 86.0% precision, 86.5% recall and 86.2 % F-measure. This clearly indicates that vital signal

estimation (both breathing rate, Br and heart rate, Hr) carries discriminative features that enhance

the performance of the classifier. Lastly the comparison between performance of two Random

Forest classifiers: one trained on just vital estimates (Br and Hr) and the other on just movement

(Mo) estimates, suggests that movement estimation (Mo) plays a more significant role in this Sleep

vs. Wake classification.
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Features Classifier P(%) R(%) F(%)

Mo+Br+Hr Naive Bayes 82.3 83.5 81.3

Mo+Br+Hr Logistic Regression 83.1 84.2 82.3

Mo+Br+Hr SVM 83.1 84.2 82.3

Mo+Br+Hr Random Forest 89.3 89.6 89.1

Mo Random Forest 86.0 86.5 86.2

Br+Hr Random Forest 77.8 80.4 75.9

Table 5.1: Sleep vs. Wake classification performance with different classifiers with different sets

of features selected by CFS feature selection from different combination of low-level feature sets

consisting radar-based movement (Mo), breathing rate (Br) and heart rate (Hr) estimates in terms of

precision (P), recall (R) and f-measure (F).

5.6.2 Objective Sleep Quality Measures

Summarizing a sleep session using a validated set of objective sleep quality measures can intuitively

inform users of their sleep quality and aid in taking corrective measures such as improving sleep

hygiene if needed. It also facilitates establishment of long-term trends in sleep quality. In this

study we used 4 well-established sleep quality measures to summarize a sleep session. Figure 5.5

shows how sleep quality parameters are estimated from DoppleSleep’s sleep vs. wake inference.

(i) Sleep Onset Latency (SOL) is defined as the time taken to transition from being fully awake

to being asleep. Abnormally large SOL values indicate insomnia and small SOL values indicate

sleep deprivation. From figure 5.5, we can infer that the participant took about an hour to transition

from wake to sleep. (ii) No. of Awakenings (NAwk) indicates the total number of transitions from

sleep to wake in a particular sleep session [18]. It is another significant sleep metric that is linked

with sleep apnea, disruption in circadian cycle, insomnia etc. Our participant had 3 arousal events:

two long awake segments and a third brief event. (iii) Total Sleep Time (TST) is a measure of the

total time duration that someone spends in sleep state in a particular sleep session. This equals

to the length of sleep session minus wake time. In figure 13, the total wake time (284 mins) was
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subtracted from the length of sleep session (400 mins) resulting in a TST of 284 minutes. (iv)

Sleep Efficiency (SE) is the ratio between total sleep time (TST) and total length of sleep session.

It summarizes the three previous metrics. Reduced Sleep efficiency (below 85%) is indicative of

sleep disorders since initiating (high SOL), and maintaining sleep (high NAwak and low TST) tend

to be difficult. Figure 5.5 shows that our participant’s TST was 284 minutes and total bed time

was about 400 minutes resulting in sleep efficiency (SE) of 71%. A Pearson correlation coefficient

analysis between the SOL, NAwk and SE estimated by DoppleSleep and by the ground truth reveals

relatively high correlation (0.83, 0.69 and 0.78).

Figure 5.5: Illustration of objective sleep quality estimation

5.7 Summary

In this chapter, I have described the design, implementation, and evaluation of DoppleSleep - a con-

tactless sleep sensing system that facilitates continuous and unobtrusive long-term sleep monitoring

using a single Doppler radar sensor. DoppleSleep tracks an individual’s physical body movements,

heart beat and breathing during sleep, and objectively infers of sleep quality. We have validated the

feasibility of DoppleSleep in a lab setting and in the wild and our results show that DoppleSleep can
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detect physical movements with 86% recall rate, and estimate heart and breathing rate with an error

rate of 8.07% and 10.84% respectively. Based on our results, by combining vital signal estimation

with movement tracking, DoppleSleep shows great promise for continuous, passive, unobtrusive

sleep monitoring in real-world settings with 89.6% recall for Sleep vs. Wake and 80.2% recall for

REM vs. Non-REM classification.
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Chapter 6

PROVIDING ACTIONABLE SLEEP QUALITY FEEDBACK: SLEEPAPP

6.1 Introduction

In this chapter, I outline the framework for providing actionable sleep feedback through a smart-

phone based application SleepApp. Most commercial sleep sensors typically rely on population-

level data and focus on recommendations based on objective metrics such as sleep duration or sleep

efficiency. However, there is inter-individual trait-variability to sleep and people’s sleep habits are

individualized. To prompt users to adopt habits that improve sleep health, meaningful sleep feed-

back must not only provide evidence of how users’ behaviors affect their sleep quality, as objecti-

fied by some of the metrics, but also show how carry-over effects of sleep affect daytime cognitive

function. In this chapter, we1 propose and validate an approach that combines both subjective and

objective measures of sleep, accounting for a person’s lifestyle and ties it to meaningful and mea-

surable carryover effects such as daytime alertness and working memory. Our approach is based

on the medical community’s Ru-SATED framework, which characterizes sleep through six dimen-

sions: Regularity, Satisfaction, Alertness, Timing, Efficiency and Duration. Using data collected

by a smart phone app: SleepApp, with a suite of ecological momentary assessment tests from 9

participants over 14 days, we demonstrate how sleep health can be contextualized to the individual

lifestyle and actionable feedback can be generated. In a follow up survey with 57 respondents, we

show how the actionable feedback generated by SleepApp can encourage in users the intent to make

adjustments to their sleep habits that may impact their daytime cognitive function.

6.2 Motivation

It is becoming increasingly clear of the importance of sleep and its impact on our daily lives. Most

people have heard recommendations from the medical community such as "get 8 hours of sleep per

night" or "avoid caffeine after 2 PM." [115] However, many of these recommendations are based

1This study was conducted in collaboration with the following co-authors: Shwetak N. Patel, Julie A. Kientz
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on population-level data, and individuals exhibit trait variability in sleep patterns and needs. Most

research in sleep medicine has focused on either basic science about the mechanics of sleep or the

identification and treatment of sleep disorders. There has been much less attention paid to providing

actionable, useful feedback to the general population on how better sleep hygiene can improve

quality of life from optimized sleep.

Behavior change around sleep can be difficult enough on its own, and when generic, population-

level recommendations are followed and people cannot see the difference changes to sleep habits are

making in their quality of life, it can be be frustrating and discouraging. In addition, most approaches

to using technology for improving sleep health have focused solely on objective measures, such as

sleep duration and sleep efficiency. The medical community, though it values objective data, also

believes that how a person feels can be just as important as those objective numbers [58]. A person

sleeping 8 hours per day consistently who does not subjectively feel well-rested is considered to

still have room for improvement. In addition, knowing how aspects of sleep have a direct impact on

daytime activities can be valuable knowledge for people to make changes.

We believe that a good goal for sleep technology approaches is to make personalized recom-

mendations to individuals based on both subjective and objective data, provide actionable insights,

and allow for self-experimentation. However, to reach this goal is complicated. Sleep health as a

recommendation even for the general population does not have well-defined measures. Buysse et

al. [26] discuss the lack of a clinical definition of sleep health even in textbooks such as Principles

and Practice of Sleep Medicine [77], which mentions “sleep health” twice but does not define it.

Therefore, more work is needed to understand how sleep quality feedback can both be informed

by and contribute to updated clinical definitions of sleep health. In addition, providing feedback to

people must be done in a way that relates their hard work in prioritizing sleep to outcomes they care

about, such as alertness, cognitive functioning, or mood. If we can provide timely, contextual, and

actionable feedback that shows how small changes can have an impact on their day-to-day lives, we

can be more effective at promoting behavior change [80].

We aim to move sleep technology research toward the idealized goal of providing personalized,

actionable feedback to people on their health based on both subjective and objective data and is

grounded in holistic approaches supported by the sleep community. To accomplish this, we have

developed and validated an approach to analyzing personal sleep health. Our approach is based on
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the medical community’s Ru-SATED framework, which characterizes sleep through both subjective

and objective data along six dimensions: Regularity, Satisfaction, Alertness, Timing, Efficiency,

and Duration [26]. We used a smartphone app to collect data from 9 participants for 14 days along

the constructs of the RuSATED framework. We designed SleepApp to provide a suite of tests

for Ecological Momentary Assessment, a journal to log activities that may affect sleep quality,

and a self-reported sleep log. An analysis of our data-set demonstrates how sleep health can be

contextualized to the individual and actionable feedback can be generated to give people an overall

ideal how small adjustments to their sleep habits may or may not impact their cognitive function,

alertness, and mood. Using sample recommendations generated by SleepApp, we then conducted a

survey with 57 respondents to identify if the actionable feedback would improve users’ likeliness to

make changes to their sleep-habits.

This research contributes a new methodological approach to adapting an in-the-wild implemen-

tation of a validated clinical framework so that it can be used understanding a person’s individualized

factors on sleep health. In addition, our data empirically confirms several constructs and shows how

this approach can be a promising, holistic measure of sleep health that is personally contextualized

and can serve as a basis for meaningful self-experimentation.

6.3 Study Design

We designed our study based on the framework for sleep health proposed by Buysee et all in [26] as

“a multidimensional pattern of sleep-wakefulness, adapted to individual, social, and environmental

demands, that promotes physical and mental well-being. Good sleep health is characterized by sub-

jective satisfaction, appropriate timing, adequate duration, high efficiency, and sustained alertness

during waking hours.” The purpose of the various tests in the study was to measure these constructs

during both sleep and waking hours.

6.3.1 Participant Recruitment and Study Protocol

The study consisted of 14 nights’ use of the Actiwatch and 14 days of EMA from SleepApp. This

length of time was chosen to mirror the two-week period used to collect baseline data in insomnia

treatment [24] as well as previous work on sleep self-tracking [65]. 10 participants were selected
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after two rounds of screening to take part in the study. We recruited participants through various

mailing lists and posting on ITHS website. From the large pool of interested and potential partic-

ipants, we performed a preliminary screening through an online survey to filter participants who

used an Android phone as their primary device (running a version no earlier than 4.0), who were

willing to install the SleepApp software on their phone and take EMA tests at various intervals dur-

ing the day, and were willing to wear an Actiwatch every night for 14 days. We received about 219

completed responses from the first survey. Since the study would take place over a long period of

time and require active participation throughout the study period, we performed a second round of

screening to ensure the potential participants have sufficient motivation to ensure compliance with

the study protocol. In the second round of screening, participants were asked what was their mo-

tivation to take part in the study, what their usual pre-bedtime routines were and how willing they

were to make changes to habits that may be affecting their sleep quality using a Likert scale. We

received about 31 completed responses from the second round. From this pool, participants were

chosen from different age-groups (18-75) and varying sleep schedules. During the initial study setup

session, the study-coordinator met with the participants and handed them an Actiwatch and had the

SleepApp software was installed on their phones. They were given a walk-through of each of the

tests they were required to take on their smart phones and instructions on the use of the Actiwatch.

We also received a signed consent during this session and let them know that participants were to

be incentivized based on the number of consecutive nights the Actiwatch use number of consecu-

tive EMA responses submitted. The data collected through SleepApp was uploaded to an online

database (Firebase). An automatic script checked the database periodically for data entries and sent

a text to the participants in case there was missing entry before the end of an EMA window. A

mid-study meeting with the study coordinator was conducted to download data from the Actiwatch

and check for any issues with the data an replacement Actiwatch was provided in case there were

battery reset issues. At the end of the study a third and final interview was conducted to collect

the Actiwatches and to provide the study compensation. Participants also filled out an end of study

survey after the final interview. Nine out the ten chosen participants completed at least 10 full days

of data collection for the study. One participant chose to discontinue from the study after 4 days and

their data was not included in the analysis.
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6.3.2 Actigraphy

An Actiwatch is a device used by sleep physicians to monitor user’s sleep/active cycles over long

periods of time. We provided participants with an Actiwatch to for the duration of the study. All

participants were required to wear the Actiwatch while sleeping at night and a text message was sent

at 8pm every night reminding them to do so. We encountered several challenges from the Actiwatch

during the course of the study. The devices suffered from multiple battery resets, resulting in data

loss over multiple day and participants removed the watch during the day or as soon as they woke

up. This led to highly fragmented and unreliable data which could not effectively be used for this

study.

6.3.3 SleepApp Data Collection Tool

We designed an android smart phone application, SleepApp, to serve user-friendly tool to collect

subjective satisfaction with sleep quality and measure the day-time carryover effects of sleep. The

table below outlines the various tests administered on the smartphone through SleepApp. The app

is designed as tool for Ecological Momentary Assessment (EMA) of the individual using a suite of

scales combined with tests of cognitive function, mood, and alertness. We chose the tests such that

each measure in the RuSATED scale was accounted for using at least one of the tests (see Table 6.1).

Each of the tests has been clinically validated to be effective in measuring the intended construct.

We divided the 12-hour awake day-time period roughly into 4 windows: Wake-time to 12pm,

12pm to 4pm, 4pm to 8pm, and 8pm to Bed-time. Participants were asked for their usual wake-

times and bed-time during the first deployment meeting. This frequency of EMA assessment has

been used in previous work and shown to be adequate in optimizing data collection needs with

minimal user burden [17]. Figure 6.1 shows sample screen-shots of the smartphone app interface

that we designed for participants to perform the EMA tests. The screen was divided into four

portions and the buttons leading to the corresponding scales were enabled or disabled depending

on the time of day. SleepApp served pop-up notifications at the start of every window reminding

participants to complete the tests for the respective window that would be available for the next 4

hours. An average of 4-5 minutes is required to complete all the EMA tests within a given window.

The corresponding category of tests was enabled/disabled depending on the time-window. Once
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Table 6.1: List of data sources for the study

EMA Test/Sensor Data Purpose Time Administered

WT Wake Time

BT Bed Time

Sleep Diary (Wake up time,

sleep time and sleep quality

on a scale on 1-5)

Sleep quality self-report WT

Leeds Sleep Evaluation

Questionnaire [103]

Subjective sleep quality assess-

ment

WT

Stanford Sleepiness Scale

[61]

Sleepiness self-report WT, 12pm, 4pm, BT

PVT on smartphone [69] Alertness WT, 12pm, 4pm, BT

PAM (Photographic Affect

Meter) [104]

Instantaneous mood WT, 12pm, 4pm, BT

N-back test [36] Working memory WT, 12pm, 4pm, BT

PANAS [38] Mood aggregate for the day BT

Bed-time Journal Log of pre-bedtime activities (e.g.

alcohol, caffeine consumption)

BT

ActiWatch Movement and light data Throughout the night
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the tests were completed, a check-mark appeared indicating completion. To encourage compliance,

one hour before the end of a time-window, an email or text reminder (depending on participant

preference) was sent to remind participants to complete incomplete tests if any.

(a) (b) (c)

Figure 6.1: (a) Screen-shot of the different windows during which the users will be required to

log self-reported data; (b) Screen-shot of the PANAS scale to log mood aggregate for the day; (c)

Screen-shot of the Stanford Sleepiness Scale (SSS) on SleepApp.

In addition to the EMA tests participants were also asked to record pre-bedtime activities through

a bed-time journal. Figure 6.2 shows the screen-shot of the journal designed for SleepApp. At the

beginning of the study participants were allowed to chose variables that they were were probable

to engage in. From each journal entry, the participants were allowed to retrospectively log the par-

ticular time at which the performed an activity if it fell within the bed-time window. The list of

pre-bedtime activities that could have an effect on sleep quality was derived from clinical recom-

mendation for sleep hygiene [63, 115].
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(a) (b) (c)

Figure 6.2: (a) Screen shot of the variables available for the user to log as pre-bedtime activities.

(b) Screen shot of the timer to log the time at which an activity was performed. (c) Screen shot of a

customized sleep journal with a completed entry

6.4 Analysis

At the end of the study, we downloaded participants’ data from Firebase and performed these pre-

liminary steps to remove outliers in the data. We constructed the following heuristics assuming that

participants might make erroneous or unintentional entries in haste that they did not have the chance

to rectify since the buttons were disabled after an entry was completed. Some erroneous data entries

also appeared due to glitches in the app. While the app behaved in the manner for which it was

designed for most of the participants, for some, there were instances where the buttons were not

disabled after an entry resulting in redundant entries.

• Sleep log entries with missing fields or entries with the exact same sleep time and wake time

resulting in a sleep duration of 0 hours were removed.
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• We added or subtracted 12 hours to the sleeptime/waketime entry in cases where the partici-

pants might have forgotten to toggle the AM/PM switch on the app.

• If the first entry of any test fell outside the normal range of values for the participant or if it

was entered during a time that was outside the intended window, it was discarded because it

could have been an entry logged during the study set-up meeting.

• We disregarded all but the last entry in cases where there were redundant entries due to a bug

in the app.

• We removed outlier sessions for the PVT if the mean reaction time for a session fell outside

the mean ± 2.5*SD for that participant [17]

• Nback test entries where there were 0 number of total clicks for an entire session were deleted.

6.4.1 Dependant and Independent Variables Affecting Sleep

The data gathered in this study can be divided into three domains as shown in Table ??. The first

column lists the variables that could affect sleep quality that was measured during the study through

SleepApp. This is certainly not an exhaustive list since there are several environmental variables,

psychological and physiological variables that affect sleep but measuring them was beyond the

scope of this current study. The second column lists the metrics used to measure sleep quality.

The independent variables listed in the first column effect the variables in the second column - the

dependant variables. Previous work has shown that sleep health is not sufficiently characterized by

the quality of sleep at night alone but includes day-time carryover effects as well. These day-time

carry over effects of sleep such as variation in mood, alertness and cognitive function are listed in the

third column. While these are dependant variables as well, they do not have a direct correlation with

the independent variables in the first column. They are an extension of the dependant variables in

the second column. This distinction, between variables in the first, second and third column, helps

us draw make pair-wise correlations and to distinguish between the combination of independent

variables and measurable dependent variable outcomes in the linear regression model discussed in

the results section.
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Variables that affect sleep Sleep Metrics Effects of Sleep

Timing of sleep Satisfaction Alertness

Duration of sleep Efficiency Mood

Exercise Sleep Onset Latency Working memory

Caffeine Number of awakenings

Large Meal Restlessness

Alcohol Duration of sleep

Tobacco

Medication

Electronics Usage (Blue light)

Napping

Mood

Table 6.2: List of the dependent and independent variables that affect sleep

6.5 Results

6.5.1 Manifestation of Inter-individual Trait Variability in Sleep

Sleep physicians have stated in past work [118] that there’s inter-individual trait variability to sleep.

Sleep need and the effects of sleep deprivation can vary from person to person. To test if this is

reflected in our data, we performed a Principal Component Analysis. PCA is a technique used to

emphasize variation and bring out strong patterns in a dataset using orthogonal transformation to

convert a set of observations of possibly correlated variables into a set of values of linearly un-

correlated variables called principal components. This transformation is defined such that the first

principal component has the largest possible variance, and each succeeding component in turn has

the highest variance possible under the constraint that it is orthogonal to the preceding components.

Therefore, using PCA, we can transform the data to highlight the variation in the data across the

different variables.
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Figure 6.3(a) shows the PCA of the data collected from the 9 participants. The ellipses in the

plot correspond to individual participants’ data. This shows there is strong participant-dependant

variation in the results from the tests as exhibited by the clustering of the ellipses along the corre-

sponding variable axes. This emphasizes the inter-individual trait variability in sleep quality and

its effects. Example, P09 is characterized by high values for Mean Reaction Time and Wake-Time

deviation whereas P03, P04 and P05 were characterized by measures of cognitive function such as

percentage of correct responses from the Nback test and subjective sleep quality rating. Even from

a limited sample size, we can see the effects of these inter-individual traits.

(a) (b)

Figure 6.3: Plot of data-set along first and second principal components across the nine participants

showing variance between the dependant and independent variables

6.5.2 Canonical Correlation Analysis

In order to get a summary statistic of the dependant and independent variables in our data, we

performed Canonical correlational analysis on the data. Unlike PCA, Canonical correlational anal-

ysis find the dimensions that maximizes the variation between a linear combination of dependent
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variables and a linear combination of independent variables. Figure 6.3(b) shows the plot of the IV

(Independent Variables) and DV (Dependent Variables) along the first and second dimensions. From

the spread of the variables, we can see there’s enough variation across a combination dependent and

independent variables.

6.5.3 Correlations between the Dependent and Independent Variables

Repeated measures correlation (rmcorr) is a statistical technique for determining the common within-

individual association for paired measures assessed on two or more occasions for multiple individ-

uals. Using the rmcorr function in R, we tested the data for correlation against repeated measures

(since data for each pair of correlations was collected repeatedly over 2 weeks) with each participant

as the factor.

6.5.4 Subjective Sleep Satisfaction Correlates with Sleep Duration

We can see a highly significant correlation (p<0.001) between duration of sleep against subjective

sleep quality rating (see Figure 6.4). This a fairly straightforward correlation that confirms previous

work [42]

6.5.5 Validity of the LEEDS scale

The Leeds Sleep Evaluation Questionnaire comprises ten self-rating 100-mm-line analogue ques-

tions concerned with aspects of sleep and early morning behaviour. The questionnaire has been used

to monitor subjectively perceived changes in sleep. We tested participants’ answers to the LEEDS

scale with the Cronbach’s alpha to confirm the internal consistency of the scale. The standard alpha

value was 0.81, thus showing high internal consistency.

We also tested the validity of the scale by finding the repeated measures of association between

subjective sleep rating and answers to the Quality of Sleep (QOS) section of the scale and found

a significant correlation (p<0.001). There was also a significant correlation (p<0.001) between the

Behaviour Following Wakening section of the scale and the participants’ responses to the Stanford

Sleepiness Scale. This allows us to use the LEEDS scale measures to get finer details of subjec-

tive sleep sleep quality assessment compared to the 5-point sleep quality self-report from the sleep
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journal or the 7-point Stanford Sleepiness Scale.

6.5.6 Sleep-time Correlates with Ease of Getting to Sleep

To extract a measure of regularity we calculated the sleep-time deviation for each day for each

participant. From the LEEDS sleep evaluation questionnaire, the answers to the question "How

would you describe the way you currently fall asleep in comparison to usual?" (More difficult -

Easier than usual, Slower - More quickly than usual, Less sleepy - More sleepy than usual) was

summed up to get a GTS (getting to sleep) score. From our data set, we found a highly significant

negative correlation (p < 0.001) between sleep-time deviation and the GTS score. This shows that

the closer the participants’ sleep-time for the night was to the mean sleep-time, the easier and faster

it was for them to fall asleep. This is in accordance with medical community guidelines for healthy

sleep habits: maintaining a regular sleep-time and wake-time.

6.5.7 Daytime Alertness Correlates with Behavior Following Waking

We used Relative Response Time from the PVT as a measure of Alertness in the study. This method

has shown to be effective in previous work [17, 70]. There was a significant positive correlation

(p< 0.01) between the mean RRT for a participant over the course of an entire day, and the self-

reported behaviour following awakening. Responses to the BFW section of the scale included how

tired or alert they felt when they woke up and their balance and coordination upon awakening. The

more alert participants felt when they woke up, the higher their relative alertness was throughout the

day. This shows there is a correlation between behaviour following wakening and overall alertness

throughout the day, further highlighting the extended day-time carry-over effects of sleep quality.

6.5.8 Daytime Alertness Correlates with Sleep Duration

The effect of sleep deprivation on alertness has been established in the medical community through

several studies [17]. We were able to replicate the findings in our study as seen by the significant

correlation (p = 0.01) between mean relative reaction time and sleep duration.
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Figure 6.4: (a) Plot of the repeated measures correlation between (a)duration and rating (b)sleep-

time deviation and LEEDS scale measure Getting to Sleep (c) Subjective sleep quality rating and

LEEDS scale measure Quality of Sleep

6.5.9 Recommendations from the Linear Model

Previous work [80] has shown that people can be led toward behaviour change through SMART

(Specific, Measurable, Actionable, Realistic, and Timely) goals. As a start, from our data set, we

built a simple regression model by combining the independent variables to generate outcomes for the

dependant variables. By affecting changes to the independent variables through their pre-bedtime

activities and by following the guidelines for sleep hygiene, participants will be able to see positive

outcomes in terms of increased day-time alertness and cognitive function.

6.5.10 Independent Variables Affecting Alertness

In the first formula, we included all the independent variables that affect sleep quality to get an idea

about which of the sleep metrics have an effect on day-time alertness.
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lm( f ormula=mean(rrt)∼ duration+rating+timing+sleep−timedeviation+wake−timedeviation+∩

gettingtosleep+qualityo f sleep+awake f ollowingsleep+behaviour f ollowingwakening

∩+alcohol +meal + exercise+ electronics,data = all− combined)

(6.1)

The following variables had a significant effect on the relative mean day-time alertness measured

using the PVT listed in the order of increasing significance : timing of sleep (Pr(>|t|) = 0.05),

quality of sleep (Pr(>|t|) <0.05), sleep time deviation (Pr(>|t|) = 0.01), behaviour following wakening

(Pr(>|t|) <= 0.001), meal(Pr(>|t|) <0.001) and electronics usage (Pr(>|t|) <0.001).

The relatively high significance of the the two independent behavioural variables (electronics

usage and having a large meal before sleep) may be attributed to that fact that these are participant

specific effects: these variables may not have been logged by all participants, and this simple linear

regression model does not take into account the repeated measures from a single participant as

a random effect. However, the results still highlights how behaviour variables have a cascading

effect on the quality of sleep and in turn affect the day time carry over effects of sleep. Using

the coefficients derived from this model, we can serve specific recommendations to users that ties

behavioural changes to measurable effects in the outcome, increased or decreased alertness the next

day.

6.5.11 Actionable Variables that Affect Alertness

To see the effect of the only the actionable variables on day-time alertness, we proceeded to remove

all of the independent variables from the model that participants do not have direct control over

(such as subjective sleep quality assessments).

Similar to the results from the first model, there was a significant correlation between sleep-

time deviation (Pr(>|t|)<0.05), meal (Pr(>|t|)<0.001) and electronics usage(Pr(>|t|)<0.001). Avoiding

consuming large meals before bed and exposing oneself to blue light from electronic devices are in-

line with the sleep medicine community’s recommendation for good sleep hygiene.
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6.5.12 Actionable Variables that Affect Working Memory

In our study, we used the nback test (n = 2) to measure changes in working memory in our study.

We used percentage of right rejections (not clicking on a shape that was similar to the one displayed

two shapes ago) and percentage of right hits (clicking on shape which is similar to the one displayed

two shapes ago) as a measure to calculate performance on the nback test. Although we generated an

aggregate score by combining the number of right hits and right rejections, we found that the aggre-

gate score did not sufficiently capture the variance in participants’ performance since the percentage

of right rejections artificially boosted the overall score. In the linear regression model below, we

combined the actionable independent variables to see the effect on mean percentage right clicks per

day.

lm( f ormula=mean− percentage−right−clicks∼ duration+timing+sleep−time−deviation∩

+wake− time−deviation+alcohol +meal + exercise+ electronics,data = all− combined)

(6.2)

The following variables showed a correlation to working memory in increasing order of sig-

nificance: sleep duration (Pr(>|t|) <0.05), sleep time deviation (Pr(>|t|) <0.05) and consumption of

alcohol (Pr(>|t|)<0.001). The consumption of alcohol is known to cause disruptions in sleep cycles,

therefore it’s effects can be seen through decline in cognitive function the following day. Here again,

the relatively high significance can be attributed to the model not accounting for participant specific

effects.

Next, we tested to see which variables had an effect on percentage of right rejections. This score

was relatively high across all the participants since non-action (not clicking on any shape at all)

would still give a 100% right rejection rate.

lm( f ormula = mean− per− right− re ject duration+ timing+ sleep− timedeviation∩

+wake− time−deviation+alcohol +meal + exercise+ electronics,data = allcombined) (6.3)

We can see a high significance for exercising in the pre-bedtime window (Pr(>|t|) = 0.05), al-

cohol consumption (Pr(>|t| < 0.05), and electronics usage before bed (Pr(>|t|)<0.01) with respect to

percentage of right rejections in the Nback test.



82

6.5.13 Generating Specific and Actionable Feedback

In addition to the looking at the p values, we use the coefficients generated from the linear models

presented above to provide specific and measurable feedback. For example, in the first model for

day-time alertness, duration had a -1.675 estimate with 0.68 standard error. Because the duration

of sleep was calculated in hours, the model shows that changing the duration by 1.6 hours can

have a significant effect on day-time alertness. The generalized model built from the data across

the nine participants can also be used to serve personalized recommendation by looking at how an

individual’s data deviates from the mean of the population. If an individual’s data is several standard

deviations away, the can be asked to make changes to that specific variable in order to affect changes

in the outcome.

6.5.14 Participant Feedback on SleepApp Data Collection Tool

We conducted a post-study survey to determine the user-burden of the SleepApp data collection

tool. Eight out of nine participants felt SleepApp demanded too much mental effort a little bit of

the time or sometime. Six participants said SleepApp was not at all difficult to use, while three

said SleepApp was a little bit or somewhat difficult to use. Six participants said the frequency of

tests was not at all high or a little bit high. Two participants said it was very high and one said

extremely high. However, seven participants said the number of tests within each window was not

at all high and 2 said somewhat high. Five participants stated that the Alertness tests demanded too

much mental effort and took a long time to do. Most of the other EMA tests did not demand much

mental effort at all according to the survey responses. Six participants responded that remembering

to use SleepApp was hard.

6.6 Survey on Actionable Feedback Prompted by SleepApp

To find out if the recommendations generated by SleeApp would be useful and would promote

behaviour changes, we conducted a survey with 57 respondents on Mturk. We asked participants to

respond to the PSQI questionnaire to determine their overall sleep health to see if the sleep health

distribution of the respondents was similar to that of a normal population. The survey was divided

into two main sections. The first portion of the survey was structured around participants sleep
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hygiene and their awareness about how these environmental and behavioral variables affected their

sleep quality and by extension, their day-time functioning. The second part of the survey consisted

of example scenarios of recommendations generated by SleepApp and the participants likeliness

to make behaviour changes based on the scenarios. Specifically we set out to answer the follow

questions through the survey:

• What are the most common self-reported behavioral variables that affect sleep quality?

• How aware are participants of the effects of these behaviours on their sleep quality without

doing a controlled self-experimentation study?

• How likely are respondents to avoid these behaviors that affect sleep if it affected their daytime

cognitive function?

• Do respondents likeliness to make behavior changes correspond to different levels of improve-

ment or decrement in cognitive function?

Answers to these questions can provide us with key insights into the actual design of SleepApp

recommendations. Since the design of actual recommendations and generating the outcomes are

beyond the scope of this preliminary exploration, survey respondents were given hypothetical sce-

narios with regard to feedback generated by SleepApp and asked respond based on those scenarios.

6.6.1 Questions on Sleep Hygiene

In order to figure out the distribution of factors affecting sleep quality among respondents and their

relevance to the users’ lifestyle, they were asked to select from a list, all the factors that they thought

affected their sleep quality such as regularity in their sleep schedule, napping during the day, caf-

feine, alcohol and nicotine intake, electronics usage and engaging in high intensity exercise before

bedtime. Respondents were also asked about environmental variables that affect sleep quality al-

though those factors were not included in the current SleepApp prediction model.
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6.6.2 Questions on Self-experimentation

People generally have a good subjective assessment of their overall sleep quality and how their

behaviours affect their sleep quality. The goal of SleepApp is to supplement those subjective assess-

ments with objective data gathered from the validated tests. In order to get a sense of how people

created their own mental models of the effect of their behaviours on sleep quality, there were asked

to choose from a list, the ways in which their sleep quality was affected (the dependant variables)

such as increased amount of time taken to fall asleep, increased restlessness, increased number of

wake-times during sleep, reduced satisfaction and increased duration of sleep. Respondents were

also asked to identify how their daytime cognitive function was affected by their sleep quality. In

addition to the variables that were included in SleepApp’s prediction model such as working mem-

ory, alertness, changes in mood, and drowsiness during the day, variables such as ability to focus

were also included in the list. Respondents were also asked about the amount of time it took for

them to notice patterns in the relationship between sleep the dependant and independent variables,

starting from a several days to several weeks, and if they had used any device or a journal to observe

patterns in their sleep quality.

6.6.3 Questions on Behavior Change Prompted by SleepApp

They survey was designed to see if the recommendations from the sleep model developed by Sleep-

App would be actionable enough that users might make changes to their behaviour in order to

improve their daytime cognitive function. To this end, respondents were initially asked how likely

they were to make changes to behaviors for an improvement in cognitive function the following

day. We wanted to see if respondents were more likely to certain behaviour changes but not others.

Following that respondents were given four different scenarios and asked how likely they would

be to make the following behavior changes, if prompted by SleepApp, for a specific percentage of

increase or decrease in cognitive function:

• I would try to go to bed and wake up at around the same time everyday, If SleepApp predicted

that my alertness would improve by ___

• I would try to avoid screen-time (exposure to blue light through electronics usage) 30 mins



85

before I go to bed, if SleepApp predicted my memory would improve to be ___

• I would avoid going to bed later than usual, if SleepApp predicted that my alertness would

decrease by ___by staying up late

• I would try to avoid screen-time (exposure to blue light through electronics usage) 30 mins

before I go to bed, if SleepApp predicted my memory would decrease by ___by engaging in

screen time.

The options for the percentage increase and decrease were derived from the normal curve equiv-

alents of a normal distribution: 50%, 70% and 90% for improvement and 10%, 30% and 50% for

decrement. The respondents were presented with options on a 7 point Likert scale starting from very

unlikely to very likely.

6.7 Survey Results

The results of the survey highlight the significance of relevant contextual sleep feedback in promot-

ing healthy sleep habits.

6.7.1 Sleep hygiene

While a majority of the respondents practiced good sleep hygiene such as going to bed and waking

up at the same time (62%) and not napping during the day for more than an hour (72%), there

were still some behavioral variables that were common among respondents that were detrimental to

good sleep health. About 50% of respondents did not maintain a consistent sleep schedule across

all 7 days of the week and 70% admitted to engaging in screen-time (leading to exposure to blue

light) 30 mins before bedtime. In addition to behavioral variables, environmental factors that affect

sleep quality such as loud noises due to construction (42%) and bright lights(46%) coming into the

bedroom were more commonly reported. SleepApp focuses on providing recommendations that are

related to behavioral variables since making changes to environmental variables may not always be

actionable.
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6.7.2 Likeliness to take action prompted by SleepApp recommendations

From Figure 6.5(a,b) we can see that more than 85% of all respondents reported that they would

find the recommendations from SleepApp to be useful every night, every morning and in the form

of a weekly report or focusing on monthly trends. While respondents were more likely to find the

nightly recommendations useful(89.5%), they were not as likely to follow the recommendations

from SleepApp every night(71.9%). On the other hand, respondents were more likely to follow the

recommendations on the eve of an important event such as a examination or a presentation(85.9%)

even thought they were less likely to find the recommendation useful(78.9%). Figure 6.5(c) shows

that although more than half of all respondents were likely to avoid behaviours that would affect

their sleep quality if prompted by SleepApp, respondents were less likely to make changes to certain

behaviours such as abstaining from the use of electronics before bed.

Figure 6.5: (a) Percentage of respondents who were likely to find recommendations from SleepApp

to be useful. (b) Percentage of respondents who were likely to follow the recommendations from

SleepApp. (c) Percentage of respondents who were likely to make changes to the factors affecting

sleep quality if prompted by SleepApp

6.7.3 Intent to make behaviour change dependant on daytime cognitive function

As expected, Figure 6.6the higher the percentage of improvement in cognitive function, the more

likely respondents’ intent was to make behaviour changes. However, an interesting finding was

that respondents were more likely to make changes to their behaviour if SleepApp predicted an
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improvement in cognitive function than to avoid a predicted decrease in cognitive function the fol-

lowing day. There was no significant difference between how likely respondents were to intent to

maintain a consistent bedtime versus avoiding electronics for an improvement or to avoid a decrease

in cognitive function.

Figure 6.6: (a) Percentage of respondents who were likely to say they would make the following

behaviour changes for an increase or decrease in cognitive function the following day: (a)maintain

a consistent sleep schedule if SleepApp predicted improvement in alertness. (b)avoid engaging

in screen time if SleepApp predicted improvement in working memory. (c)avoid going to bed 30

minutes later if SleepApp predicted reduced alertness (d) avoid engaging in screen-time if SleepApp

predicted reduced working memory.

6.7.4 SleepApp Accuracy

Although respondents were more likely say they would follow SleepApp’s recommendation for

higher levels of accuracy, Figure 6.7(a) shows that respondents’ overall likeliness to follow Sleep-

App’s recommendations remained consistent across the three levels of precision (0.66, 0.8, 1.0),

meaning respondents were likely say they would follow recommendations if it matched their own

subjective assessment at least 7 out of 10 times. Among the mechanisms that they would adopt to

compensate during days of predicted reduced cognitive function, more than 50% of respondents re-

ported that they would incorporate physical activity, avoid driving or operating heavy machinery and

try to go to bed earlier. 90% of respondents reported that would use SleepApp if it were available to

them in the next 6 months.
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Figure 6.7: Percentage of respondents who would intend to (a)follow recommendations from Sleep-

App if it matched their subjective assessment (b)employ compensation mechanism on day of pre-

dicted decline in cognitive function (c)use SleepApp if available to them in the next 6 months.

6.8 Insights from the survey

The findings from the survey offer some key insights into how the recommendations from SleepApp

can be made actionable.

• Since electronics usage is a sleep hygiene factor that affects a majority of the users, monitoring

smartphone usage passively on the app and generating reminders before bedtime could nudge

users’ towards decreased usage before bedtime.

• Giving users a choice of recommendations based on their preference of variables they are

willing to change, could increase chances of people making changes to those particular vari-

ables.

• Presenting feedback in terms of improvement in cognitive function rather than decrease in

cognitive function may facilitate likeliness to make changes to pre-bedtime routines. Since

the survey data suggests that a prediction of reduced cognitive function is not necessarily a

deterrent to behavior that negatively affect sleep quality.
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6.9 Discussion

Our findings show that sleep health can be defined by not merely relying on objective sleep metrics,

but by incorporating subjective assessment and by correlating behavioral variables from a person’s

lifestyle that may affect sleep quality as well as the daytime carryover effects of sleep on mood,

cognitive functioning, and alertness. These specific, measurable, and actionable goals from the

study seem promising in that they have the potential to help people understand their sleep in the

context of their lifestyle. However, there is a need to further investigate the best way to deliver this

feedback to the user.

6.9.1 Facilitating Self-Experimentation

The findings from our study serve as a baseline, allowing users to explore variables that affect sleep

without controlling for any specific variables or factors. However, to confirm the presence of a

correlation between an independent variable and a corresponding outcome. While the data collected

for this study can serve as a preliminary hypothesis generation phase, people will still need to carry

out self-experiments to test their hypothesis. For example, to test if alcohol consumption does have

the suggested effect, they would have to perform a trial that controls for confounds, such as an

single case study ABAB design [39]. The guidelines for carrying out such self-experiments have

been discussed in TummyTrials [64] and in Daskalova et.al’s work [40]. Unlike with Irritable Bowel

Syndrome, the use case in TummyTrials, people may not have full control over the independent

variables they are trying to manipulate. For example, while maintaining a regular sleeptime schedule

may seem doable, one cannot physically control for the amount of hours spent in sleep (i.e., people

cannot forcibly sleep for a certain duration). While these confounds can not be entirely avoided in

designing self-experiments, we can account for this by allowing for a certain amount for uncertainty

in the feedback given to users. Also, as shown in previous work [64], allowing flexibility in the

design of self-experiments and the option of allowing users to customize variables can help make

self-experiments successful. Specifically, providing feedback by ranking the independent variables

in the order of significance or strength of correlation can help people choose which variables they

would like to manipulate in their self-experiments. In some cases, it might not be feasible for

people to control for the variable due to unforeseen circumstances. Allowing for flexibility in the
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self-experiment design can motivate people to continue on their trial without having to sacrifice

several days worth of data due to a few missing data-points.

6.9.2 Timing of Feedback

An important aspect of delivering health feedback to people tracking their data is the timing. Specif-

ically, at what points in time they are allowed to see the findings from their data. For example,

allowing people to see objective measures collected from the tests or sensors might alter their sub-

jective perception of the measured construct. On the contrary, not providing timely feedback may

lead the users to disengage from continued tracking. Therefore we need to be wary about how and

when people get to see the feedback. Nahum-Shani et al have proposed a framework in [98] for

delivering just-in-time interventions, while adapting to an individual’s changing circumstance. The

model proposed in the paper can serve as a concrete guideline for delivering timely feedback.

6.10 Summary

Sleep technology approaches that can make personalized recommendations to individuals based on

both subjective and objective data and provide actionable insights and allow for self-experimentation

can help people take measures to improve sleep health. Current commercial sleep tracking systems

focus largely on objective measures and fall short in helping people make meaningful connections

between sleep quality and its day-time carry over effects. In this chapter, we have proposed an ap-

proach to adapting an in-the-wild implementation of a validated clinical framework that can be used

for long-term tracking. In addition, our data empirically confirms several constructs and shows how

this approach can be a promising, holistic measure of sleep health that is personally contextualized

and can serve as a basis for meaningful self-experimentation. We have also discussed the limitations

of the current approach and how they can be overcome in the future.



91

Chapter 7

LIMITATIONS AND OPPORTUNITIES FOR FUTURE WORK

7.1 Introduction

In this chapter I have discussed limitations of the studies I have presented in this thesis work. I

have proposed opportunities for future work that can overcome these limitations. Finally, I have

discussed meta-lessons learned I have learned during the course of my research.

7.1.1 Limitations in WiBreathe and DoppleSleep

Through the design and implementation of WiBreathe and DoppleSleep, I have shown the possi-

bility of providing a non-contact and reliable long-term sleep tracking solution. However, there are

limitations in the system that can be overcome through further research in order to implement the

system in users’ home on a commercial level. The 2.4GHz wireless signal used in the WiBreathe

system was produced on a custom FPGA provided through an SDR(software defined radio) and re-

quired highly directional antennas. This is not a scalable option since the hardware costs thousands

of dollars and is not easily available to users. While DoppleSleep provides a low-cost, off-the shelf

option for wireless sensing, the continuous wave (CW) Doppler RADAR is limited in its capabil-

ity to distinguish physiological signals between multiple users. Since a large percentage of users

sleep with a partner, being able to distinguish signals from multiple users is critical to the real world

implementation of these systems.

7.1.2 Limitations in SleepApp

From the preliminary results shown through the SleepApp study, we can see that although there is

high significance in the observed correlations, the strength of the correlations were relatively small.

This could be strengthened by collecting data for a longer duration (n 40 days) from a larger pool

of participants. Having a larger data-set can also increase the variance in the data allowing for better

recommendations.
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It is well known that the variables affecting sleep quality are not purely independent and that

there may be several confounds between variables affecting sleep. This applied to the data from

our study as well. For example, there are several environmental variables such as ambient light,

sound, or co-sleeping with partner as well as physiological variables such as the onset of a sickness

that may affect sleep quality that are not accounted for in the linear model used to predict day-time

outcomes. Self-experiments with randomized conditions may help with eliminating some of these

confounds.

While commercial devices are not subject to the same validation standards as those of a clinical

device, using commercial sleep tracking devices could have given us better access to the data. The

Actiwatch was limited in its functionality in several ways. There was no interface available in the

hardware to inform participants or the study-coordinator of any possible malfunction. There was

also no option of periodically uploading the data to an online server which could have allowed us to

periodically check for data quality and compliance. Using a commercial sleep sensing device might

have been helped us overcome these issues and they are relatively inexpensive when compared to

the Actiwatch.

7.2 Future Work

While I have tried to take a holistic approach to sleep tracking through my research, there are still

several avenues that are open to be exploration and advancements that can be made to enable users

with with technology and tools to improve their sleep health and general well-being.

7.2.1 Innovation In Sleep Sensing

Sensor development for sleep tracking comes with an inherent necessity to strike a delicate balance

between comfort and accuracy. Since sleep plays a critical role in people’s lives, disturbances in their

sleep environment from intrusive sensors (bright LEDs etc.), concerns about invasion of privacy

(audio recordings) and cumbersome wearables can discourage people from engaging in long-term

sleep tracking. The issues regarding privacy and comfort are especially relevant since the goal of

at-home sleep-tracking is long-term, and not restricted to a single night or a few weeks, as is the

case in clinical tracking. While the more accurate sensing devices tend to be more cumbersome
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and the lesser intrusive devices not as accurate and sensitive, recent developments in remote sensing

technology have minimized this trade-off between accuracy. In my research, I have demonstrated

how a low-cost, easily deployable 24 GHz Doppler RADAR can enable long-term sleep tracking

while minimally invading the users’ sleep environment.

7.2.2 Sleep tracking for more than one user

Reliable sleep tracking for more than one user is a critical step in non-contact sensing using wireless

signals. A huge percentage of the population sleep with partners and being able to (i) effectively

sense sleep of a target user in the presence of another person or (ii) to track sleep sleep patterns

of both users simultaneously is critical to the successful implementation of wireless sensing in the

wild. This can be done using the following methods.

7.2.3 Using Alternative RADAR Modulation Schemes

There is promise in using FMCW RADAR systems for multiple person detection since FMCW

signals can transpose separation in the spatial dimension to separation in the frequency domain.

In the ideal scenario if two users are separated by a distance farther enough to be resolved by the

spatial resolution of the signal, their physiological signals can be effectively captured by different

frequency channels. One caveat of using this technique is that while the multiple physiological

signals can be effectively captured, they cannot be identified or assigned to the respective user,

without prior knowledge of the user’s relative position to the signal. While it maybe safe to assume

that user’s positions may change but will not completely switch, during the course of the night, this

is a drawback of this particular sensing modality, something that will not be an issue for wearable

sensing methods. On approach to solve this issue is by learning long-term trends in a user’s sleep

pattern, machine learning models can identify and resolve signals from multiple users sharing the

same space.

7.2.4 Source Separation Algorithms

Wireless signals are subject to attenuation and carry noise due to several factors. The signal received

at the receiver is subject to path loss and also carries noise added by the objects placed in the
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surrounding environment. While WiBreathe and DoppleSleep, resolve these by measure such as

filtering and by using the adaptive algorithm there are more sophisticated algorithms that can be

implemented.

Using Commodity Wi-Fi Devices

There have been several breakthroughs in the scientific community in the past few years using WiFi

signals from commodity devices for fine-grained indoor localization [76] as well as gesture recog-

nition [105]. These studies leveraged the underlying CSI and RSSI information from commodity

WiFi chipsets in laptops to provide centimeter level resolution that can be used to identify human

gestures and movements. Estimating Angle of Arrival (AoA) [107] and Time of Flight (ToF) [78]

at the receiver using multiple antennas (or an antenna array) has been a widely used approach in the

field of localization and communication using wireless signals. Multiple antennas placed at distance

intervals that are a function of the wavelength of the carrier frequency, receive time-delayed copies

of the transmitted signal can be used in interesting ways. In situations where the received signal is

a composite of several reflected signals due to multipath propagation, AOA can be used for source

separation of the various multi-path components. Using algorithms such as MUSIC [22] and ES-

PIRIT [94], the AoA of different signal sources, such as vital signals from multiple people in the

room can be deconstructed and measured effectively.

The advantage of using commodity WiFi devices is manifold for this particular use-case (i)

multiple access points for WiFi are commonly available in indoor spaces these days, eliminating the

need for additional hardware. (ii) as the number of antennas determines the number of multipath

components that can be resolved, multiple sub-carriers (up to 30) of the OFDM modulation scheme

of commodity WIFi, along with the in-built 3-antenna array available in routers can be leveraged to

increase the resolution of the system to that of a 30*3 = 90 sensor-array system [76]. While these

algorithms can enhance the resolution of the system to a centimeter level, the fundamental physical

limitations of signal in-terms of the maximum allowable distance between the two target sources

needs to be determined. Enabling vital-signal detection of multiple persons through commodity

WiFi routers, can be beneficial due to their ubiquity and much larger area of coverage afforded of

these devices.



95

7.2.5 Deep Learning for Sleep Estimation

Zhao et.al have shown in a recent study [124] that deep learning models or (neural network mod-

els) can be effectively used for sleep stage estimation using vital signal parameters extracted from

electromagnetic signals. They used a combination of convolutional neural network (CNN) model

to extract physiological features specific to sleep stages and a recurrent neural network model to

extract temporal features pertaining to transition between sleep stages. While the goal of this work

was to develop a model that would work across different environmental settings and different partic-

ipants, in the future, deep learning models can be used more effectively to learn individual specific

(within-subject) parameters and can be more accurate over longer periods of time. Researchers have

studied within-subject deviations in sleep parameters such as sleep duration, sleep latency and sleep

efficiency [74] across 669 participants between the ages of 38-50. They reported that although there

were significant variances in these measures nightly, over the course of the year, these variances

evened out significantly. Studies observing EEG patterns related to specific sleep stages [25] also

reported a clear distinction between high within-subject similarity (i.e. stability), and low between-

subject similarity (i.e. variation). These results further call for the need to develop machine learning

models that can learn inter-individual traits in sleep and can utilize this information to reflect habit-

ual behavior especially for long-term tracking.

7.2.6 Presenting Sleep Feedback

There has been research done in the HCI community to understand how user perception of data is

affected by the visualizations used to represent them [121]. As discussed in Chapter 3, long term

sleep tracking devices have the potential to better benefit users if they present them with actionable

sleep feedback. However, more research has to be done to figure out how to present this data to

users. Findings from the survey on SleepApp indicated that people were more likely to follow rec-

ommendations for a positive daytime outcome. This can guide how sleep feedback can be presented

to users. Currently, sleep scores and sleep efficiency are presented as a precise, single point value,

such as 92%. While these metrics are based on measured used in clinical reports, they are however

not interpreted by clinicians but presented directly to users without context.
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7.2.7 Presenting Objective Metrics in Ranges

Current sleep sensing technologies infer sleep metrics based on physiological signals such as body

movement, breathing, and heart rate. Algorithms that rely purely on physiological bio-markers of

sleep cannot as accurately differentiate between awake in bed and asleep in bed as well as an data

gathered from an EEG signal. This substitution in sensing modality introduces a certain level of

inaccuracy. Therefore reporting sleep scores in ranges rather than single values can give users a

better mental model of their sleep data and avoid false precision. Similar to users’ perceptions of

changes in weight by few pounds [67], daily fluctuations in sleep scores or sleep efficiency does

not imply drastic changes in sleep quality and only causes users to be unnecessarily concerned.

Systems can provide sleep score ranges instead of a single-point value, based on sleep sensing

data and self-assessments. These ranges could focus on overall sleep quality, moving away from

representing sleep quality a single value. Doing so will embrace the inherent sensing inaccuracies

without compromising on the metrics.

7.2.8 Tailoring Feedback on Personal Models

Another aspect that could be incorporated into sleep quality feedback is supplementing objective

sleep metrics with subjective assessment of sleep satisfaction. This can help personalize sleep feed-

back and help users see how their sleep quality changes compared to their baseline. As discussed

in sub-section 7.2.5, inter-individual trait-variability in sleep plays an important role in how much

variance in sleep can be seen nightly. Therefore, underlining their sleep metrics when compared to

their average or baseline can add more meaning to sleep feedback. This removes the undue emphasis

on target sleep scores that maybe population based. Similar approaches to conveying personalized

feedback about screen-time or smartphone usage such as the iPhone has been shown to be effective

[117]. Screen-time feedback is given weekly in terms of percentage increase or decrease in use

compared to the users’ average.

7.2.9 Enabling Sleep Self Experimentation

For people suffering from sleep disorders such as insomnia, or poor sleep quality over prolonged

periods of time, creating their own n-of-1 self-experiments to identify factors affecting their sleep is
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crucial to improvement in sleep health. Lauri et. al have created a workbook, No More Sleep Nights

[59], to help users create hypothesis based on their answers to a questionnaire and tracking their

progress over several weeks. While SleepApp, provides an easy way to track variables affecting

sleep and sleep quality, the next step is to provide a self-experimentation platform that allows users

to test their hypothesis and confirm their results with data.

7.2.10 Reducing User Burden

In the current SleepApp study, we relied purely on the participant to log their sleep and actively par-

ticipate in measures to assess alertness and cognitive function. Overtime, this may lead to tracking

fatigue as shown in previous work [32]. We can prevent this by incorporating sensor data into the

system such as by using a commercial sleep tracker to input objective sleep-related data. Abdullah

et al. have proposed in Cognitive Rhythms [17] a novel approach to assess alertness passively from

smartphone usage. This can be used as a substitute to the more cumbersome PVT test that partic-

ipants felt took too long. Another way of reducing user burden can be through finding innovative

ways to administer the EMA tests. One such way, proposed by Xioayi et al in [123], could be by

incorporating an EMA test, such as answering the subjective sleepiness scale on the lock screen

of the smart phone. Feedback from one of the participants in our study was that taking the EMA

assessments four times a day was too much. The also felt that if reducing the frequency of the tests

from four times a day to three would make it more convenient. Once sufficient data is collected to

get a large enough sample size, we can determine if the effect of the outcome is reduced by lowering

the frequency of the tests.

7.2.11 Measuring Outcomes Such as Stress or Productivity

There are several daytime carryover effects to sleep in addition to alertness, cognitive function,

and mood. Some additional examples include productivity [109], response to stress, or self-control

[50]. While these variables are commonly known from personal experiences to be directly impacted

by sleep quality, there is potential future work in confirming these from an individual perspective.

Exploring ways to incorporate these measures could add another dimension to sleep health.
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7.3 Lessons Learned

Through the course of my research work, I have had the unique opportunity to interact with experts

across several disciplines. While designing and evaluating the wireless sensors system, I was able to

work with engineers as well as technicians in sleep medicine who set-up and monitor polysomnog-

raphy (PSG) studies as well as those who manually score PSG data. While working on the study

for Making Sense of Sleep Sensors, I was able to interact with sleep researchers in the UW nursing

school. I became a part of the Quantified Self community on social media and observed interactions

in the community around the latest self tracking devices on the market and discussion around in-

formal n-of-1 trials conducted by community members to optimize different aspects of their health.

My spouse is an avid self-tracker from whom I got to observe several aspects of the lived informat-

ics model of self tracking. My interactions with with people from these diverse backgrounds has

shaped my research goals and well as perspectives.

7.3.1 Balancing Need and Novelty

As engineers, we more often than not gravitate towards novelty and creating new and unique ways

to address existing problems. Especially with devices that involve human interaction, novelty can

come in the form of altering the form-factor and size of a device, reducing power consumption,

enabling wireless capabilities etc. In the amount of time it took me to complete this body of work,

several consumer sleep sensing devices have hit the market, risen to popular trends and fallen into

bankruptcy or discontinued production. When the entire life-cycle of sleep sensing device manufac-

turing company seems to be less than a decade, there are some lessons that we need to pay attention

to. As is the case with several gadgets, the novelty factor fades away leading to abandonment [79].

As discussed in Chapter 2, the overview of the sleep senors landscape has shown a vast number

devices, in different form-factors and sensing modalities. There is a true need for devices that fade

into the users environment and are minimally invasive. Especially since these devices are targeted

for long-term use, minimizing user burden may lead to longer-periods of engagement.
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7.3.2 Trade-off Between Comfort and Accuracy

When it comes to sleep tracking in particular, users prioritize comfort and privacy over accuracy.

Several devices with embedded EEG sensors that require users to place a device over their foreheads,

have not had been successful despite their higher levels of accuracy. When it comes to long-term

sleep tracking for user with no known sleep disorders, offering higher accuracy at the cost of higher

intrusiveness may not sit well with users. Device manufacturers need to consider the trade-off

between accuracy and comfort and weigh comfort more for this particular use case. Anecdotal

evidence as well as supplemental findings from Making Sense of Sleep Sensors has revealed that

seemingly insignificant discomforts such as an LED shining from a sleep sensing device worn on the

wrist or placed on the bedside can be disruptive to users sleep. While it is well known in the scientific

community that sometimes the mere act of observing or sensing a phenomenon can actually alter

the phenomenon. This is particularly relevant to sleep. Device manufacturers and designers should

pay heed to how their device might potentially alter the very phenomenon it tries to sense: sleep

quality.

7.3.3 Purpose of Sleep Tracking

Long-term sleep tracking for users with no sleep disorders can have varied purposes. Sleep is very

much a routine based activity for a lot of users and users may not necessarily have much control

over it. The timing and duration of sleep can be dictated by the user’s occupation, intermittent work

deadlines or examinations, life-events such as the addition of a infant or a pet into the family or

changes in physical and mental health. The transition from an otherwise satisfactory sleep routine

to lowered sleep quality usually bring awareness to users and brings the need for a tool or device to

assist in tracking patterns in sleep quality. Herein lies the true power of contextualizing sleep with

independent variables and providing meaningful feedback in relation to day-time cognitive function.

During these transition periods, users may be more engaged and open to providing EMA data at a

higher frequency than when their sleep quality has remained at a sustained level over a long-period

of time. Adjusting for these ebbs and flows in user engagement is a vital part of long-term sleep

tracking.
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7.3.4 Users’ Intuition Versus Reliance on Technology

As technologists, we strive to address several fundamentally human problems with technology. De-

vices and algorithms are interwoven into our lives. Scholars have recently started to uncover neg-

ative effects of such high levels of dependence on technology such as the dampening of our own

intuition and the way we make sense of our surroundings. This has been noted in avenues like

the ability to navigate among Innuit tribes [20] and communication and inter-personal relationships

[114]. Sleep quality is also very subjective and personal. Our own sense of satisfaction with sleep

and feeling of wellness can carry as much weight as any objective measure. Any technological

innovation is best used as an supplement to the human intuition and not a replacement. We must

aim to create device and tools that aid users in their pursuit of a healthier and fuller life, and not

overpower their intuition with data.
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Chapter 8

SUMMARY AND CONCLUSION

In this last chapter, I have summarized the contributions in the previous chapters towards my

thesis statement.

8.1 Summary of Prior Chapters

In Chapter 1, I discussed the potential of commercial sleep sensing devices for for long term sleep

tracking in contrast to validated clinical sleep tracking devices for short term diagnostics. I identified

the gaps in current commercial sleep sensing devices, in terms of their hardware and algorithmic

limitations, and sleep feedback to facilitate good sleep health . I outlined, through my thesis state-

ment, how understanding the gaps between user perception of sleep data and expert opinion on good

sleep practices can inform the design of novel sleep and the provision of meaningful and contextual-

ized feedback can improve sleep health. I described how the studies conducted to answer three main

research questions support my thesis statement: (i) How are users impacted by the feedback they

receive from current commercially available sleep sensing devices? (ii) How can we enable long-

term sleep tracking in users’ homes in an unobtrusive manner? (iii) How can we provide actionable

sleep feedback that can help users adopt healthy sleep habits?

In Chapter 2, I provided an overview of the different aspects of sleep sensing, sleep feedback

and sleep health. I provided a brief description about the physiology of sleep in order to provide

context to the sensors that are used to sense the physiological changes that accompany sleep. I

then outlined the rigorous sensing protocol that goes into the clinical gold standard of diagnostic

sleep sensing: PSG and followed it with progressively unobtrusive sensing solutions provided by

commercial devices to enable long-term sleep tracking. I positioned my research contribution in

creating a novel sensing solution within the context of the hardware and accuracy limitations of the

current commercial devices. I briefly discussed sleep metrics used in the medical community for

diagnostic purposes and provided background on user perception of sleep feedback. I surveyed the
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contributions in the HCI community around sleep tracking, and sleep self-experimentation, to build

upon their findings with a specific contribution in providing sleep feedback that is contextualized

with day-time cognitive function.

Chapter 3, describes the study conducted to identify gaps between user perception of sleep

feedback from commercial devices and expert opinions on best practices for sleep health. The study

was designed to answer three research questions (i)how are users making sense of the feedback they

receive from commercial sleep sensing devices? (ii) what aspects of sleep sensing and feedback

undermine users’ ability to achieve good sleep health? and (iii) what aspects of current sleep sensors

are in line with evidence-based methods of understanding and promoting sleep health? To answer

these questions we collected a data-set consisting of interviews with 5 sleep experts,surveys with

87 and interviews with 12 people that have used sleep sensing devices, and 6986 consumer product

reviews from the most widely used commercial sleep sensing devices. Our analysis showed that

current sleep sensing devices facilitated good sleep health, especially to those suffering from sleep

disorders or chronic conditions that affect sleep, by bringing awareness to users’ sleep habits and

patterns. Sleep sensors act as barriers due to their inherent sensor limitations leading to inconsistent

sleep quality inferences, mismatch between objective data and users’ own subjective assessment of

their sleep and by providing unactionable sleep feedback. Based on these finding I provided design

recommendations for sleep technologists to help provide meaningful and actionable sleep feedback.

In Chapter 4, I outlined the design and implementation of a 2.4GHz wireless system built on

Software Defined Radios (SDR): WiBreathe, to physiological signals such as breathing in natural

settings in a user’s home. This system lays the foundation for a wireless, non-contact, physiological

sensor using radio signals in the same range as that of commodity WiFi devices. I explained the

theory of operation and the signal processing pipeline to extract the raw breathing waveform from

the baseband signal. I further discussed the challenges in implementing the system in the wild and

described WiBreathe’s adaptive breathing rate estimation ensemble algorithm. I presented specific

low SNR (signal to noise ration) scenarios encountered during testing and showed how the perfor-

mance of WiBreathe’s ensemble algorithm is better than any single frequency estimation technique.

I described the evaluation of WiBreathe in a controlled setting, showing how the performance is

affected by distance and orientation of the user from the TX (transmitter) and RX (receiver) pair. I

summarized the results of WiBreathe’s evaluation conducted in user’s homes, in natural settings. I
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concluded the chapter with WiBreathe’s breathing pattern detection algorithm that can be used to

detect events related to breathing disorders especially during sleep.

In Chapter 5, I described the implementation of DoppleSleep: an easily deployable, low-cost,

K-Band continuous wave (CW) RADAR for sleep wake detection. This device, being an order of

magnitude higher in wavelength than that of the wireless signal implemented in WiBreathe, can

detect three physiological bio-markers related to sleep: body movement, breathing rate and heart

rate. Although the increase in center frequency affords higher resolution and hence the ability to

detect minute chest movements due to hear-beats, it limits the range of detection of the device.

However, for sleep-detection, this range is sufficient since the user is confined to their bed during

sleep. The base-band signal output from the on-chip mixer is a compound of environmental noise

and physiological signals. Since the three physiological signals do not spectrally overlap, multi-

stage filtering of the base-band signal gives us the raw time-domain waveform corresponding to

these signals. From these signals, we then extract frame level features that are fed into a machine

learning model. DoppleSleep, using the Random Forest decision tree algorithm, is able to reliably

classify sleep versus wake with 89% precision. The output from the Sleep/Wake classifier was then

used to infer objective sleep metrics such as sleep onset latency (SOL), number of awakenings, and

total sleep time (TST).

In Chapter 6, I described the design and implementation of SleepApp, a smartphone based

application that explores the possibility of providing contextualized and actionable sleep quality

feedback by allowing users to track variables that affect their sleep quality and by measuring the

day-time cognitive effects of sleep. Through a preliminary study conducted with 9 participants over

two weeks, we showed that a liner model can be used to provide users with feedback that shows how

their pre-bedtime behaviours would affect specific aspects of their day-time cognitive function such

as working memory and alertness. In a follow up survey conducted with over 50 participants, we

then explored users’ preferences across various behaviours they intended to make changes to and

how the decrement or improvement in daytime cognitive function would affect their willingness to

make changes to routines. The preliminary findings from this study shows promise for the adoption

of contextualized and actionable sleep feedback inorder to improve sleep health.

In Chapter 7, I discussed the limitations of the studies conducted for this thesis work and high-

lighted opportunities for future work.
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8.2 Conclusion

Through my research work, I have provided support for my thesis statement: understanding the gaps

between user perception of sleep data and expert opinions on good sleep practices can inform the de-

sign of novel sleep sensors and the development of personalized sleep models that can provide users

with actionable feedback to improve their sleep health. I have identified and limitations in current

commercial sleep sensing devices in the context of intrusiveness for long term sleep tracking and the

lack of meaningful feedback to help improve sleep health. I have explored the possibility of using

novel wireless sensing techniques for unobtrusive long-term sleep tracking and smartphone appli-

cation with a suite of journals and EMA tests to provide users with contextualized and actionable

feedback. Through an inter-disciplinary approach of addressing multiple aspects of sleep tracking

such as sensing, quantifying sleep quality and providing feedback, I have provided a holistic body

of work towards more purposeful sleep tracking.
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