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Medical care today revolves mainly around the clinic, with devices and care designed with accuracy
as the main metric of success. Many medical tests can be accomplished with just a small vial of
blood, and in the ICU we can probe a variety of physiological parameters continuously. In the search
for accuracy, accessibility, however, has often taken a backseat. The inability to spread medical
sensing out of high-resource regions leads to many medical scenarios that are difficult to care for.
A promising approach to increasing people’s access to medical sensing and care in diverse situation
is to leverage the computing and sensing infrastructure that has been laid out through the adoption
of smartphones in the world. I explore using the smartphone as the platform to build a variety of
Software as a Medical Device (SaMD), creating solutions for (1) total hemoglobin measurement,
(2) personal blood pressure tracking, and (3) Intraocular pressure. In this dissertation, I show that
SaMDs enabled by smartphones built-in sensors has the potential for widespread disease screening
and chronic disease and health management through balancing trade-offs between optimizing the
sensing solution of the biomarker and addressing practical limitations of designing on real world

smartphone devices.
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Chapter 1

WIDESPREAD DISEASE SCREENING AND MANAGEMENT WITH A
SMARTPHONE APP

Current medical diagnostic devices are typically designed for a direct one-to-one physiological
metric to measurement device pairing or require laboratory access. That means to monitor all the
different physical phenomenon of the human body, a large variety of special medical equipment is
needed. Ultimately, this means that the medical sensing infrastructure becomes more concentrated
into high-resource regions and cannot be easily spread out. The inability to spread medical sensing
out of high-resource regions leads to many medical scenarios that are difficult to care for. First is
population screening in low resource or remote regions. In many cases, because the medical capa-
bility is centralized, people living in remote regions cannot be reached for screening. Second is at
home monitoring. Because the cost of owning a medical device is typically above individual means,
it becomes costly and often infeasible for at home care. In both of these cases, the fundamental
issue is one of scale. Because not everyone needs to own a medical device and different people may
need to monitor a different physiological phenomenon, the cost of each medical device can only be
so cheap. To this day, only a few medical devices have been made to reach mass population and
generally accessible in high-income countries. These include body thermometers, blood pressure

monitors, and glucometers.

In recent years, researchers have demonstrated that smartphone sensors hold the potential to be
repurposed for medical sensing.The uniqueness of this solution centers around the use of sensors

that are built-in to a smartphone. This concept purposely constrains the sensing solution to sensor

systems that are common to smartphones or has the potential of being common given the cost, size,
and general use cases beyond medical sensing. By building the essential capabilities of the sensing
needed for the medical end-usecase with hardware that is already widespread, the vision is that
medical devices can be created out of smartphones with a software download. This concept follows

the idea around Software as a Medical Device (SaMD). SaMDs are medical devices, as defined by



the International Medical Device Regulators Forum (IMDRF), is "software intended to be used for
one or more medical purposes that perform these purposes without being part of a hardware medical
device." [31]

The issue of scale is addressed by leveraging the fact that smartphones are already made and
sold in high volumes for diverse usecases that the general population wants and needs. Smart-
phones have already been shown to be able to use its own built-in sensors to perform physiological
measurements such as hemoglobin [79, 80, 27], bilirubin level [20, 53], lung function [45, 24],
and eye health [52]. By being able to build medical sensing right out of sensors already present in
common smartphones, we are presenting a potential future where makeshift medical devices can be

made by simply downloading an app onto phones already in people’s pockets.

1.1 Dissertation Goals, Contributions, and Organization

In this dissertation, I have applied this concept specifically to addressing the global need for ane-
mia screening and monitoring with HemaApp, chronic blood pressure management with Seismo,
and eye pressure screening with iPressure. Through these different projects, I will illustrate var-
ious sensing solutions with different combinations of cameras, microphone, inertial sensor, and
light emitting devices to achieve the measurement necessary to capture the underlying biomarker
of interest. Central to the dissertation is a nuanced discussion about limitations of phone hardware,
firmware, and software I encountered in the various explorations and identify solutions such as al-
ternative bio-physics phenomenon than standard sensing solutions, as in the case for HemaApp, and
the use of simple add-ons to augment the phone for iPressure.

The goal of this dissertation is to provide support for the thesis statement:

SaMDs enabled by smartphone’s built-in sensors has the potential for widespread
disease screening and chronic disease and health management through balancing
trade-offs between optimizing the sensing solution of the biomarker and addressing

practical limitations of designing on real world smartphone devices.

Each work has been carried out in various stages. The document is organized by splitting each
project. Each project is presented in a somewhat chronologically linear fashion. For clarity, the

related work will be split as well. There will be a related work section that describes the prior-arts



on smartphone based medical sensing, but specific related work that are relevant for each project
will be grouped per project. For each project, we will start with initial feasibility studies, system
improvements based on the feasibility study, and system validation. The aim of this dissertation is to
act as a documentation of the development of medical sensing apps to provide insights for engineers
and researchers who want to apply the concept for similar solution spaces. The final section will
distill the comprehensive learning culminated from the various projects, pointing out the properties
of the current smartphone devices that particularly worked well in enabling these solutions, drawing
out limitations, and suggesting future directions.

The document is organized as follows:

* Chapter 2 describes prior-arts on smartphone medical sensing including work that uses exter-

nal sensors and built-in sensors.

* Chapter 3 presents the background, initial feasibility study, and system design of HemaApp.
This section is based on the work published in Ubicomp *16 and is a stand-alone end-to-end
implementation and study of the HemaApp concept. This initial exploration used external
lighting to provide a broad examination of the concept without the constraint of the "phone

only" concept.

* Chapter 4 describes the extension from the feasibility work where I re-examined the software
of the initial system and developed an app-only version of HemaApp. This work is published
in EMBC ’17. Included in this chapter is also a separate characterization study of the effects

of oxygenation state on hemoglobin estimation.

» Chapter 5 documents the first international study performed in various regions of Peru. The
chapter focuses on the lessons learned. The majority of the chapter discusses the usability of

the concept in the target users.

* Chapter 6 presents the motivation and background for the development of Seismo, a phone

based blood pressure monitoring system.



» Chapter 7 presents the initial feasibility study of Seismo. The feasibility study was a series of
developmental trials that involved multiple instantiations of smartphone-based blood pressure

measurement app.

* Chapter 8 presents the system design and evaluation of the Seismo app that was developed

based on the initial feasibility study. This work was published in CHI *18.

» Chapter 9 presents the design and early stage evaluation of iPressure.

* Chapter 10 will serve as a closing summary of the dissertation that gathers together all the
learning in the development of HemaApp, Seismo, and iPressure and present a set of insights
to help guide future endeavors in smartphone medical sensing, ranging from the development

process, technological challenges, and usability findings.

1.2 Overview of Dissertation Scope

The focus of this dissertation is on the development and testing of smartphone-based medical sens-
ing technology. These project sits within a larger research scope during my PhD studies which
explored broadly the concept of bringing clinical sensing outside the clinic through utilizing exist-
ing mobiles devices like the smartphone and exploring next generation mobile devices like wearable
technologies. The following section quickly goes over various domains and the work I developed as
part of my PhD. Although each project is mainly stand-alone in terms of technology, together they
form a complete picture of how I view the role and potential of mobile devices in changing clinical

sensing.

1.2.1 Widespread Coverage

One of the biggest limitation to clinical monitoring is the lack of distribution of medical measure-
ment equipment. Many medical equipment are expensive, thus often restricted to high-resource
or easily-accessible, centralized areas. This leads to the inability to perform medical diagnostics
in many remote regions, low-income regions, at-home care scenarios, and emergency situations.

One of the key aspects of my work is to utilize widespread computing resources established by the



prevalence of smartphones to perform medically relevant physiological measurements. The utility
of out-of-clinic widespread medical diagnostics capability are two pronged. First is in the form of
more prevalent screening of potential diseases. This is particularly useful for epidemic level dis-
eases that requires a case-finding tool to diagnose who is actual sick and provide the most effective
treatment plan to individuals who are actually sick or an indication that an individual may need the
more expensive, clinic based testing. Second is in the form of chronic disease management. Dis-
eases such as hypertension is important to frequently monitor the changes over time in everyday life
rather than a more yearly based health checkup. Smartphones already have a variety of sensors, and
by utilizing these sensors in new ways, I have been able to show the ability to use phone camera
to measure hemoglobin as in the case of HemaApp, use camera with accelerometer to track blood
pressure changes, and use camera with a small passive augmentation to measure internal eye pres-
sure. This solution is inherently advantageous because of the reuse of technological resources that
are being widely produced, disseminated, connected, and supported.

HemaApp - Noninvasive hemoglobin measurement using a smartphone camera and flash LED.
The camera measures the change in spectral absorption distribution to determine the concentration
of hemoglobin in the blood. The user places their finger over the camera and flash LED, allowing the
camera to capture the blood movement in the finger. The blood movement caused by the heart beat
provides a signal source for non-invasively extracting the absorption contribution by blood against
the baseline absorption of skin, muscle, and bone.

Seismo - Blood pressure monitoring using a smartphone camera and accelerometer. An alter-
native method to measuring blood pressure besides the use of a blood pressure cuff is a method
called pulse transit time (PTT). PTT is the time it takes for the pressure pulse generated by the heart
to travel a set distance on the artery. Seismo, utilizes the smartphone accelerometer to pick up the
acceleration created by the aortic valve opening as a timing marker for the genesis of the pressure
pulse. With the phone camera, the ensuing pressure pulse is captured down stream as it arrives at
the finger tip. By relating these two timings, the PTT is measured using only a smartphone.

iPressure - Internal eye pressure measurement using a small hardware augmentation to smart-
phone camera. The hardware augmentation is a 5 gram clear acrylic weight nested in a black tube.
This attachment is secured on the phone camera such that the camera can see through the acrylic

weight. A yellow flourescene analgesic is applied to the eye. By placing the 5 gram acrylic weight



on the eye directly, the eye is depressed by the weight, a technique called applanation. The camera

captures the amount of depression which can be used to estimate the internal pressure of the eye.

1.2.2  Continuous Monitoring

The current clinical paradigm relies on active measurement taking using a medical device. May it
be blood pressure measurement, glucose monitoring, blood testing, oral hygiene, etc, our medical
diagnostics rely on physiological metrics that are a single measurement in time. However, with the
advent of consumer wearable devices, more and more attention is being put on the possibility of
doing more continuous monitoring of physiological metrics. The first of such is continuous heart
rate monitoring, overall activity level, and sleep quality through movement analysis. In my research,
I have worked on a variety of aspects to push the boundaries of continuous monitoring, ranging from

new physiological monitoring techniques to solutions to charge wearable devices in a passive way.

Project Glabella is a device that integrates multiple optical sensors into a pair of glasses to
measure blood pressure continuously using PTT. The PTT is measured using optical sensors placed
strategically along the frame of a pair of glasses. When the user wears the glasses, the optical sensor
captures the arrival time of the pulse at different parts of the facial arteries. Such a solution can be

integrated into any head-mounted wearable device.

CASPER is a capacitive through body charging solution that can charge and power devices
worn by the user without being taken off. It works by using the human body as a conduit for
13.56 MHz AC signal, and strategically designing the environment around the user to promote AC
coupling of the wearable device and the charging station. This is accomplished by embedding the
AC charging station into environments the user often come into contact with, such as furniture and
clothing. When the user put on their jacket, drives, sits at a coffee shop, or goes to bed, these
charging enabled "stations" deliver AC power through the body and charges the wearable device
that are worn on the user. Such a solution can provide a new design space of low power sensors
that are distributed on the body, each performing a specific health monitoring task. One such use
case is wound monitoring. The current paradigm for wearable health monitors focus on single
location, high power devices that tries to infer general health information. However, in cases like

wound monitoring, the most effective mechanism is a direct, local measurement. With CASPER, it



is possible for a gauze pad with wound monitoring technology to be charged as the person goes to
bed, and for the wound monitor to then operate for the rest of the day checking up on the wound’s

pH and wetness, to track healing progress and healing environment.

1.2.3  Contextual Understanding

Beyond direct physiological monitoring, one of the aspects that is needed for a full understanding
of the human health is the activity and contextual information the person is in. In some ways,
this is the outside influence and the physiological metric is the response. Being able to capture
information about what a person is doing through out the day can ultimately provide us opportunities
to understand how our behaviors are related to our health, or even improve our sensing capability by
using our current context to adjust the sensing. In this domain, my work has broadly explored novel

sensing solutions to for wearable devices using magnetic sensing.

MagnifiSense is a wrist-worn magnetic sensing technique to capture what a person is doing by
detecting the electronic environment they are current in the presence of. Most electronics have a
unique electromagnetic radiation due to the internal electronics such as motors, power switches,
processors, heating elements, etc. By knowing what someone is using, for example turned on the
stove, it is possible to infer someone is cooking. If someone is driving vs riding a bus vs biking (the
lack of EMI), the EMI footprint is different, providing information about commute patterns. The
EMI based classification of activity patterns provides a rich set of information while maintaining a
fairly low power requirement as compared to vision based systems, and only requires a wrist-worn
device versus needing to instrument the environment.

The variety of work I explored throughout the PhD along side my main endeavor in building the
HemaApp system has been an essential part of how I formed my approach to this project. The work
on Seismo, while a fully different use case and validation approach, was a similar base application.
The software development that occurred for Seismo provided me with more insight into how to
adjust the original HemaApp system that relied on external lighting into the new version that uses
only the flash LED. Much of the early work I did in MagnifiSense formed my understanding of
signal processing and machine learning solutions, which prepared me for analyzing the data in

this project. The other projects provide me with a big picture view of how my work fits into the
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Figure 1.1: Scope of This Dissertation

potential ecosystem of ubiquitous health technologies, giving me the preparation to form a proposal

of HemaApp that will ultimately coalesce towards a medically relevant technology.



Chapter 2

BACKGROUND AND RELATED WORK

The focus of this dissertation is the development of smartphone-based SaMD solutions in order
to improve the access to widespread for disease screening and chronic disease management. The
purpose of this section is to focus on prior art in the use of smartphone for performing medical sens-
ing and will leave specific background and related work for the different condition and measurement

systems in the individual chapters to follow.

2.1 Mobile health

The umbrella term of mobile health refers broadly to the use of smartphone in healthcare. The pur-
pose of this section is to categorize the different uses of smartphone as related to health sensing.
This is actually in contrast to the common referral to the term mobile health. In the field today,
smartphones have already been integrated into the work flow of many community health workers.
Open Data Kit is a good example of a toolkit meant to establish an infrastructure to utilize the
phone’s sensing capability, device usability, and internet connectivity to facilitate the work flow of
global community health workers [13, 26, 14]. Such framework does not, however, focus on the use
of mobile sensors to perform medical sensing akin to a medical device. This type of mobile health is,
in spirit, more similar to the class of mobile health solutions that connects a medical device attach-
ment to a phone. The purpose of the phone is to relay the information captured by the attachment
to a centralized information repository, in the form of personal data logging or telemedicine. This
use of the smartphone in the healthcare system, although extremely useful, is not the focus of this
dissertation.

In my work, I am focusing on the use of smartphone sensors directly to perform physiological
measurement and analysis. In essence, the smartphone itself becomes the medical device. The
advantage to this solution over standard medical devices (with or without smartphone connection)

is the potential for easier dissemination of the medical diagnostic capability. Since the sensing
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relies on hardware that is already present in a smartphone, the medical device is created when
the user downloads the app that measures a specific physiological metric. Within this approach to
mobile health are two main distinctions. First is the use of passive augmentations and second is
with only the smartphone sensors. Passive augmentations are defined as objects or devices that are
mechanical and in theory easy to mass produce. These passive augmentations are needed because
the phenomenon needed to be measured cannot be achieved with just the smartphone sensor. The
defining characteristic, however, is that these passive augmentations will likely never be included in
a common smartphone.

For example, microscope attachments have largely been explored as a way to perform in the
field blood testing using the phone’s camera [61]. Computer vision algorithms can leverage these
magnified images of blood slides to perform cell counting and cell identification. These attachments
generally are a set of lenses that a relatively cheap to make and are attached onto the camera using
either a clip or a phone stand that also holds the specimen in place. It is reasonable to assume that
microscopes will likely not be integrated into phones.

Bilicam [20], developed by de Greef et al., uses a smartphone camera to measure the blood
bilirubin level to screen for neonatal jaundice. This is performed by capturing a picture of the
baby’s skin to perform a color-based analysis to estimate bilirubin level. In order to correct for
ambient lighting, Bilicam relies on a color correction card, similar to the McBeth color checker for
photography. Biliscreen [53], by Mariakakis et al., uses a similar concept for measuring bilirubin
levels in adults. Instead of a photo of the skin, Biliscreen relies on measuring the color of the sclera,
or the whites of the eye. Similar to Bilicam, Biliscreen uses a color correction card.

In this vein, my work on a system called iPressure [52] combines the smartphone camera with
a clear acrylic weight attachment to measure a person’s intraocular pressure. This system replicates
other intraocular pressure measurement devices which applanates (flattens) the eye with the known
weight to infer the internal pressure of the eyes. To augment this measurement, a standard fluo-
rescene eye drop is applied to amplify the applanation surface. In this case, the attachment weight
and fluorescene will never be a part of a standard phone. However, the attachment is purely passive
and fluorescene can readily be purchased.

The second category, which will be the main focus of this dissertation, aims to enable medical

sensing using only the phone. As compared to solutions that require passive augmentations, this
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solution is a true “one download away,” and supports the concept of ease of dissemination more
readily. In the following section, you will notice that I include examples where the research proto-
type was not built directly out of a phone, but rather a stand-alone prototype that either attaches to
the phone or does not use a phone at all. I include these examples because the sensor technology
may already be in most phones but lacks the necessary software control to achieve the proposed
solution. I will, however, mainly focus on solutions that are implemented and tested on an actual

smartphone.

2.2 Medical Sensing with a Smartphone

Medical sensing with a smartphone can be differentiated into two types: Active and passive. Active
sensing involves user interaction during a measurement. For example, the user puts their hand
on the camera, blows at the phone, or put the phone on their chest. Passive sensing is when the
phone monitors the user in the background without explicitly requesting the user to engage in a
measurement. In this dissertation I do not make any arguments about whether one is better than the

other, but will focus on active sensing, which is the category my work resides in.

2.2.1 Active

Active sensing is similar to how medical devices are designed today. When a measurement needs
to be taken, a prescribed action is required. A variety of work have utilized this concept to perform
physiological measurements with a smartphone.

The most common measurement, one that has already made it to main stream applications, is
to measure heart rate with the phone camera [18]. When the finger is placed over the camera and
flash LED, the camera captures the color of the tissue and blood in the finger. When the heart
beats, some amount of blood is pushed into the finger. This change in blood quantity in the finger
leads to a change in the light reflected into the camera, which can be used to calculate when a
pulse happens. This phenomenon is fundamentally similar to the way HemaApp works and I will
go into more detail on this in the following chapter. Heart rate can also be captured using the
inertial measurement unit (IMU) [59]. This work demonstrates that when the phone is placed on the

chest, the microvibration caused by the valve movement of the heart leads to a measurable signal.
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Similarly, this can be measured with a microphone placed on the chest [36]. A work by myself,
called Seismo, also explores this topic by utilizing the smartphone accelerometer to capture the
heart beat and the camera to capture the pulse.

Chandrasekhar et al. demonstrates a novel oscillometric finger-pressing method on a optical
sensors instrumented with a pressure sensor. Their method utilizes the same theory as standard
brachial cuff oscillometric BP measurement, but instead uses the digital artery pressure to estimate
brachial pressure. Although their prototype uses a standalone sensor system placed on a phone,
reminiscent of other external medical device that connects to the phone, their implementation takes
into consideration a form factor and usability that would likely work on a smartphone. Various
smartphones are equipped with pressure sensitive screens and as demonstrated by many prior work,
cameras are capable of capturing a similar pulse waveform. The configuration and sensing technique
can be reasonably considered to be feasible without any external hardware.

Various research groups have shown initial feasibility studies or technical limitations in per-
forming pulse oximetry on a smartphone camera. Karlen et al. have explored the design challenges
for camera oximetry on mobile phones [25, 34]. They presented the theoretical relationship of
the Sa0O2 calculated using different wavelengths of light based on known absorption coefficients of
hemoglobin. Their work showed that if a phone camera’s IR filter can be removed, the use of 660nm
and 950 nm would be ideal, but if no modification is made to the camera, 460nm and 660nm can
be used instead. In a separate work, Karlen et al. also presented automated solutions for detecting
finger placement on the camera lens and regions of interest in the camera feed. Our system draws on
the wavelength recommendation from these works. Although we recognize that automated detec-
tion of signal quality is important for end-use scenarios, we did not implement these for our system
due to the controlled nature of our experiment, which guarantees proper placement of the finger and
low movement.

Larson et al. [46]. demonstrated the use of the microphone to estimate lung function in a
spirometry-like effort with their application called SpiroSmart. Using only the microphone of the
smartphone, Spirosmart captures the sound of the user’s exhalation effort, estimating the air flow
speed through analysis of the frequency content of the exhalation.

Instead of direct sensor based measurements, researchers have also explored ways to infer phys-

iological metrics through other means. Mariakakis et al. [54], for example, developed a blood
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alcohol estimation system based on user performance on a set of cognitive acuity tests on the smart-

phone to capture information like response time to on-screen challenges.

2.2.2 Passive

Compared with the active sensing solution, passive solution is constraint to the everyday “natural”
uses of the smartphone to capture health information about the user.

Hernandez et al. has demonstrated the ability for phones in a user’s pocket to measure heart rate
using the accelerometer [28]. Their technique relies on a similar phenomenon as Mohamed et al.
introduced earlier, but instead of a direct measurement at the chest, the phone in the pocket captures
the peripheral vibrations caused by the proximal cardiac ballistocardiography.

Sleep tracking is another popular domain with a phone in the background solution. Phones
are placed on the bed or next to the bed at night, and the sensors on the phone capture activity
throughout the night to infer sleep information about the user. Downloadable applications today
uses the phone’s IMU to capture movement information on the bed to infer sleep stage of the user,
information that is used to perform smart alarm features or logging of sleep quality. Apps also exist
that uses the microphone by the bed to capture snoring activity. Nandakumar et al.’s ApneaApp
uses the smartphone’s microphone and speaker to detect breathing motion, which is then related to
apnea, stopping of breathing, events [63].

Beyond analog sensors like cameras, IMUs, and microphones, researchers have also demon-
strated the utility of phone use information as a method to infer health information. Jacques et al.
has shown that phone use information, like when a person uses a phone (middle of the night), has
the potential for detecting depression [32, 33]. Bae et al. demonstrated that tracking metrics like
activity level, screen duration, time between key presses, etc can be used to detect potential high-risk

alcohol consumption episodes for just-in-time interventions [4].



14

Chapter 3

HEMAAPP: NONINVASIVE BLOOD SCREENING OF HEMOGLOBIN USING
SMARTPHONE CAMERAS

HemaApp is a design of a noninvasive hemoglobin measurement solution that relies on the use of
a smartphone camera. The development of this work started in April 2015 with the first publication
on the feasibility of this concept at Ubicomp 2016 [79]. In this initial work, the system did not
actually rely solely on the hardware of the phone. Instead, I had explored the use of a variety of
external lighting sources to establish an overview of what light works well and whether the concept

even works. The following chapter is a reproduction of the 2016 publication modified to fit within

the context of this dissertation.

Figure 3.1: HemaApp is a smartphone application that noninvasively estimates blood hemoglobin
concentration using a smartphone camera. Analysis of the color of the blood in a user’s finger yields
an estimate of the user’s hemoglobin level. We evaluated the system using the smartphone’s LED

flash and incandescent light bulbs as illuminating sources.
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Figure 3.2: Three embodiments of HemaApp in increasing hardware augmentation.

By leveraging the absorption properties of hemoglobin and blood plasma at multiple wave-
lengths of light, HemaApp, can measure hemoglobin concentrations through a method called pho-
toplethysmography (PPG) combined with hemochromatography. PPG is an optical measurement
of the blood flow, in our case measured at the finger. Hemochromatography is an analysis of the
coloration of the blood. By combining these two techniques, HemaApp can extract the coloration
of the blood from the finger optically, a method that is employed to reduce the effect of skintone.
This is achieved by using the RGB camera with different light sources illuminating the fingertip.

Three different hardware embodiments that vary the level of hardware augmentation necessary
were evaluated (Figure 3.2): (1) white flash + infrared emitter, (2) white flash + infrared emitter +
incandescent lamp, and (3) white flash + custom infrared led array. Most smartphone cameras have
a white LED, and many smartphones have started to introduce IR emitters for autofocus, potentially
making the first embodiment augmentation free. The second embodiment requires a low overhead
modification by introducing an incandescent lamp for an additional IR spectrum. The third embod-
iment requires the most hardware augmentation by introducing a custom array of LEDs as a phone

case.

3.1 Background and Related Work

3.2 Anemia

When someone is anemic, their blood has a reduced number of red blood cells (RBC). The central

function of RBCs is performed by the protein molecule hemoglobin, an iron-containing molecule,
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that has the ability to bind to oxygen. As the RBCs circulate with blood throughout the body,
oxygen is delivered to various parts of the body, allowing proper physiological function. As a
result, if the number of RBCs is reduced, the oxygen delivery capability is also reduced. The most
common symptom of anemia is fatigue due to this decrease in oxygen carrying capacity. If the
evolution of anemia is slow, however, symptoms are often hard to detect. This is because of the
body’s homeostatic adaptation such as increasing tissue’s oxygen extraction from the baseline of
25% up to about 60%, allowing the body to maintain proper oxygenation [40]. Symptoms might
only surface during exertions in this case where the need for oxygen increases beyond the extraction
compensatory response. Acute or severe anemia typically have more pronounced symptoms, and

can lead to lethargy, confusion, and other potentially life-threatening complications.

3.2.1 Defining Anemia

The strict definition of anemia is a state of reduced absolute number of RBCs in circulation. For
clinical practice, however, this definition is not practical because RBC counting is not cost-effective
and general unavailable. In practice anemia is defined as the a reduction in one or more of the
following RBC measurements: Hemoglobin concentration (HGB), hematocrit (HCT), and RBC
count.

Hemoglobin Concentration (HGB) - HGB is the concentration of hemoglobin molecules, the
oxygen-carrying molecule, in whole blood. It is typically measured in grams per volume, often in
terms of g/dL (for deciliter = 100 milliliter) or g/L.

Hematocrit (HCT) - HCT is the percent packed spun volume of intact RBC to volume blood.
This measured by spinning the blood sample in a centrifuge and measuring the height of packed
RBC.

RBC Count - RBC count is the number of RBCs in a specific volume of whole blood, expressed
as millions of cells per uL of whole blood.

In many cases, either HGB or HCT is used for diagnostic purposes due to availability of these
testing solutions. For the purpose of this dissertation, I will refer to HGB as the RBC metric for
anemia levels because our system ultimately measures HGB and not HCT because it performs a

color measurement. To determine whether a person is anemic depends on many factors like age,
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sex, ethnicity, and sometimes life-style. For this reason, clinically it is important to consider the
various factors when determining if the RBC measurement is considered below normal levels for
this person.

HGB is elevated in the first month of life at >14g/dL, and rapidly declines to about 11g/dL at
six to nine weeks of age [41, 58]. Between three to six months, anemia detected usually suggests
a hemoglobinopathy because nutritional anemia is unlikely in term infants. The hemoglobin level
increases as the infant grows up and typically to about 14 g/dL for female and 15 g/dL for male
[48]. As a person ages past 60 years old, their hemoglobin level tends to then decrease. Table
3.1 documents a normal range of hemoglobin level for male and female of Caucasian and African-
American population in America of each age group. Anemia is often defined as having a value of

more than two standard deviations below the mean [10].

3.2.2 Causes of Anemia

As mentioned previously, the purpose of having a proper concentration of hemoglobin is to enable
oxygen delivery. To maintain a proper concentration of working and effective RBC, the body has to
have a balanced production, maintenance, and breakdown of RBC [48]. A disruption in any of these
processes can lead to a reduction in healthy RBC count. There are a variety of causes and forms
of anemia. This review will cover some of the most common causes, but is not meant to act as a

comprehensive list.

* Iron-Deficiency - Iron-deficiency is the most common cause of anemia globally, at about 1
in 5 people in the world [38, 85]. Because the hemoglobin protein molecule requires iron
to be produced, if a person lacks iron, the production of hemoglobin will be reduced. Iron-
deficiency is most often a result of malnutrition, which is the main reason that iron-deficiency
anemia is most prevalent in low-resource regions of the world. Increased iron intake through

diet, supplement, or infusion are treatments for iron-deficiency anemia.

* Sickle Cell Disease (SCD) - SCD is a genetic blood disorder that results in a mutation of
hemoglobin production [67]. Healthy RBCs are shaped like a flat disk. Sickle mutation in the

hemoglobin protein leads to a change in RBC into a sickle-like shape, changing the hemo-
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Table 3.1: Normal Values of Hemoglobin for Different Age, Sex, and Ethnicity Groups

Caucasian African American
Age (Years) Sex Hemoglobin (g/dL) Age (Years) Sex Hemoglobin (g/dL)

50th Lower 50th Lower

percentile  Limit percentile  Limit

<1 12.5 11 <1 12 11

2o0r3 12.6 11 2o0r3 12 11

4t06 129 11.7 4t06 12.5 11
7 to 10 13.5 12 7to 10 12.7 11.2
11to 14 Female 13.7 12.3 11to 14 Female 12.9 10.6
Male 14.3 12.6 Male 13.6 11.8
15to 18 Female 13.7 11.5 15t0 18 Female 12.8 10.7
Male 154 13.7 Male 14.9 12.9
20 to 49 Female 13.6 12.2 20 to 49 Female 12.9 11.5
50 + Female 13.6 12.2 50 + Female 13 11.5
20 to 59 Male 15.2 13.7 20 to 59 Male 14.6 12.9
60 + Male 14.9 13.2 60 + Male 14.3 12.7

Age 1-18 data reproduced from Copyright © 2018 UpToDate which references: Brugnara et al. [12],

Cembrowski et al. [16], and Baker and Greer [6].

Age 20+ data reproduced from: Beutler E and Waalen J [9].Copyright © 2006 The American Society

of Hematology.
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dynamic properties both inter-cellular and in general circulation. The clinical manifestation
of SCD is variable, with a variety of mechanisms that causes acute anemia and pain crisis.
The change in hemodynamics causes excessive hemolysis (rupture of RBC), vaso-occlusion
(reduction in circulation due to sickle RBC adherence to the endothelium) [19], splenic se-
questration (trapping of RBC in the spleen) [5, 21], and severe anemia during aplastic crisis
(cessation in RBC production in the bone marrow) [73]. Patients with SCD are chronically
anemic and are often treated with either hydroxyurea to induce production of non-mutating

fetal hemoglobin or regular transfusion of whole blood.

* Thalassemia - Thalassemia is a genetic blood disorder that results in abnormal production
of hemoglobin. There are many forms of Thalassemia, classified as the imbalance of alpha-
or beta-globin production, leading to unpaired alpha- or beta-chain to precipitate and causing
destruction of RBC precursors in the bone marrow. This leads to ineffective erythropoiesis

(production of RBC) and hemolysis, both of which contributes to chronic anemia [57].

* Malaria - Malarial infection occurs when the malaria parasite enters the blood through in-
fected mosquito bites. The parasite infects the RBC and at the end of the infection cycle,
ruptures the RBC and the released merozoites from the infected RBC cause fever and other

manifestations of malaria [86]. This rupturing of RBC causes hemolytic anemia.

* Hookworm Infection - Hookworm infections’ main impact is on nutritional status [7]. Hook-
worm infection causes blood loss due to lacerating capillaries and also by the hookworm in-
gesting extravasated blood. This daily loss of blood, iron, and albumin leads to anemia of

malnutrition.

3.3 Hemoglobin Measurements

Clinically adopted methods to measure hemoglobin are currently restricted to blood tests. In a lab
test, a technician draws about 3mL of blood for a complete blood count (CBC). In a CBC, informa-
tion about red blood cells (RBC), white blood cells (WBC), and platelets are measured electroni-
cally. The hemoglobin concentration is measured optically after the blood is mixed with a chemical

agent that changes the solution’s density proportionally to the concentration of hemoglobin. For
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tests that only require a hemoglobin concentration, such as those for screening during blood do-
nations, a point of care (PoC) device is often used instead of the more time consuming CBC. An
example of a PoC is the HemoCue device. The HemoCue requires a finger prick to draw a small
amount of blood. A microcuvette then draws the blood and mixes it with a chemical reagent on a
test panel. This test panel is read by the HemoCue device and a result can be determined in about a
minute. This method has been shown to have a rank order of 0.89 at a mean accuracy of £0.5 g/dL.

when compared to results from a CBC test [23, 78].

Most recently, noninvasive measurement of the hemoglobin concentration through optical mea-
surement of the blood at the fingertip has been developed. Alam et al. has created a finger probe
with 6 LEDs that cover multiple wavelengths in the red to IR spectrum (630, 660, 680, 770, 880 and
1300nm) to measure the hemoglobin to water ratio in blood plasma [1, 3]. Kraitl et al. conducted
a 41 people study using a three LED (670, 810, 1300nm) finger probe, and found similar success.
Timm et al. based their technique off of Kraitl et al.’s system to create a device called OxyTrue
Hb®. A commercially available system developed by Masimo is similar to Alam et al.’s system, but
instead incorporates 7 LEDs and uses a proprietary algorithm [51]. Validation of this system has
shown a mean accuracy of + 1.0 g/dL [51, 69]. We draw from these existing works for noninvasive
hemoglobinometry in our design of the lighting sources we incorporated in our study. The aim for
our system is to provide a similar level of accuracy, but reusing the hardware of a smartphone to

make the system more easily deployable.

HemaApp is the first noninvasive hemoglobin measurement system that leveraged the camera
of the smartphone to perform similar measurements as the Masimo Pronto and other finger probe
systems. Since the Ubicomp 2016 and EMBC 2017 publication of HemaApp, other works have
explored the use of smartphone camera to analyze hemoglobin concentration [27]. Hasan et al.’s
work demonstrates a different approach to the noninvasive measurement with a smartphone. Instead
of a pulse extraction based system, their system uses a more statistical based, histogram analysis
of the measurement at the finger. Their method and results present an interesting and novel take
on the problem and in my proposed analysis, I plan to explore more closely how their system can

contribute to the future improvements of my own solution.
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Figure 3.3: System overview of HemaApp, which consists of the phone and lighting hardware, data,
and algorithm. The HemaApp application communicates with an LED attachment. After a user
places their finger over the LED and camera, multiple light sources are cycled through. A video is
recorded for each light source. The algorithm then extracts the R, G, and B time series waveform
for each video by averaging each RGB channel independently for each frame. The algorithm then
extracts machine learning features including peak and trough measurements for each light source,
and also interaction terms between light sources. Finally, a SVM based regression is applied to

estimate the hemoglobin concentration for the user.

3.4 System

Figure 3.3 shows the HemaApp system, consisting of hardware components that record data which
are processed by an algorithm to calculate the hemoglobin concentration. The following hardware
section describes the choice of light wavelengths and the phone application that controls the lights
and records the light reflected from the finger to the camera. The data obtained by the phone app are
a series of videos for each light source. The algorithm section describes the process of converting
the series of video recordings to RGB time series waveform and the physical intuition behind the

machine learning features used in the hemoglobin estimation.

3.4.1 Hardware

Due to the limited access to low level hardware control of the phone, we choose to develop a hard-
ware add-on to provide the lights for hemachrome analysis. However, unlike other noninvasive opti-
cal hemoglobin measurement systems, we limit the lights we choose to ones that can be commonly

found on smartphones today and in typical hardware stores. Furthermore, we make no modifications
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to the phone’s camera itself, unlike prior work’s use of phone cameras for pulse oximetry, which
requires the removal of the IR filter of the camera. Instead, we rely on the front facing camera,
which tends to have weaker IR cut off than the back facing cameras, making it more suitable for our

application.

Wavelength Selection

We address a major limitation of using a smartphone camera for doing hemoglobin measurement; a
lack in sensitivity to wavelengths above 1000nm. First, we use only IR absorption below 1000nm.
Water begins to have a response above 940nm and has an initial relative maximum at 970nm. Sec-
ond, we not only measure the water content in the plasma, but also the proteins that make up about
10% of the blood plasma by volume as a proxy for capturing the plasma volume to compare against
hemoglobin concentration.

This is accomplished by leveraging the blue absorption of the plasma. By illuminating the finger
with a white LED (which contains a strong blue component) and an IR light at 970nm, the system
is capable of capturing the plasma response. We also included another IR LED (880nm) to help
capture the different absorption between the various forms of hemoglobin. Both the 970 and 880nm
LED are in the range of IR autofocus LEDs equipped in the current generation of smartphones. Our
IR LEDs are sourced from the Marubeni SMC series.

Even though some new smartphones are beginning to be equipped with IR LEDs, most smart-
phones only have a white LED. To address this issue, we look towards a commonly available IR
source, the incandescent light bulb. Incandescent light bulbs typically have strong IR light emission
in the NIR range. Our system uses a candelabra 6W incandescent light bulb that can be found in
hardware stores.

The LEDs are placed in a ring around the phone camera, while the incandescent light bulb was

placed about 3 inches above the finger.

Phone App

For the HemaApp prototype, we use a Nexus 5 with an unmodified front-facing camera. For typical

optical hemoglobin measurement, each lighting condition is cycled through at a high rate repeatedly
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to measure the response at each wavelength pseudo-simultaneously. In this way, the lighting condi-
tions are all measured for the same pulse. However, due to the limited sampling rate of the camera
and the inability to synchronize the lighting circuit with the camera’s frame refresh, it is not feasi-
ble to measure all wavelengths of light at the same time without considerable access to low level
hardware control. We discuss the tradeoffs of multiplexing and series testing in the discussion and
make suggestions on how multiplexing can be achieved based on our own experiments. For our pro-
totype, each lighting condition shines continuously for 15 seconds and cycles to the next light with
an assumption that hemoglobin concentration and average blood flow does not change significantly
during the course of the test, which takes a few minutes. The mobile app is built on the Android
platform with the Android Camera 2 API, which allows for full control over the white balancing
and exposure. This is important because infrared is generally considered an unwanted spectral re-
sponse that camera applications will detect and rebalance settings to avoid. Prior work has found
that certain white balancing settings, such as the “incandescent mode” can be used to avoid the
rebalancing [34]. The Camera 2 API allows for full control over the exposure, white balance, and
sensor sensitivity. The hardware gains are manually set for each RGB channel using presets that are
empirically found for each lighting condition such that the three channels reported a similar level of
light. This is necessary because the red channel typically has a much stronger response due to the
red blood under the white and incandescent lights. If left to a flat white balance, the auto exposure
will be set to the red channel, leaving the G and B channels highly underexposed. Finally, exposure
is set using the camera API’s auto-exposure settings. Once the image is auto-exposed, the exposure

is locked and a 15-second video is recorded for each of the lighting conditions sequentially.

3.4.2 Data

Each light source is cycled through one after another and a 15 second RGB video is recorded for
each light source. The exposure, frame rate, white balance gain, and ISO settings are recorded for
calibration. At an average resting heart rate of about 75 beats per minute (BPM), around 15-20

pulses were captured for each light source.
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3.4.3 Algorithm

The algorithm section first explains hemachrome analysis, which is the blood color analysis we
base our algorithmic implementation on. We then detail the two stages of the implementation.
First, the video processing step extracts the pulsatile signal recorded in each video. The second
stage is a feature generation step that involves combining the intensity values extracted from each
wavelength’s video. These features are then used with an SVM to train regression models based on

the ground truth blood test hemoglobin.

Hemachrome Analysis

Hemachrome analysis is the study of blood coloration to analyze the components in the blood.
HemaApp aims to measure the concentration of hemoglobin as compared to the concentration of
plasma in the blood. The Beer-Lambert law states that the absorption of light is proportional to the

concentration and thickness of the medium, given by:

Lneasured = IOeia[C]d 3.1)

where [ is the incident light intensity, o is the absorption coefficient, [C] is the concentration,
and d is the thickness of the medium that the light travels through. When the finger is illuminated
with a single wavelength of light, the measured intensity /,,,.q5ureq represents the absorption due to

tissues, hemoglobin, and plasma:

Imeasured,l — 1072’ efd(ati.rsue.l [tissue]+ocm,_’,1 [Hb]+apla.v111a.l [Plasma]) (3 2)

where A is the wavelength of the incident light. To obtain the ratio of [Hb] and [Plasmal], it is
necessary to eliminate the attenuation of the intensity signal due to finger tissue. This is accom-
plished by measuring the temporal change of the measured intensity as the thickness of the arteries
oscillate with respect to the heartbeat.

The change in arterial thickness Ad affects only the path length for Hb and Plasma. By measur-

ing the ratio of the maximum and minimum intensity of the light received, the effect of the tissue is
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Figure 3.4: Light absorbed by living tissue. Adapted Web09[26]. The absorption of light changes

due to the change in volume of blood when the heart pulses.

removed:

M e eAd(aHb.l [Hb]+aplasma.l [Plasma]) (33)

Itrough,l

Where the ratio of intensities can then be expressed as:

I
Igy=In (I”“""l ) = Oty 2 [HD]Ad + Oy 45ma 2 [Plasma)Ad (3.4)
trough,A

The measured ratio of maximum and minimum values of intensity thus provide a measure of
absorption due to the different components of blood. In theory, a system can use empirically mea-
sured absorption coefficients for each compound at a specific wavelength of light to predict the
hemoglobin concentration using Equation 4. By measuring the response at multiple wavelengths of
light, multiple I ; can be calculated. Ratios of I 5 across wavelengths over determine the ambigu-
ity of Ad allowing an estimate of [Hb] to be made. However, factors such as the distribution of the
emitter, sensitivity of the sensor, and complex reflection properties of tissue make this infeasible.
In our case, the incandescent and white LED are very broadband emitters that produce measure-
ments that are poorly modeled by Equation 4. Using machine learned regressions to estimate the
Ogp 2 and Otpjagmq p for each lighting source, we overcome our reliance on predetermined absorption

coefficients at specific wavelengths for blood.
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3.4.4 Video Processing

For each lighting condition, we extract the intensity of the peak and troughs for each pulse. The
center section, measuring half the width and half the height of the image, is cropped and an average
intensity for each channel is calculated. This is done because the image from the center of the image

is the most consistent and stable. The signal processing technique that extracts I

1. High pass filter with a cut off at 0.5Hz. This is to remove the fluctuations due to breathing,
which are around 0.2-0.3 Hz.

2. Apply an FFT on the filtered waveform and extract the dominant peak. The dominant peak

gives an estimate of the heart rate.

3. Using the heart rate as a threshold between successive peaks, false peaks due to the dicrotic
notch and the diastolic peak are avoided. The threshold is set at % of the heart rate to avoid

missing actual peaks.

4. Map the index of peaks and troughs onto the unfiltered signal. We need the original magni-

tudes of the peaks and troughs to calculate Iz = In <—1””"" )

11 rough

5. Calculate I for each peak

Feature Selection

In order to estimate the absorption coefficients at the broadband wavelengths used by our system,
the HemaApp system cannot rely on the basic derivation of multi-wavelength hemachrome analysis.
The following is a list of the features. The first three features are derived directly from the Beer-
Lambert equations in hemachrome analysis. The fourth and fifth features aim to capture nonlinear
interactions between wavelengths.

Ieak = Ipc : The baseline intensity due to tissue.

Iyeak — Itrough = Iac = The amplitude of the pulsatile absorption.

I . . . - .
In <%) = Iz: The adjusted amplitude of absorption that eliminates the effect of tissue.
trough,
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Figure 3.5: To calculate the absorption change due to blood, a peak detection algorithm is applied

on the temporal signal. An FFT is used to estimate the heart rate. Using the estimated heart rate as

the minimum spacing between two peaks, the peaks and troughs of the heart beat signal is extracted.

Irac(Aiy Ak) = Inc 2, /1ac 2, © A pairwise ratio of pulsatile absorptions between all wavelengths.

Iea—1 ) ) . .
Ig acpe(Ai, M) = |I“’7“"] : Absorption difference across wavelengths, baseline adjusted.

pe.a; —Ipe

Regression

A separate SVM regression (SVR) model is trained for each embodiment of our proposed system:

(1) white + 970 nm LED, (2) white + 970 nm LED + incandescent light, (3) white + 970 nm + 880

nm LED + incandescent light. We will refer to each embodiment as EMB#. The regressions are

made based on ground truth values obtained from a blood test. During development, we find that

a linear regression do not produce as good of a result as an SVR, but provides good insight into

feature significance. As such, the linear regression is used to help in the feature selection process,

as it is easier to interpret the resultant model, but the SVR is used to produce a model for evaluation

by employing the features chosen through the linear regression. Table 3.2 displays the feature list

for the three embodiments:

The SVM model is tested using a leave-one-subject out validation. The training is done using

the MATLAB implementation of SVM regression with a Gaussian kernel with default parameters,
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Table 3.2: Features used for training in each embodiment.

EMB1 EMB2 EMB3
IAc(WhR) IR7Ac(II’lR,WhB) IR7Ac(1nR,880)
IAc(WhB) IR7Ac(II’lR,97O) IR7Ac(II’lB,WhR)

Lic(970)

IR7Ac(II’lB, WhB)

Igac(WhR,WhB)

Igac(WhR,WhB)

Ir acpc(InR, InB)

IRVAcpc(InR,InB)

IRACD(j(WhR, 970)

IR,ACDC(InR’ WhB)

IR,ACDC (II’lR, 970)

Ir Acpc(WhB,970)

Ir Acpc(WhR,880)

Ir acoc(Whb, 880)

to avoid overfitting due to parameter tuning.

3.5 Data Collection & Validation

To evaluate and inform the design of HemaApp, we conduct a clinical study with three groups of
people: healthy students and staff of the university, in-patients at a children’s cancer and transfusion
clinic, and in-patients at an adult cancer and bone marrow transplant clinic. Data collections at these
sites provide a diverse dataset paired with ground-truth hemoglobin concentration from CBC tests.
We note that typical initial feasibility studies for hemoglobin measurement systems involve 10 — 60
people and typically cover population ranges of 8 — 16g/dL. hemoglobin concentration [42, 70]. In
order to recruit patients from beyond these ranges, a system must be validated enough for hospital
use during surgical procedures, as people who are well below the 8 g/dL range are likely in need of
a transfusion or are already in surgery. These initial feasibility studies are then followed by a series
of larger follow up clinical validations in more diverse populations and repeated measurements
per person during surgeries such as urologic procedures where hemoglobin concentrations change
dramatically [51, 70, 77]. We base our study design to reflect the feasibility studies of these previous

works. Our study include 31 patients in a range of 8.3 g/dL to 15.8 g/dL.
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Table 3.3: Demographic information of subjects.

Participant Demographics (N = 31)

Age (years) 6 —77 (u=31, 0=17.5)
Hemoglobin (g/dL) 8.3 — 15.8(u=12.1, 6=2.2)

Gender Ratio 15 male: 16 female

Reported Ethnicity (n, %)

East Asian: 7
South East Asian/Indian: 6
Latino: 3
White: 14
Mixed: 1

Each patient’s data set include a series of videos measuring the absorption change under mul-
tiple wavelengths of light. We collect videos within 24 hours of the ground truth CBC blood draw
to ensure that hemoglobin measures are as accurate as possible. Within a day, hemoglobin concen-
tration is typically stable within 0.5 g/dL [11]. Patients who have hemoglobin transfusion or heavy

bleeding between the study and the blood draw were excluded.

The in-patient clinics are centered on cancer patients, in particular leukemia and bone marrow
transplant patients, because these patients tend to be chronically anemic. As such, these patients
often have CBCs done as part of their clinical care. By including both children and adult clinics,
the study cover a wide range of age and hemoglobin variations, allowing us to validate on different
groups of people. Our study population include about 1/3 pale skintone, 1/3 sepia — light brown
skintone, and 1/3 dark brown skintone. Due to a low population of people with black skintones in
the city we conduct our study, we are not able to include those with very dark pigmentation in our
study. However, it should be noted that pigmentation on the underside of the hand tends to be much
lighter in comparison to the backside of the hand, as such, it is likely that the effects of very dark

pigmentation is covered well enough by our inclusion of dark brown skintones. In our follow up
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Figure 3.6: The experimental set up included an acrylic box housing a 6W incandescent light bulb
of 3000k color temperature and a Nexus 5 smartphone with an LED array attached to its front facing
camera. The array is equipped with white, 880nm, and 970nm LEDs. The participant places their

finger over the camera while covering the LEDs.

study, we will be expanding to other hospitals nationally and internationally to have a wider spread

of pigmentation to validate these claims.

3.5.1 Data Collection Procedure

In order to evaluate the effects of camera hardware and lighting conditions, we built a setup that
allows us to efficiently cycle through all the combinations for every subject in our clinical validation.
The setup is an acrylic box that contains a Bluetooth-enabled microcontroller that controls each of
the light sources. The top of the box has a 6W incandescent light and a white piece of card stock
with a hole cut in the middle. A Nexus 5 smartphone is placed in the box with the camera pointing
up to the ceiling of the box. The LED circuit is then placed over the camera. The box is clear except
for the portion holding the electronics, which lets ambient light shine through. The box also has a
black cover that is used to block out ambient light.

The subject places the fingertip of the ring finger on their non-dominant hand on the camera.

The subject is asked to sit still and not speak during the test to reduce movement. Each lighting
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condition is then cycled through in the following order: incandescent, white, 970 nm, 880 nm.

The study consists of taking a series of videos of the participant’s finger under various lighting
conditions. Tests are done during the day, with no particular control over the ambient lighting
conditions. An optical hemoglobin measurement is obtained using the FDA cleared Masimo Pronto
7 right before the recordings with the HemaApp system. The CBC blood test is used as ground-truth

data and the optical Hb is used as a source of comparison to a specialized noninvasive device.

3.6 Results

3.6.1 Estimating Hemoglobin Levels

The top half of Figure 7 shows the predictions for each HemaApp embodiment comparing to the
ground truth CBC, calculated using a leave-one-subject out cross validation. The bottom half of
Figure 7 shows the corresponding modified Bland-Altman plot, where the residuals (HemaApp —
CBC) are plotted against the CBC hemoglobin. For comparison, the results of the Masimo Pronto

are included in each plot.

Results: HemaApp’s hemoglobin estimations correlate with the CBC’s predictions with a rank
order correlation of 0.69, 0.74, and 0.82 with a mean error of 1.56 g/dL, 1.44 g/dL, and 1.26 g/dL
respectively for each embodiment. The results of the Pronto are also compared to the CBC, which

yields a rank order correlation of 0.81 with a mean error of 1.28 g/dL.

Implications: The improvement from EMB1 to EMB2 shows that simply supplementing the
smartphone with an incandescent light both improves the correlation and decreases the error signif-
icantly. With the addition of an extra IR source, thus including both a 970 nm and 880 nm IR LED,

the performance of HemaApp is comparable to the results of the Masimo Pronto.

A Wilcoxon signed rank test and an F-test of the residual variances fails to show statistically
significant differences between the EMB3 predictions, Pronto’s Hb predictions, and ground truth
CBC values (p>0.05). An N-way ANOVA on the residual magnitude (IHemaApp EMB3 — CBCl)
also did not reveal statistically significant effects on the residual magnitude due to age and race

(p>0.05).
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Figure 3.7: (Top) A comparison between predicted hemoglobin levels and ground truth hemoglobin

level. (Bottom) A Bland-Altman plot showing residuals of predicted hemoglobin level against the

ground truth hemoglobin. The +1.96SD is shown for each plot. Embodiments 1, 2, and 3 shown

from left to right. Blue represents the HemaApp results and orange represents the Pronto results.

3.6.2 Screening for Anemia

To evaluate how well HemaApp can be used as a tool for screening for anemia, the results of the

regression are classified into two groups: anemic and normal. The classification is based on the

average expected hemoglobin for each age group and gender. Figure 8 shows the classification

results plotted against age. A different reference line is shown for male and female above the age

of 16 as female tends to have lower hemoglobin than males. Those classified correctly are shown in

gray. Higher sensitivity signifies better ability to detect the presence of anemia. Higher specificity

signifies better ability to detect normal levels of hemoglobin. Table 3 breaks down the results by

sensitivity and specificity for each embodiment and the Pronto. The 31 participants included 14 with

anemia. The Pronto did not produce a hemoglobin measurement for one of the anemic participant

due to low signal quality, thus the sensitivity results are for 13.

Results: HemaApp’s classification results for each embodiment have higher sensitivity (78.6%,
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85.7%, and 85.7%) as compared to the Masimo Pronto (69.3%). In comparison, the Pronto per-
formed better in specificity, 88.2% compared to HemaApp (70.6%, 70.6%, and 76.5%).
Implications: The results are in favor of HemaApp as a useful screener for anemia. This can be
seen in the sensitivity of each embodiment being near or above 80%. The Pronto on the other hand
performed better in terms of specificity, at just under 90%. Comparing HemaApp to Pronto, the two
systems are calibrated differently. HemaApp is tuned to be more cautious in order to reduce missing
patients who are anemic, but at the cost of lower specificity. We believe this is a safer choice for use
cases such as community health workers screening in the field, as missing an anemic diagnosis is a
higher risk. In comparison, the Pronto’s higher specificity is useful for situations such as in home
monitoring. In situations where the patient is measuring frequently, having too many false alarms
will result in unnecessary patient burden and hospitals getting frequent calls from unnecessarily

worried patients.

Table 3.4: Anemia classification results for each embodiment.

Sensitivity Specificity
EMB 1 | 78.6% (11/14) 70.6% (12/17)
EMB 2 | 85.7% (12/14) 70.6% (12/17)
EMB 3 | 85.7% (12/14) 76.5% (13/17)
Pronto | 69.3% (9/13) 88.2% (15/17)

3.7 Discussion

Our analysis of HemaApp shows that with some augmentation to the current smartphone hard-
ware, our smartphone-based hemoglobin system compares favorably with the Pronto predictions.
HemaApp cannot replace the CBC blood test, but can be used as an effective screener to determine
whether further blood testing is necessary. The availability of the smartphone makes HemaApp
a good candidate for at-home monitoring of chronically anemic patients, and its low cost can help

equip community health workers in low resource areas screen for iron deficient anemia. The findings
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Figure 3.8: Anemia classification of HemaApp using typical hemoglobin reference ranges for each
age and gender groups. Colored lines map incorrectly classified points to ground truth classification

and hemoglobin predictions.

show that by using another ubiquitous item, the incandescent light bulb, the accuracy of HemaApp
can be significantly improved. Although such light bulbs are beginning to be phased out in devel-
oped countries for more efficient alternatives, they are still easily obtainable as decorative lights in

typical hardware stores.

3.7.1 Limitations & Next Steps

The current results are based on data collected on a Nexus 5 device and using only one brand of
incandescent light bulb. As such, for the system to be more accessible, it needs to function on
various types of devices and supplemental lighting. Different brands and models of phone use

different cameras, lenses, and filters. The strength of the IR filter will strongly influence how strong
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the IR LEDs need to be for penetration. The necessary adjustments based on these factors need to

be investigated before the results of HemaApp can be generalized to different hardwares.

The incandescent light’s properties also present another variable for future exploration. The
current light bulb is a 3000K bulb, which places its peak wavelength at about 1000 nm, making
it ideal for the detection of water. Another variable is the effect of the age of the light bulb. As
light bulbs become less efficient, their emitted spectrum changes. It is possible that in order for the
incandescent light bulb method to remain accurate over time, a calibration stage would be necessary
after some time. Another issue with using an incandescent light bulb is ambient lighting. When
using the data collected when ambient light is allowed into the experimental setup, the results of the
best case EMB3 dropped to R = 0.60 and a mean error of +1.72 g/dL. Although this does not limit
the use of EMB2 and 3 in a dark room, it does suggest a user would have to make sure to use a lamp
shade to reduce large fluctuations due to changes in ambient lighting. Further experiments will have
to be done to determine to what degree ambient light exposure affects the results. We believe using
a brighter light bulb and placing the hand closer to the lamp will reduce this problem significantly,

limiting the effect of ambient light.

3.7.2 Limited Hemoglobin Range

The current data collection focuses on a range of 8-16 g/dL, which is sufficient for covering certain
levels of anemia and normal populations; however, this means HemaApp cannot be used for those
who are so gravely anemic that they need immediate transfusion or those with elevated hemoglobin.
Our current data collection has come across a few patients in these extreme ranges, but we will need
a more targeted recruitment to have enough data to develop the system to work in these ranges.
To find people with elevated hemoglobin, we will need to expand our clinical study to include
pulmonary clinics with patients that have high hemoglobin due to advanced pulmonary ailments.
For obtaining extremely low hemoglobin, our collaborators have suggested taking data at midnight,
when most of their transfusion patients are admitted and their hemoglobin measures as low as 4-5
g/dL. For this to work, our system needs to become much quicker, more robust, and self-contained
such that running our study does not require the participation of the patient and fast enough that we

do not interfere with the patient’s clinical care.
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3.7.3  Effects of Hemoglobinopathy

Only patients with normal red blood cell traits were recruited in our initial study, but we plan to ex-
pand our evaluation to include different blood disorders (e.g., sickle cell, thalassemia, and hemolyz-
ing patients). Each of these disorders can potentially cause different optical absorption variations
that may or may not be observable by our current measurement technique. Further studies of the
optical properties of different hemoglobin types will have to be done through laboratory experi-
ments. On the other hand, patients with hemolysis have ruptured red blood cells that results in free
floating hemoglobin in the blood plasma. In the measurement of hemoglobin concentration, it is
important to distinguish between hemolyzed and non-hemolyzed hemoglobin. In a laboratory test,
the blood is first separated into the plasma and intact red blood cell components before hemoglobin

concentration is determined.

3.7.4  Ensuring Data Quality

A major hurdle to making the system truly deployable is in making a system that can ensure data
quality. All the data collection is conducted either by the development team or trained data collection
assistants who have experience using prototype medical devices. The interface produces a real-time
visualization of the camera feed to ensure that the patient has fully covered the camera/LEDs and
the waveform being recorded is void of excessive movement.

To enforce proper finger placement and reduce movement, a finger cuff can be designed to center
the finger over the camera. A snug fit for such a cuff would be ideal, but it cannot be so tight that
the finger loses circulation. Furthermore, the finger cuff will also function as a cover to block the
ambient light. A small window can then be integrated into the top of the cuff to be opened for the
incandescent light.

An automated signal quality detector will also be necessary for detecting whether a signal is
stable enough for analysis. The usual components in the signal consists of the pulse signal and the
breathing signal, both of which are typically periodic between 0.3 — 2 Hz. An automated system
can analyze for sudden DC shifts caused by the finger shifting, resulting in a non-periodic signal al-
teration. This signal quality detector then determines whether a segment of collected data is useable

for analysis, prompting the user to perform the data collection again if it failed.
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Chapter 4

REMOVING EXTERNAL HARDWARE

The initial development of HemaApp involved the use of external lighting. However, as noted
in the limitations of the initial work, the system needs to be more stand-alone and easier to deploy.
The focus of the initial development was to determine feasibility and identify whether certain light-
ing can ultimately work. In re-examining the initial approach to the work, I noted that it is likely
possible to improve the feature strength by eliminating the reliance on measuring each wavelength
sequentially. Since most of the strongest features required a cross wavelength normalization, the
sequential measurement introduces a noise in the feature generation due to the inter-heartbeat vari-
ation in pulse amplitude. In revisiting the Android Camera API control, I found that it is possible
to manually adjust the gains of individual color channels, providing an opportunity to capture in-
dividual wavelengths of vastly different amplitudes at the same time. In this section, I will go into
detail the implementation of this new standalone system, which I will refer to as HemaApp V.2, and

a performance analysis in a small validation study.

4.1 Phone Hardware and App

An RGB camera has three broadband color channels, giving a relatively even response to the entire
optical spectrum. These cameras typically respond to light from the near infrared spectrum; how-
ever, to reduce glare from the infrared spectrum, manufacturers typically insert an IR filter, limiting
the camera to visible spectrums. The absorption property of the blood is about two orders of mag-
nitude higher in the blue and green wavelengths than it is in the red wavelengths. This means that
under the same exposure settings, either the red channel will completely dominate and the green
and blue channels will be unobservable, or the red channel will be clipped for the green and blue
channels to be measureable. In HemaApp V.1, I had implemented a single channel measurement
for each wavelength, turning on only the red, green, or blue at one time. That was satisfactory in

the initial implementation as I was cycling through narrow band LEDs one at a time. However, this
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leads to an inherent disadvantage of relying on the assumption that the pulse size does not change
from beat to beat. Instead, if we can capture the different wavelengths at once, we can remove such
an assumption. Prior work in using the smartphone camera and flash to perform pulse oximetry has
suggested the use of white balancing techniques such as incandescent light mode [42]. In this mode,
the blue channel is amplified to alleviate the issue slightly. We take this concept further by manually
setting each color channel gain individually to adjust the relative exposures between channels. The
current system is built on the Huawei Nexus 6p with an Android version 6 operating system. The
Android 6.0+ uses the new Camera 2.0 API. This new API gives developers fine grain control of the
individual amplification gain for each color channel. The white balance gain set for HemaApp V.2
isR=0.251G =0.851B = 3.00, where a gain of 0.0 turns off the color channel and a gain of 4.0
was determined to be the maximum. These values were determined empirically with 20 subjects of
varying skin tones to determine the signal quality for each color channel. In this experiment, the
amplitude of the fluctuation channel due to blood absorption was measured for each color channel
under various gain settings. The above setting gave the most balanced fluctuation across channels
while still maintaining a low noise that occurs at high gain settings. Although the maximum achiev-
able gain is 4.0, this results in very noisy measurements. The frame rate is set at 30 fps and an
auto exposure routine is used to set the integration to properly expose the camera once the finger is
placed over the flash and camera.

A blue with yellow phosphorus fluoresced white LED is used in the development of HemaApp
V.2. This type of LED generates white light using a blue LED coated with a yellow phosphorous
coating which fluoresces a yellow light under illumination by the blue light. The resulting mixture
creates a white light with a strong narrowband blue light mixed with a broadband light between
500-700nm. This type of white LED is more commonly used in a smartphone than a tri-color white
LED which composes of one red, one green, and one blue LED, due to the quality of the white light
produced. Although optical hemoglobin level is typically measured using a combination of visible
and near infrared at 1300nm to estimate plasma volume, due to the limitation of smartphone CMOS
cameras and the white LED, only absorption changes between 400 — 700nm can be observed. The
system, instead, relies on the blue absorption to estimate plasma volume. Blue wavelengths can act
as a proxy due to the bilirubin in the plasma, which has strong blue wavelength absorption. Note

that the bilirubin concentration in the blood would thus likely affect the accuracy of the system.
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HemaApp has thus far been tested in populations that are unlikely to have high levels of bilirubin.

4.2 Algorithm

This section will describe the algorithm that calculates a hemoglobin value from a video collected
from the camera. The majority of the algorithm remains the same up to the feature generation. As
there are only three wavelengths, there are limited number of combinations. The purpose of the
initial validation is to check for whether there are feature significance, but avoid any overfitting.
However, through the field deployment, a larger dataset should allow an introduction of machine
learning based regression. By observing the different features extracted from the pulse signal, it was
found that Iyc(G,B)andRg p, in particular the summation of the two, as the feature that best tracks
hemoglobin concentration. A linear regression between Iac(G,B) + Isc(R,B) and the ground truth

generates a model that converts PPG to hemoglobin levels.

4.3 In-Lab Validation

To evaluate our system, we conducted a 32 participant study that measured the hemoglobin level
using two systems: HemaApp V.2 and the Masimo Pronto 7, with participants ranging from 18 to
35 years old and having various skin tones. The performance of Masimo Pronto 7 has been evaluated
in several independent clinical trials, demonstrating a mean error of about 1 g/dL against a blood
test CBC golden standard. Although the performance of our system against the Pronto 7 does not
directly represent the performance of our system against a blood test, the result of this test provides
an estimate of how well the system would perform compared to a blood test.

For each test, a participant first had their hemoglobin measured using the Masimo Pronto 7.
Next, they were measured by the HemaApp three times. Each recording was one minute long. The
participant was asked to remove their hand between each measurement.

Accuracy

For each one minute measurement, the average Ixc(G,B) + Isc(R,B) is calculated. For each
subject, three measurements were made and the median value of Iyc(G,B) + Iac(R,B) is used in
the linear regression. We noted that in our 32 subjects, five subjects deviated from the regression

significantly. We treated them as outliers in the regression, and fit the linear regression based on the
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27 remaining data points instead. When considering the outliers, R = 0.42 and the RMSE = 1.93.
When outliers are removed, R = 0.62 while the RMSE = 1.27. For comparison, Pronto’s RMSE =
1.1 [72].

Precision Looking at the repeatability of the measurement for each subject, we separate the three
Hb estimate as independent measurements and compare it to the Pronto measurement. The repeata-
bility, calculated as the standard deviation divided by the mean of three measurements, are all under
6%, with 50th percentile of the CDF at 2.5% and 75th percentile at 3.6%. The Masimo Pronto’s
reported precision is 4.1% in a study where the device is used in two consecutive measurements

[72].
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Chapter 5

IN-FIELD USABILITY STUDY

5.1 Field Study in Peru

The initial validation of the phone camera and LED system provided the feasibility needed to carry
forward with a field deployment using the new portable system. Through collaboration relation-
ships established with Peruvian NGO Red Innova, I was able to setup a deployment study in Peru,
focusing on answering two questions: 1) What is the performance of HemaApp in a target anemia
screening population, and 2) What is the user experience of HemaApp when used by community
health workers in actual anemia screening practice. The study was conducted in conjunction with a
rural community anemia screening campaign in Indiana, Peru, a community in the Amazonian Jun-
gle. Red Innova operates anemia screening campaigns, during which, community health workers
from their Lima and Iquitos office transport finger prick based hemoglobin measurement equip-
ment (Hemocue) to the communities and host a 2-3 day adhoc clinic to screen for anemia, provide
micro-nutrient supplements, and general health education around anemia and sanitation practices.
Just before deploying for the study with Red Innova, I had organized a trial run with another
NGO operating in Arequipa, Peru, which ran a similar version of the rural community screening.
In this trial, I did not travel to the study site to observe the study and, instead, had trained one of
the study coordinators who took the setup with her to the study site. In a conference call after the
deployment, I received the feedback that it was unclear whether the subject’s finger was in the right
place and that it was confusing for the staff to determine whether they were doing the procedure
right. In analyzing the data, I noticed two main issues: 1) the finger was often misaligned, and
2) even when the finger covered the camera, the subject’s fingers were pressed so hard that the
blood does not enter the finger. To alleviate this, I adjusted the setup to include a finger holder
made by cutting two slots in a black phone case and slipping a black cloth through the slots to
make an adjustable finger holder. The purpose of the finger holder is to help provide alignment and

appropriate pressure on the finger. In this way, to make a measurement, first the staff has the subject
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HemaApp usability exploration through Finger must cover both the Low fidelity solution:
deployments with CHWs in Iquitos, Peru camera and LED Black glasses cloth
slipped into a plastic case.
Slots cut out with a knife.

Common issue:

Curled and misplaced finger

Figure 5.1: Data collection in Peru. Finger not placed on the right place on the camera is a common
issue. To solve this, a low fidelity solution of a black cloth weaved through a phone case was

devised.

put their index finger into the black cloth holder. Then they cinch down the cloth. And then turn the
phone around such that the staff can see the screen to check the quality of the signal and hit start.
Through training, I explain to the study staff how to identify quality signal and signal that is of poor
quality such as when the subject is pressing too hard.

The following sections will provide the details of each study location, insights gained from

discussions with local staffs, researcher observation in person, and data review.

5.2 Field Study Procedure

We mainly used the same procedure for each study location, only adjusting slightly depending on
the needs of the conjoint studies as we either needed to streamline our data collection protocol to

the existing clinical procedure or study. The core procedure is as follows:

1. Introduce the HemaApp study to the subject. Explain to them that this will not change their
clinical procedure and is part of a research aiming to make hemoglobin measurements more
noninvasive. Since many subjects are minors, the consent process was mainly conducted with

the subject’s parents. The procedures were approved by an ethics review board in Peru.

2. The HemaApp measurement is conducted before the reference measurement. In the clinical
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office and home study, the reference measurements are done using a venapuncture while the

community screening campaign relied on a finger-prick Hemocue measurement.

. The staff requests the subject to put his or her index finger over the camera, which is under the

black cloth holder. Once the finger is in place, the black cloth is cinched down on the finger.

The phone is then turned around to face both the subject and the staff.

. The staff checks the pulse signal to make sure the finger is placed correctly and the signal

is coming through properly. If the signal looks to be incorrect, the staff adjusts the subject’s
finger either by having them loosen their grip or adjust the placement of the finger, whichever

is appropriate.

. Once the signal looks appropriate, the staff starts the measurement. The measurement lasts

15 seconds. During which time, the subject is asked to remain still and not move their finger

position, not speak, and remain still.

. Once the measurement is complete, the subject’s hemoglobin is measured using the reference

measurement.

Figure 5.2: Data collection in Peru. Me working with a children to obtain a HemaApp reading.
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5.3 Insights from Field Deployment

As the study’s main focus was on development of the algorithm, the study was not designed in a
formal ethnographic style of observational study. However, to the best of my abilities, I recorded
personal observations and interviewed the study staff during and after the study to gain insights on
staff experience, subject experience, issues with the procedure, and how all of this can ultimately

lead to better user experience to promote better quality data capture for future studies.

The main issue we found at all the sites is many children were scared during the procedure and
often resulted in either drawing away from the measurement phone or crying when the parent or
staff tried to keep the child’s hand over the phone. Even the slightest level of fear would result in
a finger curling response, which is a common pediatric fear response. This causes issues with the
HemaApp measurement. A proper measurement requires the finger to be placed steadily over the
camera. Curling causes both a misalignment of the finger and also excessive pressure that reduces
perfusion at the finger tip. I noted that the staff did not fully understand the issue of this at first as
they were use to typical blood draw based hemoglobin measurements. Blood draws does not rely
on the subject being still. As long as blood is pulled out, the procedure is considered successful.
As a result, the community health workers are used to grabbing the child’s hand forcefully and
swiftly using the finger prick device to get blood out of the finger. No matter how much resistance
is met does not affect the procedure. However, for HemaApp, this type of subject interaction is
counter productive. Note that many of these observations are subject to cultural influence. Most
of these children have previously attended anemia screening clinics where they have experienced
fairly forceful finger pricks and an overall stressful experience. Due to these past experiences, they
are more likely to associate the entire experience as stressful even if our procedure does not involve

any puncturing and pain.

To mitigate the issues caused by general fear of participating in medical procedures, the staff and
myself came up with a variety of compensatory solutions to try to reduce the stress on the children
subjects. First, the immediate solution that each of the staff gravitated towards was to try to tell
the children about the measurement and how it’s just a camera. This seems to have worked only
when they first show the front of the phone, but when the phone is turned around and they ask for

the children’s finger, many children immediately started crying. We were unsure why that is, but
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it may be due to unfamiliarity with the device and associating to how the procedure to how most
finger pricking procedure occurs. Some children calms down once the phone is turned back around
and they see the moving signal and begins to pay attention to the situation and the lack of pain.
However, often times the procedure do not go beyond trying to position the finger on the camera or
even if the finger is on the camera, because the fear has already set in, the subject is unable to stay

still during the measurement, resulting in an unusable measurement.

Interestingly, we found that when children sit in their own chair, and not on their parent’s lap,
almost none of the children started crying nor initiated fear responses. Although we did not exten-
sively study this, we found that this seemed independent of age. On the first day of the trial, we
found that most of the children, even the older ones were quite scared. But on the second day when
we began to instruct the staff to actively have parents let their children sit in their own chair, the
entire procedure became much smoother. In future procedures, we will incorporate this as part of

the procedure.

5.4 Issues in Data Analysis

In the Amazon portion of the study, we were able to capture 83 measurements that passed the
quality check. Applying a similar linear regression analysis in the HemaApp V.2 study, I found a
much weaker regression. Given the issues I found in the data collection and the resulting reduction
in signal quality, the poor regression is not surprising.

First, the data quality is the major issue. Even the data that made it past the manual data quality
checking, it is unclear, based on in-person observation, how well the measurements were actually
made. However, this is likely not the main issue.

Second, and more importantly, the baseline measurements were made using a Hemocue device
for the study as the rural campaign could not perform CBCs. Hemocue measurement, in it of it
self, has a fairly large margin of error, with reports between 0.5 to 2.3 g/dL. As we are treating this
as both a training and testing data set, the high margin of error of the Hemocue baseline leads to
issues of poor ground truth. Instead, it would be ideal to collect data based on CBC measurements
as the baseline and re-test the estimation of the measurements made in this field study to examine

the accuracy.
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5.5 Summary of Learning

The study in Peru, although did not provide me with the data to study the performance of HemaApp
further, did provide invaluable information through observation of usability to improve the overall
protocol. First, the procedure involving placing the subject’s finger in the cuff and then turning
the phone over to observe the screen was difficult. Instead, it will be easier to simply not use the
screen as a feedback mechanism and let the phone be placed screen side down so that the subject
can put their finger on the camera directly. A useful future development would be an automated
algorithm that can then detect the quality of the signal to provide feedback to the subject staff and
automatically begin the measurement. Second, it is important to make sure subjects are calm. This
is particularly difficult with young subjects. Instead of having parents hold the child, anxiety can
potentially be managed by first giving more independence to the children by allowing them sit in
their own chair and placing the phone on the table and letting the children put their finger over
the camera themselves. Third, although we did not try this in the field, some of the community
health workers suspect the look and feel of the device may contribute to the general scariness of the
unknown procedure. They suggested that instead of a pure black cloth, a cloth with black on one

side and a brighter color on the other side can be used to make the device look more welcoming.
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Chapter 6

SEISMO: BLOOD PRESSURE MONITORING USING BUILT-IN SMARTPHONE
SENSORS

6.1 Blood Pressure

High blood pressure (BP), also known as hypertension, is a medical condition in which the blood
exerts high force on the artery walls as it circulates through the body. According to the WHO
[81], hypertension causes 7.5 million deaths per year, about 12.8% of all deaths worldwide, and in
2008, around one billion people had hypertension. Frequent monitoring of BP at home has been
show to improve the management of hypertension and effectiveness of treatments over infrequent
in-clinic monitoring [2]. Currently, at home monitoring of BP relies on automated oscillometry-
based BP arm cuffs for daily measurements. Although this way of automated way of measuring
blood pressure enable out of clinic monitoring, they are cumbersome and inconvenient [76, 71].Due
to these drawbacks, patients typically only perform arm cuff-based measurements once a day, and
thus cannot capture the fluctuations in BP that occurs throughout the day due to exercise, activities,

and other stressors.

Advances in mobile technologies now present an opportunity to have always available health
monitoring capabilities as more and more people carry a smartphone around with them. Incor-
porating BP monitoring using only the built-in sensors on all smartphones has the potential of
enabling unobtrusive and convenient BP monitoring at home and frequently throughout the day.
As a software-only solution leveraging commodity devices that are already disseminated widely, it
would be possible to enable higher adoption, and as a result improve the population awareness of

their cardiovascular risk.

In this work, we develop and evaluate Seismo, a BP measurement technique using the existing
sensors on the smartphone. Seismo uses pulse transit time (PTT) — the time taken by the heart’s
pulse to propagate between two arterial sites — which is inversely related to BP [37, 82, 88]. In

particular, Seismo tracks the time when the blood is ejected from the heart as the aortic valve opens
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Figure 6.1: Measuring blood pressure using Seismo, a smartphone application that uses the built-in

accelerometer and camera to calculate pulse transit time.

and when the pulse arrives at the fingertip. To perform this, Seismo relies on Seismocardiography
(SCG), which uses the vibration caused by the movement of the blood and valve activities as the
heart beats, allowing for accurate measurement of aortic valve opening time. The SCG is captured
using the phone’s accelerometer pressed against the chest (Figure 6.1). In this position, the user
holds the phone with their finger covering the camera, which then captures the photoplethysmogram
(PPG) at the finger, thus measuring the pulse as it arrives. This technique conveniently captures
both the proximal (close to the heart) and distal (away from the heart) timing all from one device,
without the need for any supplemental hardware. Additionally, PTT-based techniques can measure
beat-to-beat BP, thus it can more reliably measure short-term BP changes (such as post-exercise),
which are difficult to measure using cuff-based devices. One major distinction between Seismo and
previous solutions that enable smartphone blood pressure tracking without additional hardware is
the use of accelerometer to capture SCG as a proximal timing. Other work has mainly focused
on using the sound created by the heart, otherwise known as phonocardiography (PCG). However,
the fundamental limitation of using PCG as a proximal timing is that the sound being captured is

actually created by the closing of the heart valves rather than the opening, thus not an ideal reference
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for when the blood is actually ejected. Although prior work have demonstrated the use of SCG and
PPG to reliably capture PTT for measuring BP, they use custom hardware with ultra low-noise
accelerometers [15] to resolve the signal, while we focus on using only off-the-shelf commodity
smartphones.

In coming down to the above design, I performed a series of prototype pilots. In this initial
feasibility work, I developed test applications that implemented a variety of sensing modalities
to explore the many instantiations of PTT measurements that can performed with a smartphone.
This was a very breadth first search, with two main branches: (1) a two camera mode and (2) a
microphone and camera combination. The two camera mode is used to capture PPG from two distal
sites and PTT captured using the time difference of arrival at each site. The microphone and camera
combination implements the PCG measurement as a proximal timing and PPG from the finger. As
mentioned above, PCG is not an ideal measure, but the feasibility study was performed prior to the
team learning about the nuanced difference between PCG and SCG signals. The properties of the
signal and general usability finding are still mostly relevant. Through the series of pilot studies and
multiple development iterations, we created the Seismo application, which uses an accelerometer in
the phone to capture SCG and the camera to capture finger pulse arrival time.

To measure the effectiveness of Seismo, we collected data from nine participants in four lab-
sessions each. Participants biked at multiple intensities during each session to raise their blood
pressure. For each participant, the first session BP measurements are used for calibration and learn-
ing. Based on which, the subsequent three sessions of blood pressure measurements are estimated.
We note that Seismo struggles to capture reliable SCG and PPG signals from two of the nine par-
ticipants. One participant has very shaky hands during the measurements, which is accentuated
when holding the phone in the measurement position. The other participant has a comparatively
weak heart beat, while also having more muscle and fat tissues between the accelerometer and the
heart, which significantly reduces the transduction of the signal. Of the seven participants whom
Seismo is able to capture clean and extractable signals, Seismo achieves Pearson correlation co-
efficient scores of 0.20-0.77 (u=0.57, 6=0.15) and RMSE of 3.3-9.2 mmHg (1=0.52, 6=2.0) for
each participant.This is comparable to prior work [39, 87] that uses custom hardware to measure
PTT, demonstrating the feasibility of using commodity smartphones to capture SCG and PPG for

BP estimation, while we also identify the limitations of our system.
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6.2 Background and Related Work

6.2.1 Blood Pressure

Blood pressure is the pressure which the circulating blood exert on the walls of blood vessels. Dur-
ing each heart beat, blood pressure reaches a maximum, systolic, and minimum, diastolic, pressures.
Typically, blood pressure, when addressed to without further context, is referring to systemic blood
pressure in the central arteries and measured in millimeters of mercury (mmHg) above surrounding
atmospheric pressure. Blood pressure is desirably between 90-129 mmHg for systolic blood pres-
sure and 60-84 mmHg for diastolic blood pressure. This pressure is needed to maintain circulation
of the blood through the entire body, and is influenced by cardiac output, total peripheral resistance,
and arterial stiffness.

Fluctuations occur depending on situation, emotion, disease state, digestion, physical activity,
and with the time of day (cite). The circadian cycle influences blood pressure, with blood pressure
typically being higher in the morning and lower at night(cite). There is evidence that show night-
time blood pressure is a stronger predictor of cardiovascular outcome of patients (cite).Diet also
influences blood pressure. A high sodium diet tends to increase the blood volume in a person, thus
increasing cardiac output thereby increasing blood pressure. Age and sex also affect blood pressure.
Arteries tend to stiffen as adults age, which is thought to be the reason why elderly tend to have

higher than normal blood pressure.

6.2.2 Blood pressure measurement

Blood pressure is directly measured through invasive insertion of a catheter tube and pressure trans-
ducer into the artery. This is typically only done in intensive care units and is considered the most
accurate method for measuring blood pressure. However, invasive measurement using an arterial
line catheter is not feasible for most use cases. Instead, blood pressure is more commonly measured
at upper arm’s brachial artery as a proxy for estimating the blood pressure in the central artery.
The more common way to measure blood pressure is using a sphygmomanometer, which uses an
inflatable cuff worn on the arm to collapse and then release an artery in a controlled manner and
a manometer to measure the pressure. Although it is less reliable than an intra-arterial catheter, it

is non-invasive and accepted by the medical community when the sphygmomanometer has a grade
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A/A rating (cite). Several easy-to-use electronic home sphygmomanometer devices are available as

well.

6.2.3 PTT vs PAT

Compared to cuff-based BP measurement approaches, PTT-based techniques provide continuous
beat-to-beat BP measurements. A typical method for obtaining PTT [37, 62, 64, 83] is to use the
R-wave of the ECG to mark the timing of the genesis of the pulse, and measure the pulse at the
periphery (typically at the fingertip) using PPG. However, the ECG R-wave is not a reliable timing
marker for the genesis of the pulse [15, 88, 62], as it marks the electrical stimulation that would then

trigger the start of a heartbeat, when the blood leaves the heart.

The time between the occurrence of the R-wave and the actual aortic valve opening (AO) is
called the pre-ejection period (PEP). In reality, systems using a combination of ECG and PPG
to measure PTT are actually measuring Pulse Arrival Time (PAT=PEP+PTT) to estimate BP, by
wrongly assuming PEP to be constant. Previous work has shown that PAT is not an accurate measure
to estimate BP [15, 88], as PEP is connected to the nervous system activity and is variable up to tens
of milliseconds. Instead, prior work have shown that a better way to resolve PTT is to capture the
mechanical vibration at the chest caused by the series of muscular contractions during a heart beat,
known as seismocardiography (SCG) [30]. The advantage of SCG is that the signal captures the
valve movements of the heart, showing the mitral valve closure time (MC) and aortic valve opening
time (AO).

In this work, similar to [15, 39], we rely on SCG instead of ECG to capture the proximal tim-
ing of aortic valve opening in order to measure accurate PTT value (not PAT) for BP estimation
(Figure 6.2). PTT-based BP estimation approaches suffer from a few limitations. PTT can only
estimate relative changes in blood pressure, i.e., an absolute measure of PTT cannot be extrapo-
lated to an absolute measure of BP. Also, the relationship between PTT and BP is dependent on the
physiological properties of an individual. Both of these limitations can be addressed by perform-
ing per user calibration, and is an active area of research. Various methods have been proposed to
determine the calibration between PTT and BP [62]. The most common is to perform a set of in-

terventions that would perturb an individual’s blood pressure. Exercises such as running and biking
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Figure 6.2: PTT using SCG and PPG as measured by the Seismo system on a Google Pixel phone.

ECG based timing results in the inclusion of PEP, and thus measures PAT.

are effective methods to drastically increase the blood pressure. Other methods include postural
changes, valsalva maneuvers, and cold pressor [62]. Finally, another limitation of PTT is that it is
most strongly influenced by diastolic blood pressure. As such, in our evaluation we focused only
testing the correlation between PTT and diastolic blood pressure. However, because diastolic blood
pressure changes and systolic blood pressure changes are often strongly correlated, PTT remains a

highly useful for monitoring blood pressure fluctuation.

6.2.4 Measuring BP using Wearable Devices

Researchers have proposed PTT-based wearable devices to continuously sense BP throughout the
day [15, 22, 29, 82]. Glabella is a wearable glasses [29] with three optical sensors for PPG to
measure PTT on different arterial sites on the face. Fortino and Giampa [22] use a combination of a
ring and a wrist band with optical sensors for two separate PPG measurements, while SeismoWatch
[15] use a wristwatch form factor with optical and IMU sensor to calculate PTT. SeismoWatch
[15] shows the usage of SCG and PPG to accurately measure PTT and predict BP. However, it uses

custom wearable hardware with ultralow-noise accelerometer (ADXL354) and IR photodiode arrays
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to measure SCG and PPG, in order to measure high resolution SCG and PPG values. Previous work
has shown that SCG can be accurately measured using smartphone’s built-in accelerometer [43, 60],
though only examined more measuring heart rate and heart rate variability, not pulse transit time. In
our work, we explore measuring SCG from the phone’s accelerometer by placing the phone over the
chest, and measuring PPG at the fingertip from the same phone’s camera (Figure 6.1), to determine
PTT and estimate BP while the user is seated and with measurements taken over clothing. This
is of significance because the measurement of PTT necessitates better capturing of distinct time

characteristics of aortic valve opening time over just identifying the presence of a heart beat.

6.2.5 Measuring BP using Smartphones

As wearable devices are potentially cumbersome and are not widely adopted, researchers have ex-
plored exploiting the ubiquity of smartphones to measure PTT and predict BP [17, 49, 65, 35]. Most
of the phone-based BP techniques [17, 35] using a combination of the smartphone’s microphone to
record the heart sounds created by the closure of the mitral and aortic valves, called phonocar-
diogram (PCG), and the smartphone’s camera to determine the heart beat at the fingertip. As the
smartphone microphone is sensitive to noise, a stethoscope-based hardware is usually attached to
enhance the smartphone sensing capability [65, 17]. Dias et al. [35] has demonstrated the use of
the commodity smartphone without any attachments to capture PCG. However, as mentioned pre-
viously, PCG does not provide the correct time to determine PTT, as PCG captures the closing of
the valves sound, not the opening. There is currently a gap in using built-in smartphone sensors
to accurately capture PTT, which our work addresses through the use of accelerometer and camera

paired PTT measurement.
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Chapter 7

PHYSIOLOGICAL SITE TESTING FOR PTT MEASUREMENTS

In our development of the Seismo system, we did a broad exploration of the many different ways
of capturing PTT using smartphone sensors. One of the key work that was carried out was imple-
menting a number of methods to measure pulse signals on a smartphone that were demonstrated in
prior work [50, 17, 35, 43, 60]. We found that many of the configurations presented in related work
was indeed usable in a lab setting where a trained staff is present for obtaining good data, but when
implemented as an app meant for use by individual users, many configurations became infeasible.
The following is a thorough documentation of the various pilot studies and design consideration that
went into the final design of Seismo.

Using a smartphone’s built-in sensor, we implemented three ways to measure the pulse to de-
termine the pulse transit time: camera to measure PPG, microphone for PCG, and accelerometer to
measure SCG. In our final configuration, we chose to use the camera based PPG and accelerometer
based SCG. The choice between using SCG and PCG came about from personal communication
with other researchers in the field of PTT measurement. The literature has identified that SCG is a
more reliable measure of the aortic valve opening timing. However, prior to making this decision,
we had also spent considerable time examining the PCG measurement, and thus include that explo-
ration in this section. PCG measurements, although may not be as suitable for PTT monitoring, is
still a useful signal for capturing cardiac activity. We group the following in the methods in which
the sensors are combined to capture PTT by combining two of the signal sources. First is using two
PPG sources on different parts of the body, referred to as the PPG/PPG based system. The second

is using a PPG source and a SCG source.

7.1 PPG/PPG based systems

Using two PPG measurements at different distances from the heart provides a PTT measurement

that can be used to estimate changes in blood pressure. The best location to measure PPG is the
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Figure 7.1: Different body sites to record PPG and PCG.

finger. The blood is typically significantly perfused, the location is easily accessible, and the hand
is already operating the phone. The challenge is to determine another site on the body to measure
the second PPG. In various prior work in both mobile health research and clinical health research,
various second site have been proposed. PPG can be measured at various locations on the body
where a main artery is directly under the skin or in the peripherals where blood is significantly
perfused, meaning blood is distributed to the capillaries. Arteries that can be used to measure PPG
from include the brachial artery (at the elbow) the superficial auricular artery (in front of the ear),
carotid artery (at the neck), and tibial artery. Body peripherals with significant perfusion include the
fingers, toes, forehead, earlobe, and the wrist. The different sites are shown on figure 7.1. However,
no PPG/PPG based system have been implemented on a standalone smartphone application format,
so it is unclear which of these pairings to measure the two PPG locations using the smartphone’s

dual cameras is feasible.
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To experiment with measuring from the various sites, we implemented a smartphone app on the
Nexus 6P Android phone that can simultaneously access both the front and back facing camera and
operate both at 30 Frames Per Second. This is made possible with the use of the Android Camera2
API and a smartphone with a GPU with multiple Image Sensor Processor (ISP), which allows it to
stream and process more than one camera feed at once. The Nexus 6P uses the Adreno 430 GPU We
tested the same app on multiple phones and noted that the dual camera access was capable on the
LG G5, using the Adreno 530 GPU, and the LG Nexus 5X, using the Adreno 418 GPU. This app,
however, did not operate on the Google Pixel from 2017, even though it uses the same Adreno 530
GPU as the LG G5. We suspect this to be a firmware difference designed to limit the application

developers from accessing both cameras at once to reduce potential instabilities in apps.

To use the app, the user places one finger over the front facing camera and places the back facing
camera against another part of the body shown in Figure 7.1. Because the back facing camera is
the only one that has a LED flash sitting beside it, it is suitable for measuring reflective PPG. Aside
from the toe and the earlobe, all the other PPG sites require the use of reflective PPG measurement

due to the inability to shine light through the tissue from the other side of the body.

To test the app, we conducted a series of design iterations and pilot studies with three different
groups of users: 1) students within the same research laboratory between the age of 20 to 30 (n=10),
2) academic students and staffs between the age of 20 to 50 (n=30), and 3) senior residents at a
nursing home between the age of 70 to 85 (n=10). We aimed to understand if the signal quality
obtained from the PPG is suitable for PTT measurement and if it was possible for the users to
operate the app. Through testing multiple versions of the app with these three groups of users,
we found four major issues with the use of PPG/PPG based blood pressure measurement with a
smartphone: difficulty positioning the phone due to a lack of visual feedback during the use of
the app, signal quality measured from some locations are too inconsistent, access to certain body
locations introduces awkward postures and inconvenience, and flaws in camera synchronization

using stock phone firmware.
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7.1.1 Lack of Visual Feedback

One major limitation we identified is that many of the PPG measurement locations result in the
inability to get visual feedback from the smartphone screen when performing the measurement.
Specifically, when the phone is placed on arteries not on the extremities like the carotid by the neck
site (b) and the superficial temporal artery by the ear site (a), the user cannot see the screen. Placed
against the neck, the screen is below the user’s chin. While against the ear, the screen points away
from the user in order for the back facing camera to aim towards the face. Although we did not
formally try measuring the PPG from the forehead with users in groups (2) and (3), it is clear that

this form factor suffers from the same limitation.

In prior work [50], the use of the artery near the ear is viable because the data collection is as-
sisted by the use of a laptop that visualizes the data in real time. However, in a end-user application,
it is unreasonable to assume that the user would be able to stream the data or mirror the screen on
another computer screen. In our pilot study with groups (2) and (3), we used a laptop screen to
visualize the data in real-time to assist in placing the camera to gather PPG. We found that due to
the lack of clear anatomical marker that is tacitly easy to identify, it is extremely difficult to place
the phone’s camera to capture the PPG on first try. Only with the help of the mirrored screen were
we able to place the phone in such a way that we can capture PPG that is usable for analysis. With
group (1), a few of the developers of the app were able to learn over a course of using the app and
with visual feedback with the mirroring for a few weeks to learn to successfully place the camera in
the same location that had the best pulse without visual feedback. This potentially suggests that with
enough practice and some feedback, users can learn to place the phone properly without feedback.

From a end-user standpoint, this seems infeasible.

Because visual user interface is not possible for these PPG measurement locations, we developed
a few prototypes using audio feedback. One prototype modulated a single tone sound output by
increasing the volume and decreasing the volume with respect to the amplitude of the PPG. We
tried the interface with group (1), who were researchers familiar with the concept of PPG. Of the
five people who tried using the audio feedback interface, all found it potentially possible to learn to
use, but did not feel that it was easy without significant training. The issue a few of the participants

found is a lack of mental model for what a good PPG "sounds" like.
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Another audio feedback system we tested is an automated feedback system that tells users when
the phone has been properly placed. We wizard-of-oz’d an automated signal quality detector system
to mimic a system that can provide audio feedback for users when they reached a proper position.
The users in group (2) were asked to place the phone on their superficial temporal artery. The users
were shown an example of where to roughly place the phone along with an explanation to place
the top corner of the phone against the front of ear. The user makes an initial attempt at placing
the phone. Looking at a mirrored screen feed of the PPG signal, the staff determines whether the
signal quality is good. The staff then tells the participant if the signal is good or bad, and asks the
participant to move it. In the case where the participant successfully placed the phone by the ear,
asking the participant to move the phone a little up or a little down a few times generally led to
usable signal. The major limitation we found is that due to the lack of anatomical markings that
clearly constrain the user, there is not a clear strategy for guiding the user in finding the pulse unless
they were already very close. If the user placed it over their hair, from the PPG, it just looks like
a lack of signal. If they placed the phone too far down, it takes more than five minutes to slowly
move the camera around before the camera simply gets overheated and is too painful to keep using
the app. Furthermore, users typically did not understand they cannot just keep moving the phone
around. PPG is a signal that takes at least a few heart beats to make sure the signal looks correct.
The user actually needs to move the phone, wait for about 5 seconds before a decision can be made.

This was almost universally unclear to the user unless we explain why the 5 seconds are needed.

From our learning in working with the lack of visual feedback with our prototype app, we
concluded that performing PPG measurement at sites that do not allow for visual feedback is not
feasible without significant re-examination of the feedback provided to the user. Audio feedback
interface has potential and further research in this form of interface could potentially improve the
usability. However, through testing our wizard-of-oz’d automated system with untrained users, we
found that the superficial temporal artery and the carotid artery lacked a clear anatomical position
and even with a feedback system that tells the user the position is correct, it takes too long to find

the position.
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7.1.2  Poor Signal Quality

Although all of the PPG sites shown in Figure 7.1 exhibit the possibility of measuring a signal, the
quality of the signal differs depending on the site. The quality of measurement is affected in a few
ways. For arteries, it is particularly difficult to measure the same signal each time. This is because
the camera must be placed directly above the artery. In testing with groups (1-3), we found that
two issues arise when the camera is not placed directly above the artery. First, for locations that are
difficult to palpate, or feel, the artery, it is easy to completely miss the artery, leading to no signal.
This is particularly true for the brachial artery located at the elbow which is difficult to locate. For
arteries that are very close to the surface, a different problem exist. For the carotid and superficial
auricular artery, if the camera is placed off to the side of the artery and instead the flash is placed
over the artery, the PPG that is measured becomes inverted. The exact reason for this is not clear,
but is suspected that the arteries can sometimes pulsate strong enough for a person that the surface
of the skin displaces in response to the pulse, leading to a change in the contact of the skin with the
camera. We found this to be more common for younger people who have a strong pulse. Another
way the quality of the signal is affected is a lack of a clear peak in the PPG for a timing reference.
This was true for the signal measured at the forehead and the back of the wrist where the blood
vessels feeding the skin area originates from multiple arterial sources. Although the PPG’s pulsatile
nature is clearly measurable and the heart rate can be measured, the peak is blurred and the peak
from beat to beat shifts by at least 10-20 ms. This is particularly limiting for the wrist measurement
when used to compare with the finger because of the extremely short distance from the wrist to the
finger. Given that the change in PTT averages to be about 10ms for every 10mmHg of difference
from the heart to the finger tip, the short distance between the wrist and finger would necessitate

about 1ms resolution for every 10mmHg of change.

7.1.3  Inconvenient and Difficult Posture

A few of the PPG sites that have been used in prior work for PTT measurement involves measure-
ments from areas that are not easily accessible. This is particularly true for measurements on the
legs and feet. The femoral artery is accessible only when the user either rolls up their pants up to

their hip level or remove their pants. This might only be possible in a limited number of scenarios
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such as at home or in the changing room, thus would significantly limit the usability. Furthermore,
placing a phone between the thigh is inconvenient and is likely not socially acceptable. The toes
introduces a potentially attractive location to measure PPG. The toes is just as well perfused as the
finger, have a clear anatomical marking to place the sensor, and is of the furthest distance from the
finger tip giving the best resolution for PTT. The toes and finger pairing has been investigated in
clinical settings to show good measurement of the PTT for measuring arterial stiffness. However,
this pairing is only usable in a clinical setup where the patient has two separate sensors that can
instrument the finger and toes in a natural position, typically laying down with the hand and feet
outstretched. This is not possible with the smartphone camera setup. The user would have to reach
down to the feet or pull the feet up. In this posture, the blood pressure is affected and the pulse
transit time is also affected due to the significant bending of arteries leading to the toes, leading to
inconsistent measurements time to time.

Through our prototype of the dual camera setup on an actual smartphone, we found that the
PPG/PPG based measurement has a multitude of usability limitations. Many of the PPG pairing
have been demonstrated in prototypes or clinical measurements of PTT systems to be effective, but

when actually implemented on a smartphone, the limitations become clear.

7.2 SCG/PPG based systems

In the prior work, although there have been explorations of using smartphone accelerometer to
capture SCG[43, 60], there has not been a system that combines the use of SCG and PPG captured
on the phone. So in our initial exploration, our goal was (1) test out the sensing of SCG on a phone,

and (2) develop an application that combines the use of SCG and PPG.

7.2.1 Contact Position with the User

To measure the SCG from the heart, the phone needs to be placed on the left side of the chest, close
to the heart. Depending on the position the SCG is recorded from, the shape of the SCG signal may
differ. Placing the phone lower down the chest positions, it is closer to the Mitrial and Tricuspid
valves. Whereas placing the phone at higher positions, it is closer to the Aortic and Pulmonic

valves. We noted that although the bottom of the sternum typically produced the cleanest signal,
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this position was not always possible. First, the position the phone needs to be placed is often where
the bra frame is positioned under the breast. Second is even if the user removes their bra, the phone
has to be held in a position that will likely be covered by the breast, creating two issues: the user
can’t see the screen for visual feedback and the breast resting on the phone dampens the vibration
signal. For the female subjects, we found that it was possible to obtain a SCG signal from the upper

chest. This position, however, results in a different shape of the SCG.

We also tried doing the measurement using either the base of the phone or the face of the phone
in contact with the body. We noted that using the base of the phone worked far better. This is
contrary to the setup used by Mohamed et al. [60], which describes using the phone placed directly
on the chest with the phone face. We note two differences. HeartSense uses the gyroscope to detect
the rolling motion that the chest undergoes. By placing the phone on the chest while the user is
laying down and letting the phone rest freely, the phone is free to rotate, which may be why the
signal works particularly well. For our system, we aimed for the user to perform the measurement
sitting up as that is the standard for blood pressure monitoring. However, when seated, the phone
cannot rest on the chest without being held. In this situation, we found the signal to not transduce
as reliably, likely because the hand fixes the phone in a way that does not allow the natural rotation
to be transduced. We did, however, find that the accelerometer had a more reliable signal in this
posture. One avenue we did not fully explore was the use of gyroscope signal in combination of

accelerometer, which may work well.

We found another issue with placing the phone on the chest, unintended screen clicks. This was
true for both using the based of the phone and for the face of the phone. For the face of the phone, in
order for the user to be able to place their finger on the back camera for the PPG measurement, the
screen must face the body. Depending on the shirt thickness, there are sometimes false touches. It
was very awkward for the user to flip the phone around and stick their finger on to the back camera
in that configuration. For the base of the phone, the false screen touches was an issue for female
users. Depending on the user’s breast size, when the phone was placed on the lower part of the
sternum, false screen touches would occur. We were able to solve the false screen touch issue by
implementing a touch blocker that intercepts touches and ignore it. And since the on screen Ul is

no longer available, we implemented a start trigger using the volume button.
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7.2.2  Sensor Synchronization

In our initial prototype, we had assumed that by triggering the start of the measurement one line of
code apart for the camera and accelerometer, the signals would be more or less aligned. However,
this was far from true. In hindsight, this is maybe obvious. At the API level, the app simply can
only trigger an asynchronous command and the camera system goes through a series of setup of
framerate, exposure settings, etc. The first frame asynchronously returns once all that is complete.
This is similar for the accelerometer. There does not exist synchronization between the two data
streams, so by capturing the two streams independently, the end result is completely unsynchro-
nized. Furthermore, the lag of starting the sensor capture and actual first data point is inconsistent
measurement by measurement. We found that although the average difference was around 165 ms
between the camera and accelerometer, the difference of the lag time can be plus or minus 30 ms or

so from measurement to measurement.

7.3 PCG Recording with Smartphone Microphone

A note worth mentioning is in our initial prototype, we also explored the use of microphone to
capture phonocardiogram (PCG). Similar to the PPG/PPG based exploration, we implemented an
Android phone based app that accesses the microphone and the back facing camera simultaneously.
We tested the app on four phones with different variants on their microphone placement and design:
LG Nexus 5, LG Nexus 5x, Huawei Nexus 6P, and the Google Pixel. The Nexus 5 has the micro-
phone placed on the bottom edge of the phone with sound inlet made up of multiple pinholes. The
Nexus 5X has the microphone placed on the bottom edge of the phone with a pinhole inlet to the
microphone. The Nexus 6P has the microphone placed on the bottom front of the phone under the
slotted opening below the screen. The Pixel also has the microphone placed on the bottom edge of
the phone, but has a slotted opening that is about a centimeter wide. The different configurations of

these three phones allowed us to examine different advantages and disadvantages of each design.

7.3.1 Contact Position with the User’s Chest

For all PCG measurements, the microphone has to be placed on the chest very close to the heart.

The heart is situated towards the middle of the chest a little towards the left (Figure 7.1 g). To best
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measure the ejection timing of the heart, the microphone should be placed close to the bottom half
and slightly left of the chest to capture the S1 sound. We found through testing with groups (1-3)
that depending on the position of the microphone, this introduces a problem. Specifically, the Nexus
6P’s front facing microphone introduces difficulty in accessing the chest in this location. In order
for the front facing microphone to be placed flush on the chest, the entire screen has to be placed to
the chest. This introduced two issues. The first is that the user can’t see the screen. As compared
to the PPG/PPG based system where exact positioning is very crucial, PCG measurement is more
lenient, but this still results in difficulty in gaining proper feedback. Furthermore, by placing the
entire screen surface against the chest, the configuration introduces a large area of contact with the
skin. This large contact introduces a source of sound created by the friction against the skin. In
group 1 and 2 where most of the participants were young and had a strong heart beat, this effect was
not as significant. However, in group 3 where the participants were much older, the sound produced
by the heart was much weaker, and sometimes the sound from the friction would significantly over
power the heart sound. This was further compounded because the older participants tended to have
a bit of shake in their hands, leading to a much more significant movement of the phone. For the
Nexus 5, Nexus 5X, and the Pixel, the bottom edge placement has a significantly smaller footprint
for contact on the skin and leaves the screen easily visible to provide feedback to the user (Figure

B). This is similar to the phone placement as [17, 35].

7.3.2  Enclosure Shape Affects Sound Quality

The medical stethoscope amplifies the heart sound effectively by using a large surface area in contact
with the skin, the origin of the sound, and channeling the sound through a sound chamber into a
smaller opening into the microphone. This sound chamber increases the amplitude of the sound
by compressing the sound wave from the source into a higher pressure sound wave, increasing the
amplitude of the measurement. The same effect happens on the smartphone microphone depending
on the enclosure of the microphone. For the Pixel and the Nexus 6P, the microphone is placed under
a large slot, mimicking the sound chamber of a stethoscope when the slotted opening is pressed
firmly against the chest making a tight seal. In contrast, the Nexus 5 and Nexus 5x does not create

the same sound chamber effect due to the use of pinholes. As a result, the PCG recording is much
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more amplified on the Pixel and Nexus 6P. This is important for the participants in group 3, whose
heart sound tended to be quieter and hard to capture unless amplified significantly by the sound

chamber.
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Chapter 8

SEISMO IMPLEMENTATION AND EVALUATION

Seismo implements the SCG and PPG based PTT measurement method with the built-in sensors
of a smartphone. To take a measurement, a user needs to hold the phone in one hand, and press it
onto the left side of the chest in one of the two locations: (1) below the pectoral muscles on the

sternum, (2) above the pectoral muscles and below the clavicles.

These two positions provide proper ergonomics and access to the heart vibration, and also are
less obstructed by body fat compared to other portions of the chest. The user can try placing the
phone in both the positions, and our system Seismo will determine the subject-specific location
depending on the quality of the signal received. The SCG morphology changes depending on the
position of the recording device (Figure 8.2). Thus once the chest position is determined, the user
needs to place the phone at the same position thereafter. To measure PPG, the user places their index
finger of the other hand over the phone’s back camera, covering both the camera and flash. In this
position (Figure 6.1), the SCG is measured using the accelerometer Y-axis data (along the height of

the phone) and the PPG is measured using the camera data.

8.1 Implementation

The prototype of Seismo is implemented on the Google Pixel phone, which has the BST-BMI160
inertial measurement unit with a stock setting of 250uG/LSB and 400Hz sampling rate. Although
it is technically possible to improve the resolution to 61uG/LSB and sampling rate to 2000Hz, we
found that the stock setting is good enough for our use case. The phone’s back camera operates at a

standard frame rate of 30 fps.

The following sections describe the signal processing of the captured SCG and PPG signals in

this setup, and the calculation of PTT from the processed signals.
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8.1.1 Synchronization

The Android SDK does not guarantee perfect synchronization between different sensor subsystems,
hence we need to synchronize the data collected from the camera and the accelerometer subsystems.
For the synchronization, the user places the phone on a flat surface for each use, and the phone’s
speaker plays a series of three beeps (Figure 8.1). The vibrations caused by the beeps is captured
by both the microphone (which is synchronized with the camera subsystem) and the z-axis of the
accelerometer (axis perpendicular to the screen).Using a matching filter of the expected vibration
pattern, the timing of the beeps was extracted from both the microphone signal and the accelerometer
signal. The timing delay is then used to shift the accelerometer signal to synchronize with that of

the microphone signal based on the beep timing. We found this timing to be about 170+15m:s.
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Figure 8.1: A series of three beeps is played through the phone’s speaker to synchronize the camera

and accelerometer subsystems.

8.1.2 PTT Calculation

To calculate PTT, we need to measure the time difference between the aortic valve opening (AO)
and the pulse reaching the finger. The SCG signal from the phone’s accelerometer provides the AO,
while the PPG from the camera provides the pulse timing at the finger. PPG has a much higher
SNR, compared to SCG. Thus, we first extract the timing of the pulse arriving at the fingertip using
the camera data, and use that to search for the position of the AO relative to it. From the camera
data, for each heartbeat, we need to find the foot of the PPG waveform, which denotes the end of

diastole. First we calculate the heart rate by taking an FFT of the PPG, and retrieving the dominant



68

frequency. The heart rate is then used to predetermine the minimum spacing between successive
pulses. To calculate the actual timing of the pulse wavefront, we use the second derivative of the
PPG signal, called acceleration photoplethysmogram (APG), instead of the original PPG waveform.
The reason for this is the peak of the APG accentuates when the pulse shows up at the finger. By
using the heart rate as the minimum spacing, we then apply a standard peak detection algorithm to
capture the peak of the APG.

The Y-axis of the accelerometer records SCG at 400Hz. The accelerometer captures the vibra-
tion induced by the mechanical motion of the heart when it beats. The SCG is the low-frequency
(0.8-20Hz) component of this vibration. Figure 8.3 shows the SCG waveform captured by the
accelerometer after bandpass filtering. The SCG waveform has a series of characteristic points re-
sulting from the different phases of the heartbeat. A typical SCG captures the mitral valve closure
(MCQ), isovolumetric moment (IM), the aortic valve opening (AO), and maximal acceleration (MA)
(Figure 8.2). As discussed before, the major advantage of SCG is that it can capture AO, which
cannot be captured by the sound-based phonocardiogram (PCG) as it measures the high-frequency
(30-150Hz) component caused by the closure of the mitral valve. The PCG is sometime coupled to
the accelerometer as the accelerometer acts as a contact microphone. To ensure that the timing of the
AO is not affected by the PCG, a bandpass filter from 0.8-20Hz is applied to the raw accelerometer
signal to remove breathing artifacts below 0.8 Hz and the sound of the PCG signal .

We need to find the timing of the AO point for every beat. Some characteristics of SCGs include:
(1) the AO point happens before the PPG signal begins to rise, and (2) the AO point happens after
the IM, which typically has the strongest negative amplitude signal before the arrival of the distal
pulse. Hence we can use the PPG waveform extracted in the previous step to aid in finding AO
point, which is expected to be between two successive APG peaks. We extract all the positive and
negative peaks from the SCG prior to each APG peak, the duration being determined by the heart
rate. We designate the negative peak with the highest prominence as the IM point. The prominence
of a peak measures how much it stands out due to its intrinsic height and its location relative to other
peaks. However, for certain SCG morphologies, in particular those recorded closer to the sternum,
the MA point can have a similar prominence as the IM point (Figure 8.2). To take care of such
cases, the algorithm then compares the negative peak ahead of the most prominent negative peak to

determine if the most prominent peak is IM or MA. If the peak extracted is from MA, then the peak
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Figure 8.2: The SCG is produced by the consecutive mechanical movements during a heartbeat
MC, IM, AO, then MA). However, the relative amplitude of each movement changes depending on

the person and position of the accelerometer placement.

ahead of it would also have a high prominence. In this case, we compare the prominence of the two
peaks and if the ratio of their prominence is above 90%, a threshold that we empirically determined
to work well, the algorithm chooses the peak ahead of the most prominent peak as the actual IM.
Finally, since the AO point necessarily occurs after the IM, the positive peak following immediately
after IM is chosen to be the AO. Finally, the time difference is calculated for each AO and APG

peak pair, with the median taken as the PTT.

8.1.3 Blood Pressure Calculation

To calculate blood pressure from the PTT, an individualized calibration for each user needs to be
created. In our evaluation, we use the data from the first day of the intervention study for calibration
between PTT and BP, and test how well it performs for the remaining three days. A least-square
fit is used to fit the PTT measured with Seismo and the ground-truth blood pressure measured by
a cuff-based sphygmomanometer, using the Moens-Kortweg equation (Figure 8.3) to estimate the

subject-specific coefficients K; and K.
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Figure 8.3: PPG and SCG signals are used to measure the PTT. The maximal point of acceleration of
the PPG (APG) is compared with the AO point of the SCG. To convert PTT to BP, an individualized

calibration of PTT to BP is generated based on reference recording with a blood pressure cuff.

8.2 Evaluation: Blood Pressure Estimation

To validate the performance of Seismo, we recruited nine participants (five female) to perform a
series of stationary bike tasks. All participants were recruited from within the author’s institution,
with an age range from 26 to 66 years (u=44, 6=17). Participants were paid 50 USD/session and
all protocols are approved by our institution’s IRB.

Participants are asked to ride a stationary bike five times, for 2-minutes each. The bike riding

intensity varies from 50%, 75%, 100%, 75%, and 50% of the participants’ maximum speed. The
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Table 8.1: Participant statistics and results for the 4-day bike study

ID Age Sex Weight[lb] Height[in] Day 1 DP All Days DP RMSE R

[mmHg] [mmHg] [mmHg]
1 27 F 130 67 81-96  75-101 5.2 0.63
2 61 F 134 65 92-114 91-114 5.8 0.52
3 26 F 101 64 68-79  68-84 3.3 0.68
4 27 M 145 70 84-89  75-91 33 0.20
5 5 M 190 72 90-97  80-107 4.9 0.59
6 55 F 114 64 62-85  62-88 4.4 0.77
7 66 M 162 72 79-92  79-112 9.2 0.45
uo 44 139 68 52 0.55
c 17 30 4 2.0 0.19

participant’s blood pressure is first taken at rest. Then the participant performs the first 2-minute
bike ride at 50% of the maximum speed. Just after the bike ride, their blood pressure is taken again.
The participant repeats this until they finish all five rounds of biking. At the end, the participant
is asked to rest for two minutes, and their blood pressure is measured again after the rest. In total,
the blood pressure and PTT are measured 7 times (once before biking, 5 times after biking at each
intensity, and once after two minutes of rest).

The blood pressure is measured simultaneously using Seismo and with a standard blood pressure
cuff device (Microlife bp3nal-1x) as ground truth. Both the measurements are started at the same
time. The Seismo measurement is taken with the right hand index finger over the camera, while
holding the phone at the sternum, or upper chest just below the clavicle (Figure 6.1). Each Seismo
measurement takes 30 seconds. The blood pressure cuff is placed over the left upper arm. The blood
pressure cuff measurement typically takes between 30-60 seconds depending on the participant’s
blood pressure, and provides a measure of systolic and diastolic blood pressure.

The study was conducted in a quiet office, so external vibration is not evaluated by our study.
However, during development, we observed negligible impact of surrounding noise, such as speak-

ing, passing cars, and gym activities.
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8.2.1 Results

All the participants completed all four days of the bike study. Of the nine participant, two partic-
ipants are removed from analysis as the data collected from them is inconsistent. One old male
participant suffers from severe hand tremor, and as SCG is of similar frequency to his hand tremor,
most AO peaks are masked. Another female participant exhibited poor SCG signal both at the ster-
num and at the clavicle. We suspect this is due to low acceleration caused by dampening by fat and
muscle tissues.

After removing the two participants, we have a total of n=196 (= 7 participants x 4 sessions
X 7 measurements/session) blood pressure and PTT measurement pairs for analysis. The average
diastolic blood pressure, and average blood pressure fluctuation per participant observed in the study

is u=88=+11.5 mmHg. Individual breakdown is shown in Table 8.1.
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Figure 8.4: Correlation and Bland-Altman plot between DBP estimated using individual calibration

and reference blood pressure measurements of the seven participants included in analysis.
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For each participant, the first days’ PTT measurement by Seismo and the blood pressure ref-
erence measured by the cuff are used for calibration. With this calibration, the subject’s blood
pressures for the rest of the sessions are estimated from the PTTs measured and compared against
the reference cuff-based BP measurements. The calibration performed in our work is limited to the
mechanism of BP perturbation caused by exercise, and our work does not include other vasomotor
tone modulation induced by cold pressor or stress.

We analyze the relationship between the pulse transit time and diastolic blood pressure (DBP).
This is because the foot of the PPG signal (or peak of the APG signal) measures the arrival time of
diastole and not systole. Correlation of pulse transit time with systolic blood pressure (SBP) comes
from an associated increase of SBP with DBP, but is not a direct relationship. For this reason, we
focus only on the correlation of DBP with PTT. The average Pearson correlation coefficient across
all participants is 0.55 and the average RMSE is 5.2 mmHg across participants, with R between
0.20-0.77 and RMSE between 3.3-9.2 mmHg.

Figure 8.4 shows the calibrated PTT and DBP for all participants. When all participants’ esti-
mated blood pressure using the individual calibration is correlated against the reference blood pres-
sure measurement, we find the Pearson correlation coefficient = 0.81 with an RMSE = 6.7mmHg.
As seen in the CDF, 67% of absolute errors fall under 5 mmHg, 87% fall under 10 mmHg, and 94%

fall under 15 mmHg (Figure 8.5), with the maximum being 21.3 mmHg.
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Figure 8.5: CDF of the absolute error between the estimated DBP from Seismo to the reference

DBP from the Microlife blood pressure cuff.
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8.3 Discussion

8.3.1 Limitations

One of the main limitation of the evaluation is the reference blood pressure. Although the Micro-
life bp3nal-1x used in the evaluation is rated A/A under the BHS Standard, it is not designed for
measuring rapidly changing blood pressure. In comparison, other works [15, 39] that have demon-
strated high correlation between PTT and BP during BP perturbation studies instead use a reference
system that measures blood pressure continuously, such as a ccNexfin finger cuff (Edwards Life-
sciences, Irvine, CA). Such a system can more reliably capture the fast-changing blood pressure
after exercise, but it is very expensive and specialized. It is likely that some of the disparity be-
tween our results and results from prior work [15, 39] can be attributed to using a different system
to measure ground truth. In fact, the participant with the lowest correlation, Subject-4, has sessions
where his/her reference blood pressure remain unchanged even after intense biking. When PTT of
Subject-4 is measured, it reduces as expected. Figure 8.6 shows Subject-3 which has the expected
trend of both — the reference blood pressure and the inverse of pulse transit time — increasing due
to exercise, while for Subject-4, the inverse of PTT is following the expected trend, however the
reference blood pressure does not. If we remove Subject-4, the group correlation improves to 0.61.

We compare our system with prior work, using either ECG or SCG as a reference. Although
widely used as a method for noninvasive blood pressure monitoring, ECG-based pulse arrival time
measurements have been shown to poorly correlate with diastolic blood pressure due to the pre-
ejection period [88, 15]. In contrast, techniques that can thus capture the actual timing of aortic
valve opening can accurately determine the pulse transit time and thus correlate with blood pressure
more reliably. Previous studies using ECG and PPG positioned at the finger/wrist found correlations
between PAT and DBP to be 0.40+0.35 [44], 0.26-0.57 [56], and 0.41 [8]. In comparison, our
average correlation between PTT and DBP is comparatively high at 0.55 (or 0.61 when removing
the outlier Subject-4).

When compared to other methods that accurately capture the aortic opening time, our correlation
results are comparable to 0.57+0.13 by [87], 0.62+0.16 by [39], but is comparatively lower than
0.84+0.09 by [15]. Although our system demonstrates a slightly lower accuracy compared with

state-of-the-art in prior work, a main contribution of our work is in showing that a smartphone’s
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Figure 8.6: Left: Subject-3 with an R=0.68 exhibiting the expected pattern in both reference blood
pressure and PTT changes. Right: Subject-4 with an R=0.20 exhibiting only the PTT showing the

expected trend across multiple sessions.

built-in SCG and PPG measurement can be used in measuring pulse transit time for tracking blood
pressure. Compared with SeismoWatch [15], which uses a ultralow-noise accelerometer (ADXL354
with a noise floor 20ugh/Hz, instead of using a dedicated hardware system, Seismo relies on a built-
in smartphone accelerometer (BST-BMI160 with a noise floor of 180ugk/Hz), which is a typical
sensor for commodity phone hardware. To enable built-in sensors to perform PTT measurements,
we came up with a synchronization technique that uses the built-in speaker that is always available

on the phone as well.

Of the nine participants in the study, two participants were taken out of the analysis due to poor
signal quality. One participant’s hand shook while performing the measurement, and the motion
artifact often over-shadowed the SCG. The current prototype has the person holding the phone with
the screen facing them. This position is ideal since in actual use, it is more suitable for users to be

able to see the screen while operating the app. However, for users whose hand shakes, holding the
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phone in a floating position is difficult. Instead, if the phone were held to the chest with the screen
against the chest, the hand would no longer be floating, making the position more stable.

Another participant was removed from the analysis due to low signal strength caused by thicker
tissue mass between the heart and the phone’s accelerometer. This demonstrates a limitation of the
sensor. As the noise floor of the sensor is relatively high compared to that of a low noise accelerom-
eter used by [15], with a low measurable heartbeat acceleration possibly caused by damping by fat
tissues, our system was not able to resolve such a signal. This was particularly the case when the
participant was at rest. During the high intensity biking efforts, however the participant’s increase
in cardiac output did allow for a stronger SCG signal, and the sensor was able to reliably detect the

SCG.

8.3.2 Incorporating Smartphone Blood Pressure Monitoring to Personal Health Tracking Appli-

cations

By only using the built-in sensors of the smartphone, Seismo can monitor blood pressure without any
modifications to a smartphone with a camera and accelerometer. We envision such a smartphone
based PTT measurement can be useful in a variety of scenarios depending on the availability of

resources.

Supplement to At-Home Blood Pressure Cuff

A smartphone solution to measure blood pressure can be a good supplement for patients who are
already monitoring their blood pressure with the cuff. Although a person can easily keep a cuff
around at home and monitor once or twice a day to gain knowledge of their general blood pressure
trends, it is hard to carry a cuff around as they go out of their house or when they travel. Having a
smartphone based method can certainly help in such a scenario. Moreover, Seismo can be use for
blood pressure monitoring for pre- and post-exercise. Here blood pressure change pre- and post-
workout can even act as an additional measure of workout quality beyond heart-rate tracking. Using
Seismo, the user can also track their blood pressure recovery time after a cardio workout. One of
the advantage to a pulse transit time based blood pressure monitoring is the ability to track blood

pressure continuously, something that can not be tracked even if the user had brought a cuff with
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them to the gym.

Cardiovascular Risk Screening

In order for PTT-based blood pressure monitor to measure blood pressure accurately, the user needs
to calibrate it. As such, for users who do not already have access to a cuff, Seismo would not
be able to readily translate the measured PTT to blood pressure. However, in this case, Seismo
can still offer insight into the person’s cardiovascular health. The relationship between PTT and
blood pressure also depends on arterial stiffness. Arterial stiffening occurs naturally as people age,
however excessive stiffening usually suggests some form of health risks, such as plaque build-up.
PTT has been shown to be a potent index for monitoring arterial stiffness [89] by taking into account
arm length, gender, and age. In well-equipped hospitals, an ECG and PPG system is often used to
monitor PTT to screen for arterial stiffening. However, this is not available in low resource areas.
Using Seismo, reliable PTT measurements can be made available through phones that are already

available in these areas to enable arterial stiffness screening.
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Chapter 9

IPRESSURE: A SMARTPHONE-BASED SYSTEM FOR ASSESSING
INTRAOCULAR PRESSURE

9.1 Intraocular Pressure

Intraocular pressure (IOP) is the innate fluid pressure within the eye. IOP is maintained by the
trabecular meshwork, which manages the leakage of the aqueous humor in the anterior chamber of
the eye. The typical IOP of humans ranges from 7-21 mmHg with a mean of approximately 16
mmHg. Elevated IOP is an important risk factor for glaucoma, a progressive optic neuropathy that
can lead to visual field defects or eventual blindness. A study carried out by Quigley and Broman in
2006 [66] predicts that the global population affected by glaucoma will reach 80 million by 2020; it
further postulates that half of the people living with glaucoma are unaware that they have the disease,
which can largely be attributed to a lack of resources or incentive for IOP assessment. Glaucoma
also imposes a significant burden on the US healthcare system, costing roughly $3 billion USD and

over 10 million visits to physicians per year [68].

Tonometry is the diagnostic procedure performed by eye care professionals for measuring IOP.
The clinical gold standard for measuring IOP is Goldmann Applanation Tonometry (GAT) [75].
Applanation tonometry in general relies on Goldmann’s observation that “the pressure in a sphere
filled with liquid and surrounded by an infinitely thin membrane is measured by the counterpressure
which just flattens the membrane” [74], also known as the Imbert-Fick law. In GAT, a form of
fixed-area tonometry, a topical anesthetic with a fluorescein dye is placed on the eye. When the
dye mixes with the tears and the eye is fluoresced with a cobalt blue light, the dye appears as a
brighter yellowish green. A split optical prism is then pressed against the eye, resulting in two
semicircles. The ophthalmologist adjusts the force exerted by the prism until the semicircles align
on opposite ends, indicating that the area of the applanation surface has reached a predetermined
quantity. That force measurement is mapped to an IOP value using a clinically validated lookup table

[74]. The complement to fixed-area tonometry is fixed-force tonometry. Instead of measuring the
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Figure 9.1: iPressure emulates fixed-force applanation tonometry using the hardware adapter pic-
tured above. The clear acrylic cylinder is allowed to move freely within the black casing so that its

mass provides a constant force on the patient’s eye.

force required to make an applanation surface of known area, a cylinder of known mass is allowed
to rest on the eye without any external forces and the area of the applanation surface is mapped to

an IOP value.

Tonometry requires either a trained eye care professional or access to dedicated medical devices.
These constraints make tonometry difficult in low-resource environments. Smartphones, on the
other hand, have seen a rapid uptake all over the world and contain a myriad of sensors that can
be used for mobile health applications. In this paper, we propose a smartphone-based system that
allows for minimally trained individuals to perform IOP assessments on other individuals. Rather
than requiring precision from specialized hardware or a trained professional, the precision of this
system is placed within the smartphone. The user attaches a low-cost smartphone adapter that we
have developed to emulate fixed-force tonometry. While the patient lies supine, the cylinder inside
the instrument is rested on the patient’s eye, allowing the smartphone’s camera to automatically

detect and measure the applanation surface, from which the patient’s IOP may be inferred.
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Figure 9.2: The steps taken to estimate intraocular pressure from an RGB image of the applanation

procedure. After converting the image into the HSV space, masks are defined for the clear acrylic
cylinder’s base (outer ellipse) and the applanation surface (inner ellipse) using color and intensity
features as filters. Ellipses are detected on the insides of those masks and then mapped to absolute
measurements given the 8 mm diameter of the acrylic cylinder. The diameter of the applanation

surface is then mapped to the patient’s estimated IOP.

9.2 iPressure System and Usage

9.2.1 Hardware

The hardware adapter is shown in Figure 9.1 attached to an iPhone case. The most important part of
the hardware is the clear acrylic cylinder inside the black casing. The acrylic cylinder is allowed to
move freely within the casing, but has notches to ensure that it does not fall out of the adapter. The
acrylic cylinder has a diameter of 8 mm and a height of 63 mm. The 8 mm diameter was chosen
such that it would capture a fairly large circle from a low eye pressure without being too difficult
to use on patients with small palpebral fissures. The height of 63 mm was chosen for two reasons.
(1) If the applanation surface is placed too closely to the smartphone’s camera, the resulting video
becomes difficult to focus and the edges become blurry. (2) This combination of diameter, height,
and material leads to a mass of 5.0 g, a mass for which the conversion from applanation surface
diameter to IOP has already been clinically validated for human eyes [74, 84]. Although conversion

tables for larger masses have been produced, studies have shown that the weight of the tonometer
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induces an increased pressure due to the displacement of aqueous humor during applanation [84].

The black casing itself is designed such that the acrylic cylinder is optimally positioned in front
of the smartphone’s back-facing camera. Not only does this positioning include the alignment of the
acrylic cylinder with the camera, but also the distance between the base of the acrylic cylinder and
the camera. The black casing also blocks out ambient lighting to prevent any extraneous reflections
from appearing in the acrylic cylinder.

To enhance the visibility of the acrylic cylinder in the camera, the edge of the cylinder’s bottom
surface is frosted. To emphasize the applanation surface in the camera, an external LED is mounted
on the casing; in the future, the smartphone’s flash could be redirected to the outside of the acrylic
cylinder via a short fiber optic cable. When this lighting is reflected off of fluorescein dye, it shines

as a bright yellowish green.

9.2.2 Performing the Assessment

Before receiving the assessment, the patient assumes a supine position. The user conducting the
test administers a topical anesthetic with fluorescein dye (Fluorescein sodium 0.25%/Proparacaine
0.5%) to the patient’s eye. The user then holds the smartphone over the patient’s eye such that only
the weight of the acrylic cylinder is applied to it. This means that the smartphone should be as
flat as possible (i.e., parallel to the ground) and the user should not apply any extra force on the
smartphone (i.e., pressing down). The flatness of the smartphone is measured with the smartphone’s
accelerometer, operating as a sort of bubble level.

The weight of the acrylic cylinder creates an elliptical applanation surface with a yellowish
green outline when the LED is shone on the patient’s eye. The smartphone’s camera records the
applanation of the eye. The frames from the resulting video are then processed using computer

vision to give a real-time estimate of the patient’s IOP.

9.2.3 Video Analysis

Figure 9.2 outlines the algorithm used to extract an IOP measurement from an RGB image. The
overall goal of the algorithm is to detect two ellipses: the base of the clear acrylic cylinder (outer

ellipse) and the applanation surface (inner ellipse). Since the diameter of the acrylic cylinder is
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known, the applanation surface can be assigned an absolute measurement by using the cylinder as
a reference. Both of the ellipses should be relatively circular; however, the acrylic cylinder may
appear slightly elliptical if the hardware adapter is improperly mounted, and the applanation surface
may be elliptical if the patient has significant astigmatism or corneal surface irregularities.

As shown on the far left of Figure 9.2, the edge of the acrylic cylinder appears bright and white,
and the edge of the applanation surface appears as a dimmer yellowish green. By filtering the image
according to intensity and color information, binary masks can be produced to select the outlines of
the circles. This information is most intuitively recovered from the image after it is converted into
the HSV space. The mask for the inner ellipse bounds the hue between 15-45%, the saturation be-
tween 35-100%, and the value 15-100%. Together, these thresholds encode the greenish yellow that
appears due to the fluorescein. The mask for the outer ellipse is simpler, thresholding the saturation
between 0-20% and the value between 25-100%. Both masks are smoothed using morphological
filtering operations to create contiguous contours.

Each of the masks will have some non-uniform thickness due to the application of the dye and
extraneous reflections in the cylinder. The diameters of interest correspond to the innermost edges of
these masks. Standard circle detection methods would either discover many overlapping circles or
none at all, depending on the evenness of the masks. Even worse, only part of the applanation surface
may be visible if it overlaps with the sclera, which makes it more difficult to see the fluorescein dye.
For these reasons, we apply an adaptation of the pupil contour detection algorithm (Figure 9.3) used
by Li et al. in their Starburst work [47]. The ellipse detection starts by assuming the center of the
ellipses given that the position of the clear acrylic in the camera’s view is known. The algorithm
then steps radially at 20 evenly spaced angles until an edge is reached in the mask (illustrated with
fewer angles for clarity). This assumes that there are no contours that appear within the mask, which
can happen for the applanation surface if the fluorescein pools in the patient’s eye. Since extra blobs
appear in the middle of the mask due to the distribution of the fluorescein, the radial steps start from
a fixed distance just below the minimum expected radius to prevent them from stopping short.

Most of the detected edge points should belong to the desired ellipse, but some may still belong
to artifacts along the edge of the contour. The original Starburst algorithm accounts for noisy ellipse
points by fitting random subsets of points to ellipses and selecting the ellipse that minimizes the

number of outliers. In the case of applanation, there is almost always a clean arc that appears in the
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image. Instead of randomized subsets of points, as used by Li et al., the proposed system fits con-
tiguous subsets of points (three-quarters of the entire circumference) to ellipses. Although we noted
earlier that the base of the acrylic cylinder and the applanation surface may appear elliptical, the
ellipses should be relatively rounded. If the percent difference between an ellipse’s major and minor
axes is greater than 10%, it is automatically rejected. Amongst the rest of the ellipses produced by
the different subsets of edge points, the ellipse that best fits the data according to Euclidean distance
is selected.

The ellipses recovered from the two masks are then translated into circles with a radius equal
to the average of the ellipses’ axes. Given that the diameter of the clear acrylic cylinder is 8§ mm,
the absolute measurement of the applanation surface can be recovered by using the cylinder as a
reference. Every time the user performs an applanation, a time series of diameter measurements is
produced. The measurements of interest occur when the data is most stable since that is when the
weight of the acrylic cylinder should be resting on the eye; therefore, the system combines diameter
measurements by taking a mean over the measurements within a standard deviation of 0.25 mm over
the course of 0.5 s. The final diameter measurement is mapped to an IOP value using a clinically

validated lookup table, such as the one published by Adolph Posner [74].

Figure 9.3: A variation of the Starburst technique by Li et al. [47]is used to estimate the innermost
ellipse from a binary mask. After candidate points are selected from the inside, contiguous subsets

of points are tested with least-squares ellipse fitting until the most circular is found.
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9.3 Results

9.3.1 Data Collection

Given the invasive nature of contact applanation tonometry, a feasibility evaluation has been per-
formed on two freshly enucleated ex vivo porcine eyes before deploying the system to living human
patients. Although there is not a clinically validated table that maps applanation surface diameter
to IOP for animal eyes, the Imbert-Fick law still applies. The porcine eyes were inserted into a
clay mold such that the iris was horizontal to the ground, as if a patient were supine. The anterior
chambers of the eyes were cannulated and the IOP was artificially varied by the height of a saline-
filled reservoir. A topical anesthetic with a fluorescein dye (Fluorescein sodium 0.25%/Proparacaine
0.5%) was applied to the eyes to assist in imaging the applanation surface. Tonometry measurements
were obtained three times at every 5 mmHg between 15 and 40 mmHg, leading to a total of 32 mea-
surements. Below 15 mmHg, the applanation surface’s edge begins to overlap with the edge of
the acrylic cylinder, making it difficult to separate the two. The upper bound exceeds the limits of

diagnostic significance for elevated IOP.

9.3.2  Comparison to the Imbert-Fick Law

Although other methods of tonometry are available as a point of comparison for validation, they all
have two drawbacks for our validation: (1) they require manual inspection (e.g., Schigtz or Mak-
lakov tonometers) and/or (2) they are calibrated specifically for in vivo human eyes (e.g., GATS).
Instead of a comparison to a possibly inaccurate ground truth, we validate our findings against what

is expected from the Imbert-Fick law:
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9.1)
where P is the intraocular pressure, m is the mass applied to the eye, g is the acceleration due to
gravity, and d is the diameter of the applanation surface. Although corrections have been proposed
by ophthalmologists to account for properties like the coefficient of ocular rigidity and corneal

curvature (e.g., [84]), these models break down for ex vivo eyes. The measurements from each of the

eyes were independently fit to the Imbert-Fick law using non-linear fitting. The mass parameter was



85

used as the unknown parameter; if the data were to follow the Imbert-Fick law without deviation,

the parameter resulting in the best fit would be 5g, the mass of the acrylic cylinder.
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Figure 9.4: The data recorded from the smartphone system and fit to the physical model expected

from the Imbert-Fick law. The two curves lead to coefficients of determination of 0.89 and 0.88.

Figure 9.4 shows the models that were fit to the two datasets. The clinical measurements val-
idated by Adolph Posner [74] are also included as a point of reference. Even though Posner only
dealt with human eyes, the shape of the data should be similar to that of the ex vivo porcine eyes.
When compared to the Imbert-Fick law, Posner’s data shares a coefficient of determination (R?)
0.95 and the estimated mass according to the optimal fit is 5.01g, showing that it follows the model
very closely. The fit for the first porcine eye leads to a coefficient of determination of 0.89 and an
estimated mass of 5.04g. The fit for the second eye does not obey the Imbert-Fick law as well; it
results in a lower coefficient of determination of 0.88 and an estimated mass of 5.94g. The regres-
sions overestimate low pressures and underestimates high pressures in all cases, a fact that has been
observed by clinicians for other forms of tonometry as well [8]. The most promising observation is
that there is a statistically significant separation between the diameters for 20 mmHg and 30 mmHg,

the boundary that clinicians consider for the diagnosis of elevated IOP.



86

9.4 Discussion

The Imbert-Fick law assumes that the eye’s membrane is perfectly elastic, flexible, and infinitely
thin; prior work has shown that these assumptions do not hold for the cornea of the eye. For example,
DF Woodhouse [84] notes that the volumetric displacement of aqueous humor induces an increase in
the IOP, so he derives a correction term that takes into account the corneal curvature and rigidity. We
plan to apply Woodhouse’s model once evaluations are performed on cadaveric and in vivo human
eyes. It is very important that the entire weight of the acrylic cylinder is the only force applied to the
eye during applanation. The smartphone’s accelerometer is used to ensure that the cylinder’s weight
is applied perpendicular to the eye, assuming that the user is supine. However, it is possible that the
user can add an additional force by pushing down on the cylinder. When this happens, the cylinder
slides into the black casing past a specific depth. This could be solved using a contact sensor, but
would require an active sensing mechanism Instead, the next iteration of the hardware design has
holes along the edge of the casing at the threshold depth. When the acrylic cylinder is pushed past
the holes, additional light is shone into it. This can be detected through the smartphone’s camera
without additional sensing hardware, making it a more desirable design.

Another planned refinement in the next hardware iteration is the use of a macro lens, which is
used in photography when a camera must focus on a small subject at close range. The primary
reason that the acrylic cylinder used for applanation is 63mm tall is to ensure that the applanation
surface remains in focus during the assessment. With a macro lens, the applanation surface can be
much closer to the smartphone camera. Assuming a constant diameter, reducing the height of the
acrylic cylinder would decrease its mass, but the cylinder could be made with a denser acrylic or

metal rings could be attached to the base to add weight.
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Chapter 10
SMARTPHONE AS THE PLATFORM FOR UBIQUITOUS HEALTH SENSING

In this dissertation, I have presented a collection of novel approaches in the use of smartphone
sensors to perform medically relevant measurements. Much of the focus of the work has been
an exploration towards making the system work. Along the way, however, I have met a variety
of limitations in the developmental process due to limitations of hardware/firmware/software within
and across devices, created workarounds that address limitations, and also identified what limitations
may need to be solved at a more fundamental level. Throughout the chapters for each project, I
mention these points in context of the project. In this chapter, my goal is to draw out in one place the
various findings under a more centralized view point. This chapter is put together through nuanced
reflections based on the many lessons learned from my own work and having been in close contact
with my colleagues Alex Mariakakis and Mayank Goel throughout their development of various
mobile health technologies BiliScreen [53] and SpiroSmart [45, 24]. Partially adapted from our
article in IEEE Pervasive Computing, Challenges in Realizing Smartphone-based Health Sensing
[55], the purpose of this chapter is to serve both as discussion driven by talking frankly about the
limitations of the technology as faced during our own development process and present a critical yet

forward looking direction for this line of research.

10.1 Limitations of Smartphone as the Platform

A central theme to this research space has been the use of smartphone as the platform to develop
the various health sensing solutions. We use sensors already embedded in the smartphone sensor
suite and aim to enable various health sensing solutions. In this solution space, the explicit design
boundary we impose is to use the capabilities inherent to a "smartphone." And therein lies a flaw in
this design specification. What is "inherent to a smartphone?"

As a research topic, the fundamental purpose in developing these novel sensing solutions using

smartphones is to demonstrate the potential enabling solutions that can leverage this form factor
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and the typical sensors for clinically impactful applications. In developing the different applications
presented in this dissertation, I encountered many challenges that were created due to this wide

spectrum, some of which were honestly quite surprising.

10.1.1 Unimplemented Hardware Control

Many of the challenges for the development process was hooked directly to making such apps
work on the phone. The mode in which we intended to use the phone sensors is atypical and not
use cases directly supported by phone manufacturers or OS developers. As a result, even though
conceptually, what we want to do with the sensors is possible based on sensor specifications, what
is actually possible depends largely on decisions made by what manufactures of phones and/or
operating systems decided as use cases that app developers should be developing. Although we like
to present the phone as a multi-functional sensor package, it is quite different than having a sensor
package. The hardware level specification is quite different than the actual sensor capability at the

level of software SDK access. The following are some examples:

Camera Setting Control For HemaApp, it is crucial to be able to control the red, green, and
blue color channels independently. This is because the sensors are exposed at the same time, but the
absorption property of blood is drastically different across the color spectrum. Blood absorbs blue
and green significantly more than it does red. As a result, if all channels are recording at the same
exposure, which is typical, either the red channel will be overexposed and saturated or the blue and
green channel will be underexposed and the signal to noise ratio is too poor. The only OS system
that provided this level of control is the Full Hardware Control mode of Android Camera2 API.
At Legacy or Limited control modes, the Android Camera2API or standard Camera API do not
have such control. iOS 8 and onward also provide individual gain control, however, the maximum
difference can only have a gain of 3x, compared to Android which provides more than 24x gain.
Using the 3x gain in an early prototype, I found the resulting signal to noise ratio to still be very
high. For Android, in legacy mode, which is the mode for the cheaper phones, the white balance,
focus, and exposure settings all cannot be controlled. As such, the app will have to use automatic
settings. For limited mode, the phone typically has focus and exposure control, but does not have

control over the white balance settings and thus no individual gain control.
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LED Brightness Control LED brightness can easily be controlled using a scheme called Pulse
Width Modulation (PWM). As it turns out, it is uncommon for phones to have LED brightness
control for the flash LED. It is either full on or off. Brightness control is extremely useful, though
not absolutely necessary for use cases that typically use this LED. For flash light apps, the LED on
full brightness is perfect. For both HemaApp and Seismo, however, because of the amount of time
it takes to perform a reading, the LED can often get too hot at full on. This depends on the phone
and how many measurements the phone has made already. We found that in Peru where we were
performing measurements almost one after another, the phone heated up significantly. To alleviate
this, we had to wipe the phone down with alcohol wipes after each reading and take the phone out
of its case. We found that during the exploration of the dual camera version of Seismo that because
it takes a while to find the location of the superficial temporal artery, the phone got way too hot. In
other work where the eye is directly exposed to the bright LED light, it would also be advantageous
to be able to dim the light down to a more acceptable brightness.

Recording Multiple Sensor Streams Many of the high-end phones have multiples of each
sensor on the phone. In many cases during my development of Seismo I attempted to access either
two camera streams or two microphone streams at the same time. In terms of two audio streams at
the same time, this looked to be do-able out of the box. As it turns out, the stereo recording made
available at the SDK level is not always true stereo, but rather a duplicate of one audio stream on
both channels. If one were to want true access to a different microphone for each audio stream
captured, it was necessary to root access the phone and alter a hidden hardware configuration file to
route each channel to the desired audio channel. Something I found out through hacker forums. For
accessing two cameras at the same time, for the case where I wanted to capture two PPG signals
at the same time, this was more of a combination of limitations. First for the phone hardware to
be able to make this happen, the GPU on the phone has to have multiple Image Signal Processors
(ISP). In many of the phones during my early development of Seismo, such as the Nexus 6p, LG
G5, Nexus 5x, there were at least 2 ISPs so this was possible. However, interestingly, when the
Pixel 1 came out, I noticed that my app no longer worked even though the GPU clearly had enough
ISPs on board. My speculation is that this is caused by a few selfie apps that came on the market
that utilized the simultaneous 2 camera capture function. These apps allowed people to take a photo

of the scenery and a cropped image of themselves with a selfie, a photo in photo. Since this was an
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unintended use case, these apps were not superbly stable; admittedly similar to my own dual camera

Seismo implementation.

Sensor Synchronization For all instantiations of Seismo, cross sensor synchronization is cru-
cial. For the dual camera version, we needed the camera frames to be synchronized, which is not
guaranteed. For the camera and microphone version, the camera and microphone being on the same
sensor stream was synchronized based on the graphical processing unit. However, through empirical
testing, we noticed that there is usually a lag between the video and sound up to two video frames. It
appeared that this lag is consistent recording to recording but not necessarily the same across phone
models. For the camera and accelerometer version of Seismo, there is no inherent synchroniza-
tion between the two sensing systems. Synchronization is certainly possible to implement through
firmware integration, however, at the software level, it is not. Without firmware implementation,
the best solution I came up with is to use physical time points that transduces measurable signals in
both sensor domains (visual for camera, audio for microphone, vibration for accelerometer). For the
dual camera, we tried using a tapping motion of the phone on a hard object. The physical jolt gave
a distinct and sharp signal in both cameras. For accelerometer and camera, we took advantage of
the inherent synchrony of the microphone and camera and performed the synchronization through
a buzz tone created by the speaker. The speaker buzz created both a measurable pitch and vibration

that gave a clean synchronization point.

10.1.2  Hardware Differences Across Devices

Most of the phones on the market have a lot in common. A camera in the back and maybe a camera
in the front. A microphone towards the bottom of the phone and a microphone on the back. A white
LED next to the back camera. An accelerometer and gyroscope in the phone. A speaker. There are,
however, variations that separate the cheap phones and the more full featured smartphones. In the
high-end phones today, we are seeing capacitive sensors, a skintone LED, IR Time-of-Flight sensor,
a second camera next to the back camera, and structured light sensor for facial recognition. In much
of my exploration, I aimed my solution at using only sensors that are available in all phones: camera,
accelerometer, a single microphone. However, even though the sensors exist, variations still exist

tremendously between phone models.
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One of the differences come from the actual hardware quality. Cameras and microphones are
available, however, the specifications are different. For cameras, this is typically resolution, dynamic
range, and frame rate. For microphones, this is typically the frequency response and frequency
bandwidth. For inertial measurement, this is typically the sensitivity range, resolution, and sampling
frequency.

Physical design of the phone also affects the actual sensor system as well. For the camera,
the shape of the camera lens and the LED and camera relative positioning are commonly different.
For microphones, the position of the microphone varies from being at the bottom edge or at the
bottom face of the phone. Furthermore, the microphone is typically housed under some opening
that can either be a pin hole, a grating, or wide opening. The opening shape affects the dynamics
of how sound is transduced. For example, with the wide opening, when the microphone is pressed
against the chest, the sound of the heart beat is far better transduced. Something that was some
what unexpected, but had significant effect nonetheless was the color of the phone. For HemaApp,
because the measurement mode is one that is reflection based, the color of the phone actually affects
significantly the measured response. When we used the Google Pixel phone, the exposure was
significantly different for a white Pixel and a black Pixel, with the white Pixel reflecting a lot more
light into the camera, leading to much higher exposure.

One of the interesting phenomenons is the prevalence of one-off implementations of sensing
capabilities in models created and sold commercially. One of the common claims in the research
space is that if the implementation is made possible on a phone that can be bought, then it is possible
on "commodity devices". The idea is that even if it is a newer model, it is likely that in the future,
more phones will incorporate such capabilities and thus become widely implementable. However,
we have actually found this to often not be the case. This is particularly the case for the camera
system during the development of this dissertation. During the development of the dual camera im-
plementation of Seismo, we found a few phones that had incorporated a front facing camera paired
with a front facing flash. I presume this was incorporated for a brighter selfie-image. This would
have been particularly useful for our use case since when the the front facing camera is pressed
against the facial artery, without a flash LED, the signal is typically too weak to capture. However,
the front facing LED was only incorporated in a few off-shoot models of HTC and Samsung phones.

Unfortunately for us, this solution never caught on.
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In a similar vein, pressure sensitive screens seems to also be facing a similar fate. Introduced
in 2017 in the iPhone and poised as one of the next mainstay sensors in the smartphone sensor
suite. Two years later, it seems to not have found a home in more than just the iPhone line, and
even within the iPhone line the continued integration of the sensor seems to be dwindling. Many
of these decisions are strongly driven by economic factors. And with most sensors that are almost
universal to all phones being either core to the function of the phone (i.e. touch screen, microphone
and speaker), a big value add (i.e. camera, gps), or multi-functional and application enabling (i.e.
accelerometer and gyroscope). Even the magnetometer, which is often bundled with the accelerom-
eter and gyroscope as a 9dof IMU is often omitted in the low-end models. The increased accuracy is
not truly necessary for the functions performed and is only useful for compassing in navigation. A
function that is arguably none crucial. For the pressure sensitive screens, I speculate that application
developers simply did not find compelling use cases beyond the hard press to reveal menus, which
is very similar to the interaction of press and hold.

Companies have also considered directly implementing sensors meant for health monitoring.
This can be seen in the line of Samsung Galaxy flagship phones which includes a pulse oximeter
sensor. The inclusion of this sensor has persisted through multiple generations from 2014 to present
(2019) and might continue for at least a few more generations. However, this sensor has not been
included in any of the non-flagship phones or none Samsung phones even after 5 generations, a

factor likely due to patents and limited use cases.

10.2 The Inaccessibility of Smartphone Health Sensing

A more nuanced examination of the limitations of smartphones as a platform begs the question of
whether enabling medical sensing through the use of smartphone sensors is indeed increasing access

to health services in a truly widespread manner as motivated by the original intent.

10.2.1 Socio-Economic Disparity

A different way of evaluating the differences in the capabilities of smartphones, not in the view
of hardware/firmware/software, is looking at the socio-economic boundaries in which the different

kinds of phones are adopted. As mentioned previously, smartphones are different model to model.
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Much of the major difference is often driven by the cost of the phone. Smartphones have clearly
become another class of everyday item and not just a singular product. Being a class of item means
that there is a fundamental capability and specification of the item, and that there are pricing tiers
that define the features of each level of the item. As an analogy, cars are also a class of item. A car
fundamentally can seat a driver, be steered, and move; this is what even the cheapest car should be
expected to do. The higher the tier, the more features. The lowest tier likely does not have heated
seats, for example. There is a distinct difference between low-tier phones (<$150USD) versus mid-
tier phones ($150USD-$300USD) versus high-tier phones ($300-$700USD) versus flagship phones
(>$700USD).

In trying to transfer HemaApp to low-tier and mid-tier phones, the app no longer worked due
to the lack of gain control in the color channels, which means that the fundamental sensing solu-
tion has to be completely different. Similarly, for Seismo, the accelerometer needs to be sampled
at above 100Hz to reliably resolve the seismocardiogram. In this case, at lower sampling rates of
50Hz, typical in low-end phones, the Nyquist frequency is too low for a signal that has components
above 40Hz. A major focus of smartphone health sensing is on the possibility of widespread health
monitoring because everyone has a smartphone. However, what is in everyone’s pocket is differ-
ent, and that difference comes from how much the user can afford. From a use case stand point, it
may be possible to project that a single high-end phone can be procured for performing screening
in a village, but it is unreasonable to assume every phone owned by individuals living in the vil-
lage can be used for personal monitoring. Smartphone-based health sensing solutions often focus
on enabling healthcare for low-to-medium income resource situations and communities. To truly
reflect that motivation, there should be more of a clear identification of whether or not the solution’s
requirements are truly representative of the projected use case.

If the specification to enable a solution requires a "commodity" device that has the newest sensor
or one-off implementation, it may not be a good solution. This is particularly true of implementing
the solution on a flagship device with a unique sensor. Even if the sensor is on a phone currently
sold on the market, it does not mean the solution will transfer to other systems as the sensor on
the flagship phone is very likely never to be transferred to future generations. Similarly for high-
tier devices, the sensors found in these phones may or may not stand the test of time in terms of

transfer to future cheaper models. The accelerometer sampling rate is only increased in the higher-
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tier phones because it provides a more seamless game play experience. The microphone sampling
rate of 48kHz is not present in many mid-tier phones and not present at all in low-tier phones even
though it has been a standard for higher-tier model for years. This limits much of the ultra-sound
applications utilizing 17-20kHz, for example doppler sensing for breathing detection [63].
Although it is difficult to predict what smartphones in the different tires will feature in the future,
I think it is possible to at least speculate how feature adoption will occur in the near term of 5 to 10
years given the last decade of smartphone progression. The flagship phones are a test bed of new
features like interaction sensors, screen technologies, camera technologies, sensor sensitivity and
performance, etc. The flagship is expected to change every year incorporating the newest sensors
to introduce some new experience. Many of these features are completely experimental and likely
integrated to test market interest and user review. As new features are tested out with flagship
phones each year, some features become defining features that make for what should be in a "full
featured" smartphone. The most recent example is likely the dual camera depth mapping to provide
computational depth of field portrait photos. Prior to it was the IR time-of-flight focusing, capacitive
finger print sensor, multi-tone flash , multiple microphones, capacitive touch screens, front facing
camera etc. These features are adopted to high-tier phones relatively quickly within a year or two
of introduction in the flagships depending on previous years’ reception. Over time, the "standard"
features of high-tier phones are still relatively transient year to year, albeit not as mercurial as the
flagships. Even some of the examples I mentioned above, like the multi-tone LED, seems to also
be losing steam in adoption. The adoption for mid-tier smartphones is more delayed, and seems to
be based on a secondary filter from the high-end phones, with an integration timeline more in the
range of 3-5 years since introduction. In the above list of features commonly found in high-end
phones today, only the capacitive touch screen and multiple microphones can be found universally
at this tier. For low-end smartphones, the integration timeline is more akin to 5-10 years. Looking at
smartphones priced under $150, we do indeed find phones that have updated wireless connectivity
technology but with features similar to the first iPhone. Under $50, the smartphones resemble
feature phones with a blend of touchscreen technology. The higher-tier phones don’t simply become
cheaper over time, instead, what happens after a period of sales, models are slightly discounted until
the stocks are all sold to make room for the next generation the year after. As such, the kind of

phone features a person has access to is more or less locked to a tier. As such, even though access to
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smartphone is becoming more and more universal, we as developers of phone based health sensing
solutions should be mindful of the implications of assuming features will one day be adopted and

our solution will be ubiquitous.

10.2.2 Anatomical Differences

An important consideration for medical device design is the demographic for which the system is de-
signed to be used by. This is a relatively common issue. For example, blood pressure cuffs typically
have two different sizes. Pediatric pulse oximeters have a different wrap design to accommodate
different finger size and are sometimes put on the foot. Chest straps for respiration monitoring do
not work well for obese patients, so instead a nasal cannula is often used in these cases. Medical
device designs often have two factors. The sensor technology and the interface technology. In the
example cases for blood pressure cuff and pulse oximeter, the interface technology is adjusted based
on the end user. In the case of respiration, the sensing technology is adjusted. For medical device
design, the designer controls both technologies and ultimately creates the solution that fits well for

the end user.

In the solution space for smartphone health sensing, the control of interface technology is par-
ticularly limited and can potentially limit equal access to these solutions. In developing Seismo, we
found many examples of the lack of control over interface technology limiting the types of users the
solution can accommodate. The first issue we found is the solution does not work well for female
users because the phone needs to be placed in the sternum area. This position has two issues. First,
the position the phone needs to be placed is often where the bra frame is positioned under the breast.
Second is even if the user removes their bra, the phone has to be held in a position that will likely
be covered by the breast, creating two issues: the user can’t see the screen for visual feedback and
the breast resting on the phone dampens the vibration signal. The second issue is also an issue we
found for obese patients, which has significantly more fat tissue between the heart and the phone.
For the female subjects, we found that it was possible to obtain a seismocardiogram signal from the
upper chest. However, in changing the position, we also noticed that the morphology of the signal
changed and it was still not as reliable. A different issue was found for more senior subjects who

have significant hand tremors. Because the phone is held to the chest by the user, when subjects
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have a tremor, both the signals measured by the accelerometer and the camera were affected and

resulted in poor signal quality.

In contrast, the sensing technology can perform unequally depending on the anatomical dif-
ferences. A sensing limitation of HemaApp is the lack of spectral response for >1000nm optical
sensing capability of the CMOS camera. This limits the ability to measure blood’s water content.
To compensate for this issue, our solution relied on using the blue absorption of blood plasma as
a proxy for blood volume. Although this appears to work well in our initial study, the assumption
may not hold in a more diverse patient population. Depending on the underlying condition that is
causing anemia for the patient, the patient may have significant hemolyzation of their blood. This
results in elevated bilirubin levels. In this case, the amount of blue wavelength that is absorbed will

increase and be misrepresented as plasma volume increase.

For traditional medical devices where both aspects can be controlled, it may be possible to
develop the solution for one population and translate it over by making adjustments. Because of the
limitation in control for the sensing and interface technology, it is important to consider the end-user
when developing smartphone health sensing solutions, because one solution may not transfer at all

to a different end-user.

10.2.3  Limited Physical Affordance

A main challenge that came up during the exploration of phone based medical measurements is that
there is a mismatch between putting the phone in a position that can capture the necessary signal
and how easy it is to operate the phone app. A big issue is visual feedback. As identified during
the dual camera exploration of Seismo, we found that there are postures of holding the phone and
measuring of facial areas that prevent visual access to the phone screen. A similar issue exist for
HemaApp as well. To use the back camera for measurement, the phone either needs to be placed
with the screen down or the user has to hold the finger to the camera while the phone is held up,
thus cannot rest the finger on the phone or see where the finger is placed. Another issue is the ease
of controlling the phone during measurement. If the phone is placed with the screen down, then it
is not possible to click the on-screen button UIL. Alternatively, for Seismo, when the phone is held

against the chest, one hand holds the phone and the other is the finger placed on the phone. This
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leaves no hand to click the screen. In these cases, we found that using the volume buttons as physical
buttons worked pretty well. We also found that since the phone is being held in weird positions, it
is easy to touch the screen and initiate unintended actions like quitting out of the program. We were
able to implement a screen blocker that mitigated this issue. All of these issues can be summarized
as a physical affordance problem. The phone was designed assuming the user holds the phone in
their hand or placed on the table, and the main interaction is to the screen. The only time the user
holds the phone to their body, is to talk to the microphone and listen to the other speaker. With that
mental model, it makes total sense that the phone has a screen that can be viewed when placed in
front of the user. The phone was never meant to be press and shoved onto every inch of the body

besides on the user’s ear with no expectation of looking at the screen in that case.

10.2.4  Limited Interpretability for Untrained Users

The acceleration of hypochondria due to information available on the Internet, also known as cy-
berchondria, is likely to be exacerbated by ubiquitous medical testing. Doctors receive years of
training on how to apply Bayesian reasoning when accounting for a test result in the diagnostic
process. This procedure requires calculating the patient’s pretest probability of having the condition
and then updating that probability according to the accuracy and result of the test. Calculating the
prior probability requires knowing the prevalence of the condition and the specific risk factors that
may increase a person’s likelihood of having the condition, such as family history and environmental
factors. Updating to a post-test probability given a positive test result entails calculating the positive
predictive value (PPV) of a test and how often people with a positive test result actually have the
medical condition. Calculating PPV requires knowing the test’s sensitivity (true positive rate), the

test’s specificity (true negative rate), and the prevalence of the condition:

sensitivity X prevalence

PPV = (10.1)

sensitivity X prevalence + (1 — specificity) x (1 — prevalence)

This calculation does not always lead to intuitive results. A test with a sensitivity and specificity

of 80% for a disease that occurs in 15% of the population will have a PPV of 41.3%. A similar test
for a disease that occurs in 5% of the population will have a PPV of only 17.4%. In both cases, the

test performs worse than random chance despite having a seemingly decent accuracy.
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Test results are never black-and-white; all models have uncertainty bounds that complicate de-
cisions. For example, the current state of HemaApp has a RMSE of 1.2 g/dL. This is reasonable
for severe anemia screening scenario screening for people around 7-10 g/dL with a typical range
of 7 - 16 g/dL. For use-cases that are very borderline, for example blood donation centers where a
potential donor who is determined to be borderline anemic of 11 g/dL is asked to take iron pills until

their hemoglobin level raises above 12 g/dL, our system would be poorly suited.

We have yet to tackle this challenge ourselves, but we foresee significant contributions that can
be made by researchers. If smartphone-based health sensing apps are going to be freely distributed
to the general public rather than prescribed and supervised by trained physicians, the routine of esti-
mating a post-test probability should be as automated as possible. Apps should be able to calculate
a pre-test probability by collecting risk factor information. Family history and demographic data
can be explicitly recorded through digital forms. Sensors can also be used to infer risk factors. As
an example, GPS data could reveal that a person is at a higher risk of a lung condition because of

poor local air quality.

The weighing scale provides an interesting study of how important the presentation of results
can be to the decision-making process. All scales have uncertainty, yet people tend to fixate on
the number they see. Weight is also a function of how much the person is wearing and how much
they ate and drank before the measurement. Kay et al. found that people often forget these factors,
leading to stress over negligible weight changes. One scale design they suggest graphically emulates
a traditional analog scale with exaggerated needle movement to reflect uncertainty. Kay et al. also
propose an “always-on” scale design that accounts for daily variance and incorporates information
through low burden question prompts so that measurements can be automatically adjusted closer
to their true value. Researchers in the machine learning community have actually trained models
that learn how different clinical measurements vary over time to help clinicians identify high-risk
patients. The same models could be used to help users extrapolate reasonable trends in their data if

they feel the need to do so.
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10.3 Moving Forward with Smartphone as the Platform

It is reasonable to assume that smartphones as we know them today will continue to evolve year to
year. However, I think it is unreasonable to assume that sensors and capabilities we see in high-end
or flagship phones will necessarily move down to mid and low tier phones over time. It is important
to keep that fact in mind. With all that said, the proliferation of smartphones in the world still

presents a great opportunity towards improving access to health sensing.

10.3.1 Sensor-variation Tolerance

As mentioned many times now, sensors are different between phones. Where the sensor is placed,
the sensitivity of the sensor, how the sensor is tuned across the bandwidth, etc. The sensors are
typically cheap and that means even for the same phone and sensor, because the manufacturing
tolerance is low, the sensor may not be exactly the same. There are, however, phenomenon that are
more tolerant to the differences between, say, one camera to another. For example, shapes are well
preserved. In the case of iPressure, the phone camera is responsible for capturing the shape of the
eye under applanation. It is reasonable to assume that this sensing solution will be well preserved
across devices. In contrast, ratiometric measurements are more affected. For example, solutions that
depend on color measurement like HemaApp is highly subject to sensor variations. Differences in

white balance, lighting condition, and sensor tuning can create big differences.

Phenomenon that are frequency dependent will be affected by the tier of the phone. Currently,
looking at mid-range phones, it is reasonable to assume cameras of <25 FPS, microphone sampling
of 16kHz, and IMU sampling of 200Hz. How these sampling frequency will improve is unclear, and
it may be more suitable to target designing for these specifications if the intended use case is for low-
resource communities where even mid-range phones may not be extremely prevalent. This can be
said about the utility of exploring work-around solutions in the process of researching in this solution
space. Work-arounds that can be used by mid-tier phones are much more impactful than one-off
work arounds that is very device specific. The camera and accelerometer synchronization technique
introduced in Seismo would be a relatively good example of a work around that is translatable to

most phones.
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10.3.2 Low-Fidelity Augmentation

Many of the solutions focus on using the phone’s own sensor capabilities. However, in many cases,
it is beneficial to enhance the phone’s capability through external supplements. For the most part,
in my exploration I focused on passive and mechanical supplements. For example, in HemaApp,
the phone case for finger placement is an example of such a supplementation. Although one might
argue that any such supplement nullifies the advantage of a software solution for deployment, I
believe that there is a level of deployability that can make such supplementation reasonable. For the
finger holder case, the case is easily acquired and a black cloth is not difficult to come by.

There are also cases where it may not be possible to use ultralow fidelity add-ons. For the
example of iPressure, the add-on device is much more custom and likely not DIY-able. It is possible
that such a solution can be part of a fairly cheap kit that has a number of such physical add-ons that
can expand the capabilities of the phone. A kit might be created, such as for specific use cases like
a "eye exam in a box" for low resource clinics, or just a few general purpose physical interfaces
that helps block out light, provide color reference, direct sound waves, or press against the body
more ergonomically. The success of this line of solution would come down to whether the add-ons
are truly low cost in manufacturing and a major advantage if it is usable across multiple use cases.
Another important consideration in the design of such a kit is the reuse of manufacturing. Beyond
the electronic component reuse, I think another important aspect to mass production is the hardware
enclosure should also be explicitly designed to use physical artifacts that are massively reproduced.
For example, a commonly useful measurement is an image/video capture of the eye or skin patch
without ambient light. This can be accomplished by some form of a conical cup with a deformable
ring, with the potential of a lens. This is a relatively common place item when we start to think about
single lens cameras and the eye cup of the view finder. A sensible direction in the design of these
cheap medical phone add-ons is to think critically of the physical enclosure and interfaces that are

already massively produced and manufactured that can reduced the cost of custom manufacturing.

10.3.3 Long-term Tracking in the Background

One major advantage of the phone that I have so far not talked about, but nonetheless should be

noted, is the phone’s special role of often being close to the user. In the next section, I'm going to
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discuss how we might want to move forward in designing a more suitable platform for health sens-
ing. The role of what I will propose focuses on creating a solution that can better support developing
cheap and ubiquitous medical diagnostic and monitoring capabilities for active measurements, akin
to the solutions I have presented in this dissertation. However, certain instantiation of the proposed
solution may or may not always be with the user if it is not implemented on to a phone. I believe
the smartphone, in these cases, will play a strong supporting role to such a new class of solution by

being the agent for long-term tracking of the user.

General mobility and sleep patterns, for example, are important factors that play a role in many
clinical end usecases. Phone sensors are well suited for monitoring in the background. An example
where an interplay of phone sensing and a cheap medical sensor can operate in synergy is the
monitoring of sickle cell disease patients. Patient living with SCD are at risk of acute anemia due
to breakdown of mutated red blood cells. A major improvement for disease management for sickle
cell disease is to provide a cheap solution for daily monitoring of hemoglobin, a solution space of
HemaApp. However, in conjunction to hemoglobin deficiency, pain induced lowering of mobility
is often a co-existing condition. Due to the mutation of red blood cells, blood flow for SCD patient
is often impeded and the decreased flow often leads to pain episodes. The pain typically leads to
decrease mobility, and the decreased mobility then leads to decreased blood flow. This vicious cycle
leads to acute pain crisis episodes. In conjunction to monitoring hemoglobin regularly, monitoring
the patient’s general mobility and sleep time motion can add a layer of information important for

understanding the state of the patient.

This relates to the previous point about interpretability of mobile health sensing. The goal for
at home monitoring of SCD patients is to prevent cases of extreme anemia brought about by these
acute crisis. In this case, the goal of the monitor is to flag potential crisis situations that need the
patient to be admitted for treatment. What the phone can provide is a more complete prior to the
measurement provided by the cheap medical monitor. By only monitoring hemoglobin levels, it
may either instill unwarranted confidence or false alarms. Using changes in mobility pattern as a

prior could help in the robustness of such a monitoring solution.
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10.3.4  Explicitly Design a Platform for Software as a Medical Device

The difference between the phone based solution versus designing a pieced together medical de-
vice is not fully about sensor reuse. Rather, the core difference is the sensors of the phone only
gets us part of the way to the final measurement. An image of the eye. A color measurement. An
accelerometer that can measure the vibration. At a meta level, the smartphone provides a measure-
ment of some physical phenomenon of the body that can then be processed via software to perform
biomarker estimations. For medical sensor like a pulse oximeter, the measurement and processing
fully encapsulates the end biomarker and has no room for reuse beyond designing for specific appli-
cations. This is fundamentally different because the phone’s collection of sensors gives rise to new
biomarkers that can be measured based on the collective creativity of those who are working closer

to the clinical end points and have a better sense for the actual needs and use cases.

The phone, however, was never intended to be the hardware platform to enable what is some-
times referred to as a Software as a Medical Device (SaMD). This can be seen in the multitude
of limitations I drew out from the different explorations made through my work and also a review
of the related work in this domain. There are certainly circumstances in which the current phone
is already well suited for the solution, mainly solutions where the end measurement is less reliant
on controlled environments. And for these scenarios, I believe the current phone infrastructure can
indeed be a good solution. However, I believe a promising direction of research will be to explore
from the ground up a platform that will enable software as a medical device in a more robust, flex-
ible, and reliable manner. Much of the work so far has focused on using the phone as the central
hardware platform and add-on where needed. Such as a lens attachment, color correction card, fin-
ger cover. However, much of the limitation of the phone at the core is still that the phone has many
other requirements such as telemetry, productivity, entertainment, etc. Such a hardware platform
should be standalone and aim to facilitate capturing the data necessary for an expandable list of
health/medical measurements, while standardizing the hardware/firmware requirements to provide
a uniform specification or tiered specification that can be queried. In this way, a developer of a
SaMD can have a notion of the hardware interface that their solution is deployed through SDK level
query of the hardware support, which can include both sensor and enclosure configuration. The

SDK should support abstractions closer to the level of physiological measurements rather than sen-
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sor measurements. Instead of just being able to request a camera feed, it would be more powerful
to be able to request an image of an eye measured at specific exposure wavelengths captured at a
specific framerate. The SDK should also provide a quality check of the data return. The software
developer can be guaranteed that what they get back is color corrected for the sensor, is actually an
eye, and potentially other meta data such as position of the eye. In this way, the focus of the software
developer is one that is of "how can I use an image of the eye to address a clinical end usecase" and

not "what do I need to do to make sure this photo is useful."

It is certainly open ended as to how such a system will take form, but the ultimate vision of such
a system is that it will be a blueprint specification for a platform dedicated for SaMD. It might take
shape as a weirdly shaped mobile health smartphone with added affordances to interface nicely with
the body, a peripheral device that could use a smartphone as its computation, or as a completely
standalone device. My vision is that instead of a thermoeter in a first aid kit, a low cost device for
SaMD will be in every first aid kit. I believe the shape it takes is potentially irrelevant, but rather
the goal for this new direction is define explicitly what the right specifications should be to enable

widespread ability to develop medical devices via software.

10.4 Conclusion

As a researcher in this topic of smartphone-based health sensing, my dissertation has been aimed at
advancing the state-of-the art of this form of health sensing solution space. My main solution space
has been to push the limits of what we can do with the smartphone’s camera, demonstrating that
it is feasible to use cameras that are commonly integrated in smartphones to measure hemoglobin
concentration. Utilizing multiple sensors in the phone, such as combining cameras with accelerom-
eters and microphones, I then enabled blood pressure monitoring. With passive augmentation to the
phone, I then demonstrated the capability of eye pressure measurement. The premise of the work
focuses on working within the confines of what is "already integrated on phones" as a design crite-
ria. However, I have found limitations to our work’s motivation of "make it work on a phone and it

has the potential of becoming ubiquitous."

Just because a capability exist in one phone or that the app can be implemented on a phone that

was bought off the shelf, it does not mean it has the potential of being ubiquitous. The "Smart-
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phone" is not a singular item that has a clear specification. Smartphone is really a class of item that
differ from product to product. A major factor to the difference between actual products is often
driven by cost. With one of the central theme being to enable low-to-middle income communities
to access healthcare services in limited resource situations, it is important to consider the long-term
applicability of our research in this practical frame.

The importance of working directly within the confines of what currently exists in phones, how-
ever, should not be brushed over. Although we cannot necessarily guarantee long-term applicability
and feasibility for true ubiquitiy, I was able to draw out a nuanced discussion of the limitation of
our current implementation of smartphones towards health sensing in any price tier because of the
deep exploration within this design constraint. When we refer to user interfaces for smartphones
today, we focus on how a user interacts with the in-screen digital content. Almost none of the use-
cases focuses on interfaces that require the interfacing with the human body to capture physiological
measurements. This lack of physical interfacing with the human body creates a major challenge for
adapting smartphones we have today for measuring for medical and health metrics. Smartphones
as a class of item hold the potential to help deliver health and medical monitoring to the masses as
the platform for Software as a Medical Device. However, to make this a reality beyond research
ideas or one-off implementations, the next step is to explicitly work towards designing our platform
to have health and medical monitoring as a central use case. This includes a blueprint for physical
affordances, cross-device transferability, and data formatting that have higher-level abstractions that
more closely represent physiological measurements rather than sensor data. The ubiquity of this
solution space hinges on shifting the central definition of the "smartphone" to include health and

medical sensing as a use case no less important than making a call or connecting to the internet.
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