
Biology and Computation for Improving Access to
Health Screening

Jason Stuart Hoffman

A dissertation

submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2025

Reading Committee:

Shwetak N. Patel, Chair

Chris Thachuk

Luis Ceze

Program Authorized to Offer Degree:

Computer Science and Engineering



© Copyright 2025

Jason Stuart Hoffman



University of Washington

Abstract

Biology and Computation for Improving Access to Health Screening

Jason Stuart Hoffman

Chair of the Supervisory Committee:

Shwetak N. Patel

Computer Science and Engineering

Many patients who need medical care are underserved by today’s systems, leaving them unable to get

adequate warning when health conditions require medical attention. Computing technology can aid in re-

ducing this healthcare gap by commoditizing sensors capable of providing diagnostic and prognostic infor-

mation in an affordable and usable form factor. Ubiquitous sensing technologies, such as those built into

modern smartphones, can be considered more accessible or affordable because the hardware can be re-used

for many purposes, effectively amortizing the cost of each function over the full utility of the device. How-

ever, the generalized purpose designed into these sensors introduces unintended noise into signals which

otherwise contain useful health information. Creatively designed data gathering techniques that leverage

chemical and medical understanding of the underlying biology and physiology can detect signals that can

be useful for health screening. In this thesis, I demonstrate these techniques in four projects over two areas:

(1) blood-oxygen saturation and (2) hemoglobin concentration for health sensing in vivo using an unmod-

ified smartphone camera, and (3) passively gathering samples of viral particles and (4) capacitance-based

detection of specific nucleic acids for environment sensing in vitro. In order for technology to deliver on the

promise to aid in healthcare, a physiological understanding of the molecular components can be combined

with computational techniques, such as machine learning and signal processing, to reveal the underlying

signals of interest, improving access to health screening for the growing proportion of the population with

smartphones.
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Chapter 1

Introduction and Motivation

1.1 Introduction: The Potential of Ubiquitous Computing

A large portion of the potential for the computing revolution to improve healthcare remains unrealized.
The Electronic Health Record (EHR), remote “telehealth” interaction with doctors, and a plethora of highly
accurate purpose-built diagnostics and treatment systems have made significant strides towards improving
people’s opportunities to access the medical information they need and receive care for their conditions.
However, too many of the solutions are gate-kept behind barriers to access, such as high cost of care and
low availability of appointments with the people trained to use these solutions (namely, health care prac-
titioners). General-purpose sensor systems, leveraging concepts of ubiquitous computing, show promise
in enabling anyone with a smartphone to access care more readily at their convenience with devices they
already own (namely, smartphones). Unfortunately, though, many of these promises remain unfulfilled de-
spite enormous growth in academic publications and industrial investment in the area. Great ideas turn
into research projects but stagnate when met with the considerable validation cost and practical concerns
associated with implementation in healthcare settings.

1.1.1 Problem Statement

Specifically, many patients who need healthcare are underserved by today’s medical systems. The reasons
for this include, but are not limited to, our limits of understanding medicine and biology, progress on tech-
nological development, ethical concerns, accuracy compared to the current standard of care, and practical
cost considerations. My thesis illustrates my attempts to make progress in addressing the latter issues of
healthcare access; namely, reducing the cost of obtaining information about the body’s physiological state
for diagnostic purposes. Doing so has involved leveraging current understanding of biology and ubiqui-
tous technologies to create accurate diagnostics that near the accuracy required by medical standards and
available on devices that people already own with no, or at least minimal, modifications.

1.1.2 Thesis Statement

My research projects, and the associated learnings, have led me to posit the following thesis statement:

Computational techniques, like machine learning, can be combined with physiological knowledge to
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reveal the clinically-relevant signal out of the noise inherent in ubiquitous commodity sensors.

This thesis is pictorially summarized in an illustration in Figure 1.1, representing the ways we try to am-
plify a signal from a molecule of interest to be detectable by sensors that are already ubiquitously available
in the computing world.

Figure 1.1: The availability of molecular detection can increase if we use biological knowledge to amplify
the signal from small molecules and also computational techniques to sort through the noise inherent in
commodity sensors.

1.1.3 Research Questions

In this dissertation, I explore the facets of this thesis in four projects motivated by the following research
questions:

1. What are important aspects of data collection for accurate-enough results for a clinically relevant
health diagnostic, given a physiological explanation for why computational methods like machine
learning may work?

2. What computational techniques can we use to improve accuracy if it is difficult to gather a clinically-
relevant spread of training data?

3. How can we passively leverage the built environment to reveal data for public health?

4. How can we more accessible bring clinical lab testing approaches to the field and bring the computing
world closer to molecular data?

1.2 Motivation: Improving Access to Healthcare

Today, with a smartphone, one can perform a large portion of their banking, communication, transportation,
socialization, shopping, and other related needs. Some of these tasks can be completed using only the
phone, but most also connect with existing infrastructure over the internet or leverage systems, such as
banking databases and medical systems, to accomplish things more conveniently, faster, or more accurately.
Leveraging the fact that a user already owns a smartphone to do everything else, the field of ubiquitous
computing demonstrates that the marginal cost of doing another thing with the same device is low. The
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purported result is that doing that new thing is more affordable and thus more accessible. This opens the
door to more convenient forms of healthcare, such as telehealth scenarios [Wosik et al., 2020; Mahtta et al.,
2021].

On the medical front, medical professionals and systems are increasingly over-burdened, resulting in
ballooning wait times, reduced quality of care, and increased costs. These costs can be seen from both an
economical (high insurance or copay rates) and physical (worsened condition due to delays in treatment)
perspective [Duong and Vogel, 2023; Mæstad et al., 2010]. This is especially true in non-specialty areas
that serve a wide variety of patients, such as Family, Internal, or Emergency Medicine. So, what are the
blockers that are preventing us from leveraging the promises of ubiquitous technologies to provide high-
quality care to all? Incentive structures for how medicine is developed and delivered play a large role. This
becomes apparent in the ways insurance payer systems can be misaligned from the patients they serve, the
medical research developments that are funded based on their potential for future profit, and even in the
incentives for medical students who are picking their specialty [Rosenthal, 2017]. Incentive structures and
high-quality purpose-built medical diagnostics and treatments will continue to be researched and developed,
as their applications often have clear incentive structures for benefiting patients and inventors in the end.
However, the incentive structure for developing lower-cost care options is not always as clear, even though
it could help many people.

Improving in all of these areas could help to ameliorate these problems, but I have chosen to pursue
solutions by building technology that is enabled by computational techniques that attempts to fill the gap in
providing quality care at a low price point. In order to target these computational solutions for the widest
possible audience, I have focused on solutions that can be used by people with smartphones, which make
up a wide and growing proportion of the population. Many projects in the Ubicomp community and beyond
have used smartphones to detect various health markers [Wang et al., 2016, 2017a; Mannino et al., 2018a;
Bui et al., 2020a; Ding et al., 2019]. In addition, medical care comes in many forms, including systems
where people may not have access to smartphones, but these often include Community Health Workers
(CHWs) in the health system. These care workers are increasingly equipped with smartphones, while they
do not necessarily have access to a large array of medical equipment, especially when providing care via
home visits [Yadav et al., 2021; Brown and Mickelson, 2019; Organization et al., 2020]. Therefore, a
diagnostic developed to perform with good accuracy on a wide range of smartphones would increase access
for the widest possible set of people.

A specific example can be illustrative, such as the case of sensing blood oxygen saturation (or SpO2),
which I will describe in further detail with my project in Chapter 3. SpO2 is a common measure taken at most
preventative care visits and can indicate underlying respiratory problems, and there are 3 distinct categories
of diagnostic methods available. The most accurate is an Arterial Blood Gas (ABG) reading of the amount
of oxygen in a sample of blood using an ABG machine (gray box in Figure 1.2). Another category, which is
slightly less accurate but is more convenient, is the pulse oximeter, which uses light absorption to compute
the proportion of hemoglobin molecules in your blood vessels carrying oxygen during the reading (yellow
box in Figure 1.2). Third is the category which I have focused on with my research, which is smartphone-
based SpO2 readings (blue box in Figure 1.2). These readings may not provide as much sensitivity and
specificity, but I argue that they have enough utility to be helpful in medical care in triage and screening.
By utility, I mean to include the concept of sensitivity, while also factoring in additional important aspects
of using the diagnostic, including availability, portability, affordability, and general ability to access the
diagnostic. This chart requires a somewhat estimative form of dimensionality reduction in order to explain,
but it is illustrative of the value of the smartphone-based approaches I have pursued in my research.

So, given all this, why are our general-purpose sensors in smartphones not used for more of healthcare?
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Figure 1.2: The projects in my thesis focusing on moving diagnostics up the utility scale while remaining
accurate enough for use. The most accurate diagnostics appear in the top left of each graph, with the graph on
the right incorporating the concept of utility to illustrate the value of smartphone-based diagnostic systems
described in this thesis.

As mentioned previously, there are factors that limit our understanding of biology, thus limiting our under-
standing of disease itself. Much research is being done to work towards understanding disease, but I also
see a gap in our ability to widely diagnose diseases in ways we already understand. I pursued contributing
to answering these questions throughout my PhD. I focused on metrics often used as primary screening for
infectious disease severity or those that are treatable, like hemoglobin as a metric for diet-based anemia
[Hoffman et al., 2022b; Mannino et al., 2018a]. And finally, in addition to leveraging smartphones for direct
diagnostic tests, I sought to bring more advanced testing, such as that performed by specific viral presence
detection tests, to wider use via linking passive sensors to smartphone-based detection devices for use in the
field by a variety of people [Hoffman et al., 2022a].

1.3 Methodology: Biological Knowledge Informs Computational Methods

In order to investigate these research questions and make progress on proving this thesis, I investigated two
projects that demonstrated that computational techniques could be used to sort through the noise and two
projects that delved deeper into how we sample and understand signals produced by biological molecules. I
pushed the boundaries on both sides of my thesis illustration in Figure 1.1 in order to better understand the
full picture of what we can do to leverage ubiquitous sensors for sensing health-relevant biomarkers.

Through these projects, a few principles emerged. (1) A deep physiological understanding of the un-
derlying molecules was needed in order to design systems to detect them. Oftentimes, prior techniques
were leveraged and tweaked to fit the needs of widely available sensors on "ubiquitous" devices. (2) When
ubiquitous sensors were used, the general-purpose nature of the sensors caused more noise that was present
in purpose-built devices, requiring the use of computational techniques to parse out the relevant signal. In
a few of these projects, the main technique was machine learning, but other techniques, such as signal pro-
cessing or simple thresholding, were sufficient for others. Finally, (3) when the in-built sensors in ubiquitous
devices were not sufficient for accurately reading the health-relevant signal of interest, a minimal attachment
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Category Project Chapter
Health Screening Smartphone SpO2 Sensing (SpO2) 3

in vivo Smartphone Hemoglobin Sensing (Hgb) 4
Environmental Detection Passive Viral RNA Detection 5

in vitro Smartphone DNA Capacitance Sensing 6

Table 1.1: Summary of Projects

was necessary to adapt the sensor to be able to gather the relevant data, which allows practical detection for
a low cost. The accuracy gained compared to the cost of the attachment was considered in motivating its
inclusion in the solution.

My thesis will describe the projects, the findings, and their implications for attempting to answer the
core question of how to use engineering to increase the number of people who have access to healthcare.
These answers solve a small subset of all the problems that prevent a wider swath of people from accessing
healthcare that can support their quality of life and longevity, but some of the lessons can apply to a wider
set of those solutions, as well.

1.4 Contributions: Research Projects in Computational Health

In all, my thesis contributes the following four projects as an answer to the research questions posed previ-
ously. Together, these demonstrate a few health-relevant biological analytes (oxegenated hemoglobin, total
hemoglobin, and presence of nucleic acid sequences) which may be detectable using software on a modern
smartphone with zero hardware modifications or attachments. In this section is a summary of those con-
tributions to set the stage for the following chapters, and a more full-featured summary of the work can be
seen in Appendix A.

Project 1. SpO2 sensing (in vivo) using unmodified smartphone via PPG analysis and ML

We showed that we could somewhat accurately predict blood-oxygen saturation (SpO2) over a medically
relevant range of healthy and ill patients. We used a deep learning CNN model and custom software app on
the ISO standard clinical development test which artificially lowers the subjects’ blood oxygen saturation
down to 70%. We achieved an MAE=5.0%, while the requirement for FDA-approved devices based on the
standard is 3.5%. For screening purposes, we also demonstrated a simultaneous sensitivity and sensitivitiy
of 80% at predicting a person was desaturated [Hoffman et al., 2022b].

In my article on smartphone camera oximetry, I collaborated with my co-authors to gather PPG data for
pulse oximetry using a smartphone camera on a clinically relevant range of SpO2 levels for the first time
(70%-100%). We used a technique called a varied fractional inspired oxygen (ViO2) technique in order to
gather this data safely. We then applied a deep learning model to result in an overall mean average error
(MAE) of 5.0% SpO2. This compares favorably to industry standards for commercial pulse oximeters,
which require an accuracy of less than 3.5% for approved reflectance PPG devices. We also compared this
result to a traditional fitted ratio-of-ratios model, and found that deep learning performed better in inferring
the blood oxygen saturation for new subjects. We believe this is due to the ability of deep learning models to
recognize patterns and focus on the signal despite the noise introduced by the commodity sensors. We also
applied thresholding on the final result to give the user an 80% sensitivity and specificity for determining
if they were below a healthy range of blood oxygen saturation, indicating its usefulness in health screening
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scenarios. Finally, we contributed to the literature by sharing the dataset and starter code open source with
the community, and others have begun to build upon our work.

Project 2. Hemoglobin sensing (in vivo) using unmodified smartphone on color change in fingernails

We demonstrated acccurately sensing hemoglobin using an unmodified smartphone. Based on recently
published research, an ML model should be able to correlate color of the blood under the fingernail (captured
using an unmodified smartphone) with the hemoglobin level [Gordon et al., 2024].

I also applied similar ideas to a project to detect hemoglobin concentration. Inspired by prior efforts
to detect hemoglobin noninvasively using a smartphone [Wang et al., 2016; Mannino et al., 2018a], I and
my collaborators understood that hemoglobin levels impact the red tone of the blood, and we attempted to
gather data objectively via a smartphone camera. We gathered data on a large number of users, but were not
able to achieve our goals of collecting data from people displaying a wide range of ground truth hemoglobin
levels and skin tones. Therefore, when we applied machine learning techniques to infer blood hemoglobin
levels, we were not able to achieve highly accurate results. Using some techniques for augmenting the
dataset improved those results, indicating that this problem may be tractable by gathering the right data, but
overally we furthered the hypothesis that the right data is needed to be gathered in order to make an accurate
system.

Project 3. Passive viral fabric sensors (in vitro) of SARS-CoV-2 RNA in public buses

We showed that cheap, disposable sensors made of fabric could be used to passively collect evidence of
airborne disease and then brought to the lab for detection. We combined previously used protocols to extract
viral particles, kill and break them open to release the RNA, and then sense them using qPCR [Hoffman
et al., 2022a].

The goal of the SARS-CoV-2 project was to develop a passive sensing system for gathering data on
COVID spread using the in-built HVAC systems in public transit buses. We understood the sample of
interest (SARS-CoV-2 RNA) and the gold standard method of detection, and we developed a protocol for
collecting those samples and transporting them back to lab. We detected traces of SARS-CoV-2 RNA on
14% of buses during the pandemic timeframe, but the procedure was cost- and time- prohibitive to roll out
on a larger scale, indicating the need for more accessible field-based methods of detection.

Project 4. Nucleic acid reaction detection (in vitro) for in-field molecular-computer interfacing using
the ubiquitous capacitive touchscreen of smartphones

In the interest of developing a way for the previous viral sensing method to scale and be more easily ac-
cessed outside of the lab, we tested aspects of a phone’s capacitive touchscreen sensor as a detector for
reaction output. While being theoretically accessible to anyone with a smartphone, this solution would also
provide a direct molecular->computer interface to allow this data to be immediately connected to all the
resources in a modern computing device. This would enable automatic connection to online geographically-
tagged tracking databases, other phone sensors like location, time, and user, and processing with on-device
computational techniques including ML. Previous works have shown disease diagnostics using molecular
computing [Lopez et al., 2018]. This work builds on prior work on DNA capacitive sensing to envision and
begin to enable a future where nucleic acid diagnostics can be performed on anyone’s phone [Lee et al.,
2018; Stagni et al., 2006].
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Contribution

Overall, with my work I hope to illuminate a path for increasing access to healthcare, attempting to begin to
ameliorate the growing healthcare divide with this work and my future career.
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Chapter 2

Background and Related Work

In this chapter, I lay the foundation for the field, myself, and this overall thesis. This document’s structure,
my personal positionality as a researcher and engineer, and my understanding of the latest research in the
field impact the way I interpret my results and can provide helpful background for understanding my results
and conclusions.

2.1 Background

2.1.1 Document Structure

This dissertation document contains a full set of my research and work that relates to this thesis statement,
conducted during my PhD studies at the University of Washington under Dr. Shwetak Patel from 2019-2025.
It does not contain an exhaustive set of all the work I have done in this area, nor all the research I conducted
during this time. However, I hope it is educational, and this section will help the reader get their bearings
among this much text.

The first two chapters of the dissertation, including the previous chapter and the current chapter, are the
Introduction and the Related Work, which establish the overall basis, motivation, context, and background
for this research work as it stands in 2025. This is an evolving field, and thus these represent point-in-time
results from this period. I expect this field to continue evolving, and I hope that others expand beyond this
work in the future. Following these introductory sections are in-depth chapters for individual projects that
contribute to the overall thesis. Each chapter contains a background section at the beginning that connects
the project findings to the overall thesis and a conclusion section at the end that summarizes the learnings and
how the current project relates to the others in contributing to the thesis. These background and conclusion
sections are also copied into Appendix A near the end of the thesis in order, which allows the reader who is
already familiar with my published works to read through the full narrative of the thesis in order, which may
help with getting a better flavor for the thesis overall. Finally, the last chapter is dedicated to conclusions
and reflections that tie together the overall ideas and paint a picture of where I see this field evolving in the
future.

2.1.2 Positionality Statement

My personal position as a budding engineer and researcher has influenced my work a great deal. I ac-
knowedge that there are many ways by which to pursue improvement to healthcare, and I have chosen a
technical angle for a variety of reasons, both societal and personal. I find the projects fascinating, gratifying
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to complete, and I’m hopeful that they will have impact. At the same time, I have to acknowledge that my
perspective is influenced by the fact that today’s society compels each of us to build "employable skills"
through experience, which has thus influenced me to pick a career that has potential to continue to provide
economic value to society for which I can be compensated. I do not believe that all health problems can be
solved via technology; in fact, many problems cannot, and most are solved by a combination of technology
alongside political and human resources. My cultural background, as a white, Jewish, male-presenting de-
scendant of European immigrants, influences my choices on a daily basis and I must remain cognizant of
this bias alongside any conclusions I might draw from my research.

2.2 Related Work

Leveraging widely available sensors can enable more access to healthcare if we build on prior work and
push to understand how to connect the digital world with the biological. The fields of ubiquitous computing
and synthetic biology have revealed several important things that have influenced the direction of this thesis
proposal. From the rise of touchscreen smartphone usage impacting solutions for moblie health sensing to
the continued control we’re building in using nucleic acid material for repeatable design of DNA computers,
the vision of using commodity sensors in mobile phones for health sensing continues to emerge.

2.2.1 Phone-Based Health Sensing

Many fields, including ubiquitous computing, have responded to the need for more accessible diagnostics to
give us many advances in phone-based health sensing. While attachments for smartphones of various sizes
are possible, advancements in health sensing that leverage the sensors that are already built-in to smartphone
are becoming more common, as they promise to benefit users without asking them purchase and carry around
new hardware.

Many of the phone’s built-in sensors have been repurposed for health sensing. The accelerometer, typ-
ically used to automatically rotate the screen, has been shown to be able to monitor things passively, from
steps to sleep, though the accuracy ranges widely [Pan and Lin, 2015; Höchsmann et al., 2018; Case et al.,
2015; Liu et al., 2015; Saeb et al., 2017]. The microphone, typically used for voice recording for phone
calls, video recording, and voice control, has been given enhanced usage as a detector for lung function
based on breathing sounds and TB detection based on cough sounds [Larson et al., 2012a; Sharma et al.,
2024]. The RF antennas, typically used to send and receive data over wifi, cellular networks, and bluetooth,
have been repurposed to sense activity in a room [Zakaria et al., 2023; Liu et al., 2019]. The thermistor in
phones, typically used to detect whether internal components are maintaining safe temperatures, has been
used to detect fevers, as well [Breda et al., 2023].

This thesis will focus on two particular sensors: the camera and the capacitive touchscreen sensor.
Therefore, more background is given about using those sensors for healthcare in the following sections.

Cameras

Cameras are included in nearly all modern smartphones, as photography, videography, and video calling
have become indispensable features for users, and they offer an interesting health sensing avenue due to
the deep multidimensionality of the input. As such, much healthcare equipment purpose-built for gathering
health-relevant data involves some element of light or wave sensing, including pulse oximeters, x-rays,
computed tomography (CT) scans, and others [Welch, 2005; Kalender, 2006; Tremper, 1989a]. Not all of
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these can be emulated by sensors built into a phone, but the ones that use wavelengths close to the visible
spectrum could potentially do so.

In any case, cameras function to gather and detect light in different visible wavelengths of red, green,
and blue (RGB), bringing that data from the environment into the phone’s processor after passing through a
series of lenses, sensor, Image System Processor (ISP), and internal data lines. Different external lenses or
attachments can be used to modify the light’s path into the RGB sensor, such as those for transferring the
light to a wavelength that more closely resembles that of purpose-built devices [Bui et al., 2020a]. The cam-
era has been used for contact sensing and remote sensing of bilirubin for infant jaundice, capillary refill time,
and other health metrics [de Greef et al., 2014; Strutt et al., 2023]. Different approaches using the same sen-
sor occasionally offer competing results, such as the case with using camera video PPG [Wang et al., 2016]
or still images of fingernails [Mannino et al., 2018a] to sense hemoglobin levels. Photoplethysmography
(PPG) has been of special interest, as it is used to determine heart rate, heart rate variability (HRV), respi-
ration rate, blood-oxygen saturation, among others. In addition, in research remote photoplethysmography
(rPPG) methods have shown quite good accuracy at predicting heart rate (HR) and heart rate variability
(HRV), though usage is quite low [Poh et al., 2010].

Sensing fluorescense of chemical reactions using smartphones has often involved semi-complex filters
or attachments for positioning the phone just right or for making sure the light is filtered adequately. [Cao
et al., 2016; Hunt et al., 2021; Ning et al., 2021; Shah et al., 2018]. Colorimetry in DNA reactions is starting
to become more sensitive, though is still limited to certain sequences [Dong et al., 2022; Berk et al., 2021].

The issues with the smartphone camera is that, while the overall architecture of digital image capture
sensors has become fairly standard, there are still many different design decisions that manufacturers make
to differentiate their product. Adjustments are made at several steps in the process, from the diodes that
capture light, to the filters and lenses that are selected, to the hardware-based ISPs, to the software that
processes it. There are differences in every hardware vertical that can be manufactured, but camera may be
the most varied due to its obvious visual difference.

Capacitive Touchscreens

Compared to cameras, touchscreen sensors have received relatively less attention for health sensing. After
a few years of competition, the mobile phone industry has converged on the capacitive touchscreen as the
standard for widely sold multi-purpose devices. These sensors enable a wider array of interaction on a
small surface, while a display under the touch sensor can change to provide different buttons as the use
requires. Thus, capacitive touchscreen sensors have also become nearly universal in smartphones today.
Other industries have increasingly included capacitive touchscreens as users have become familiar with the
mode of interacting, including wearables, cars, laptops, and other various appliances.

Capacitance, in general, refers to the capacity of an object to hold an electric charge and can be sensed
in a couple different ways that fall broadly into two categories: self capacitance and mutual capacitance
[Grosse-Puppendahl et al., 2017]. For sensing self capacitance, a system can be designed where a single
electrode simultaneously transmits (Tx) a signal, often an oscillating sine wave, and receives (Rx) the im-
pulse of that signal [Nam et al., 2021a]. When an object enters the field that signal reaches, the signal is
impacted and changed in its magnitude and phase and that change is sensed by the electrode. For sensing
mutual capacitance a system is designed with at least 2 electrodes, so at least one can act as the Tx source
and other electrodes can act as Rx receivers. When an object (such as your finger) enters the area of the
field, multiple Rx electrodes are impacted in varying quantities based on the amount of charge that object
absorbs and its location relative to the electrodes.

Capacitive touchscreen sensors on smartphones have been optimized over iterations of industrial re-
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sponse to customer demand to accurately sense the location and movement of human fingers. A capacitive
touchsreen leverages mutual capacitance to sense the location of a user’s finger, and it is most often com-
posed of a grid of extended electrodes, stretched like wires in a checkerboard pattern. The placement of the
electrodes allows the Rx lines to sense different perturbations based on their location relative to the finger
and enables localization of the input. While capacitive sensors of the type built for smartphones has not
been specifically used for sensing biological molecules, it has been used for health sensing more broadly
and custom capacitive sensors have been used for biology in some medically relevant scenarios [Waghmare
et al., 2023b; Kimbahune et al., 2021; Horstmann et al., 2021; Honrado and Dong, 2014; Nam et al., 2021b].

2.2.2 Computational Techniques for Health Sensing

As described, there is interest in sensing health-relevant signals using commodity sensor for its potential
to increase access, but unhelpful noise is often present in the raw signals gathered due the sensor design,
placement, and opaque variation in manufacturing that leads to differences in signals. Various techniques
have been employed to resolve the health-relevant pattern out of the noisy signals. In the camera case,
theories and algorithmic principles based on the reflectance of light on surfaces have been modeled into a
tunable set of transforms for videos of skin that can fairly reliably be interpreted as the heart rate [Wang
et al., 2017c].

In certain cases, such as those for detecting blood-oxygen saturation using light absorption, physical
properties were studied and modeled to determine how physical laws relate to physiological conditions,
such as the case of the Beer-Lambert Law for light absorption of different wavelengths in different tissues
[Tremper, 1989b]. In addition, parameters can be fitted through calibration processes, such as those used
in pulse oximetry ratio-of-ratios method [Sinex, 1999; Welch, 2005]. In general, when there is a strong
physiological reason for a signal being present in a data stream, better results ensue.

2.2.3 Machine Learning

One of the most common group of techniques used for deriving health-based signals from commodity sen-
sors is machine learning (ML). Situations where ML has been shown to be helpful in health sensing begin
with a physiological basis for the pattern that ML. The ML model or architecture is often chosen with this
in mind. A simple multi-linear regression model used to correlate the color of a person’s fingernails to their
hemoglobin level [Mannino et al., 2018a].

Deep learning, as a branch of machine learning, has rapidly gained wide use in recent years as its
efficacy has been proven for solving problems where a large amount of labeled training data is available
[LeCun et al., 2015]. These models are commonly referred to as neural networks (NNs) due to the way their
architecture is inspired by the action potential propagation of signals in the mammalian nervous system.
Transformers are an even more recent development which involve tuning only the attention aspect of neural
nodes, and which led to the architectures that support very recent Large Language Models (LLMs) [Vaswani
et al., 2017]. Deep learning techniques now vary widely, but those have been used for health sensing in the
case of blood-oxygen saturation and in heart rate detection from a noisy video signal [Ding et al., 2019; Liu
et al., 2020].

The danger of using ML if not chosen carefully is that it can find patterns in parts of data. Explainable
AI (xAI) methods can be useful in determining what are the differentiators in a data input that caused the
trained model to output a result. However, without an underlying explanation for why ML may work for
a given problem, the solution may find patterns in data unrelated to health of the patient, risking improper
diagnosis and medical error [Erickson et al., 2017]. Machine learning (ML) is utilized as one of a number

12



of computational techniques to attempt to delineate a pattern in signals. When used in conjunction with
commodity sensors, ML can aid in sorting through noise that is present in the readings from these sensors.

2.2.4 Molecular Reaction Output and DNA Computing

To understand areas where computational techniques can be effective in interpreting health signals, it’s
helpful to start from an understanding of the underlying biology. Because molecules are so small, the output
of molecular reactions must be transduced to an observable signal in order for us to understand our work,
diagnostics, and sensing. Building sensing tools that enable remote care involves transducing signals from
molecules, which are not readily visible to the naked eye, to a sensor that can read it.

The most common output method in laboratory environments is based on fluorescence output, in which
a molecule with fluorescent properties in a specific wavelength is attached to a strand in such a way that it
will change in positioning relative to a co-located quencher molecule, and produce light in that wavelength
[Smith et al., 1986; Chiang et al., 1996]. This requires a custom machine which both applies energy in
the fluorophore’s absorption spectrum and reads a narrow band of light corresponding to the fluorophore’s
emmission spectrum. Multiple fluorophores may be used simultaneously to achieve multiplexing, but the
capacity is limited due to spectral overlap [Chen et al., 2007].

Another popular method, colorimetric molecular output, involves adapting the reaction to interact with
other molecules such that the color of something changes observably to the human eye. Other projects
have investigating improving the accuracy by making this somewhat subjective reading more objective and
automatic by using a smartphone camera [Park et al., 2020].

Lab Detection of Molecules

One way to split the types of molecular output methods is whether the availability of those testing tools is
limited to a lab space or available more widely. This is helpful, as it allows us to look at which tools are
available for only scientists who have access to lab spaces vs which tools are available for a wider set of
people due to their cost and availability. A large amount of development has brought many advancements to
devices for lab use that allow ever-increasing view into biological phenomena. These are helpful for those
with access to a lab, and training, as well as the resources to purchase.

Most sensitive tests are performed in a lab space, specially designed and outfitted with specialized
equipment for a controlled environment for sample processing. A major example, which has been used for
decades but gained wide popularity for its usage starting in 2020 in response to the COVID-19 pandemic,
quantitative PCR (qPCR) is the standard for sensitive nucleic acid tests [Rallu et al., 2006; Gayet-Ageron
et al., 2013; Malorny et al., 2003]. However, there are many other devices commonly found in a wetlab that
biologists can use to determine what’s happening in a chemical reaction based on fluorescence, including
plate readers, gel visualizers. All have their purposes and places in scientific research settings, but qPCR
has remained the gold standard for nucleic acid-based diagnostic tests, despite the high cost of readers.

For medical tests, a CBC often is used to gather a relatively large quantity of blood and test directly for
components, such as hemoglobin, among others. For blood-oxygen saturation, a purpose-built device called
a pulse oximeter is used, and an arterial blood gas (ABG) device can be used to directly analyze blood, but
requires an invasive arterial catheter to be inserted, and thus is only used in hospital and critical care settings.

Field Detection of Molecules

Principles of these lab devices have proved applicable to out-of-lab solutions, though the tradeoffs must
be adjusted for increased accesss, including accessibility or availability based on what devices and training
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users can be expected to have. These principles adapters or modifications to biology
When diagnostics or molecular sensing is needed in the field, systems have been designed to be more

portable, less power-hungry, and less labor-specific [Panpradist et al., 2019, 2021b; Zhang et al., 2022]. In
addition, the portability of DNA sequencers based on nanopore devices is improving, but the cost per test
is still high and the compute power needed to identify bases is larger than mobile devices typically support
[Eisenstein, 2012]. For these reasons, pushing towards more portability can increase availability of these
technologies.

While this work will not fully test the field deployability of these methods, it can demonstrate directions
for more field usage by building a system that has a reasonable accuracy and strives for low-cost and ease-
of-use.

DNA Computing

DNA computing, as a sub-field of molecular computing that leverages techniques of synthetic biology, refers
to the use of deoxyribonucleic acid (DNA) molecules to construct the core elements required for computing
[de Silva and Uchiyama, 2007]. Leveraging the Watson-Crick base-pairing of individual nucleotides, in
which Guanine (G) pairs with Cytosine (C) and Adenine (A) pairs with Thymine (T), DNA strands can be
designed and synthesized to bind in pre-planned ways. This effectively results in somewhat deterministic
aggregate effects of the stochastic biological processes that govern biology [Zhang and Seelig, 2011; Simmel
et al., 2019]. The circuit analogy stems from the way that these DNA strands can be co-located to form the
same set of logic gates that are commonly constructed from transistors to form electronic computers today.
Computing has also been demonstrating using other biological molecules, including proteins but this thesis
focuses on those using DNA.

When data is biological in nature, such as the case in the genetic code with viral presence or drug
resistance status, then it becomes efficient and theoretically sensible to perform the computation in situ. The
alternatives effectively incur an extra cost to prepare and sequence the DNA, then use the computational
cycles to perform the computation in silico. This has been proposed to have positive environmental and cost
impacts due to its highly parallel nature and natural processes that maintain it [Ceze et al., 2019; Liu et al.,
2016]. For example, one can design a disease classifier that emulates machine learning in DNA by designing
a set of probes and protocols which give different outputs based on the presence of viral or bacterial genetic
material [Lopez et al., 2018].

By leveraging principles of DNA computing, output mechanisms can be adaptable that is adaptable
or programmable with different DNA sequences as primers. A simplified version. For more complicated
circuits, such as those involved in DSD reactions, software systems have been designed that speed up the
process of designing DNA circuits by simulating elements of the equilibrium structure or kinetics of re-
actions based on sequence and environment [Fornace et al., 2020; Zadeh et al., 2011; Zhang et al., 2018;
Badelt et al., 2020; Schaeffer et al., 2015]. This may be analogous to early versions of circuit programmers,
such as HDL simulators, if the molecular programming field continues to grow, though many components
are still in early stages of development.

In all of these molecular reactions, the same output limitations apply as discussed earlier. If we continue
to develop the output of these reactions to enable molecular output to more easily be transduced to the digital
world, the analogy can continue to form the beginnings of what may be called a Molecular Programming
Unit (MPU) to go along with the Graphics Processing Unit (GPU) and newer Tensor Processing Units (TPU)
that are being developed today, effectively enabling more information processing to be done efficiently and
locally [Owens et al., 2008; Oh and Jung, 2004; Jouppi et al., 2017].
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Chapter 3

Measuring Blood Oxygen Saturation
Non-Invasively Using a Smartphone
Camera

3.1 Background, Summary, and Related Work

Background: Balanced Data Collection Inspired by Health Validation Studies

In an effective machine learning pipeline for biomarker sensing, the first step is gathering high quality data
for training that model. In my work on sensing blood oxygen saturation using a smartphone camera, I
noticed that prior studies into this had used a convolutional neural network (CNN), but did not gather a
clinically relevant range of data. Because we have a known physical model (the Beer-Lambert Law) for
sensing the proportion of hemoglobin molecules in blood carrying oxygen, we can understand why machine
learning can be applied in this case to sort through the noise inherent in using a commodity sensor.

In my project, the commodity smartphone camera emulated the purpose-built sensor of a pulse oximeter,
but the general purpose nature of the camera added some unhelpful noise into the signal. Machine learning,
particularly a relatively shallow convolutional neural network, proved to be a successful computational
technique to sift through that noise efficiently on a large scale over thousands of data points. In order to
demonstrate accuracy of the model on a clinically relevant dataset, I, along with my collaborators at UCSD
and SMU, gathered data for that model from test subjects in an induced hypoxemia study design, called a
Varied Fractional Inspired Oxygen (FiO2) study. This study was modeled on the requirements for clearing
a pulse oximeter device for medical use, which allows us to understand the medical relevance of a potential
diagnostic tool for which the physics and physiology is already fairly well understood, which allows us to
use the computational technique of machine learning to create a potentially clinically-relevant diagnostic.

Summary

Hypoxemia, a medical condition that occurs when the blood is not carrying enough oxygen to adequately
supply the tissues, is a leading indicator for dangerous complications of respiratory diseases like asthma,
COPD, and COVID-19. While purpose-built pulse oximeters can provide accurate blood-oxygen saturation
(SpO2) readings that allow for diagnosis of hypoxemia, enabling this capability in unmodified smartphone
cameras via a software update could give more people access to important information about their health.
Towards this goal, we performed the first clinical development validation on a smartphone camera-based
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SpO2 sensing system using a varied fraction of inspired oxygen (FiO2) protocol, creating a clinically relevant
validation dataset for solely smartphone-based contact PPG methods on a wider range of SpO2 values (70%-
100%) than prior studies (85%-100%). We built a deep learning model using this data to demonstrate an
overall MAE=5.00% SpO2 while identifying positive cases of low SpO2<90% with 81% sensitivity and
79% specificity. We also provide the data in open-source format, so that others may build on this work.

Related Work

Smartphone-based SpO2 monitors, especially those that rely only on built-in hardware with no modifica-
tions, present an opportunity to detect and monitor respiratory conditions in contexts where pulse oximeters
are less available. Smartphone-based solutions for monitoring blood oxygen saturation have been explored
previously, employing various solutions used to gather and stabilize the PPG signal [Carni et al., 2016],
augment the IR-filtered broad-band camera sensor [Bui et al., 2020b], and filter the resultant signal for noise
or outlier correction [Ding et al., 2018]. Some solutions require extra hardware, such as a color filter or
external light source [Mendelson and Ochs, 1988; Carni et al., 2016; Tayfur and Afacan, 2019; Scully et al.,
2011; Bui et al., 2020b], whereas others rely only on the in-built smartphone hardware and employ software
techniques to process the PPG signal [Tomlinson et al., 2018; Nemcova et al., 2020; Ding et al., 2018; La-
monaca et al., 2015; Sun et al., 2021; Kateu et al., 2022]. These prior works indicate that there is potential
for smartphone-based SpO2 monitors to fill gaps in access to care, but lack validation data on a full range of
clinically relevant SpO2 levels. Prior evaluation techniques for these smartphone-based studies have been
limited to a minimum of 80% SpO2 using techniques such as breath-holding, which is limited to short dura-
tions of data collection due to participant discomfort, limiting the clinical applicability of the findings. The
US Food and Drug Administration (FDA) recommends cleared reflectance pulse oximeter devices achieve
< 3.5% error across the full range of clinically relevant data of 70%-100% [Luks and Swenson, 2020; Food
et al., 2013]. To our knowledge, our study is the first to evaluate unmodified smartphone-based pulse oxime-
try on this range of SpO2 data using a Varied Fractional Inspired Oxygen (Varied FiO2) study procedure, as
shown in Fig. 3.1.

Blood-oxygen saturation, reported as SpO2 percentage, is one of a number of health measures used by
clinicians to assess cardiovascular function, reporting the proportion of hemoglobin in the blood currently
carrying oxygen. This ratio can be directly measured from samples of arterial blood using an Arterial Blood
Gas (ABG) analysis device. However, obtaining and analyzing arterial blood samples is invasive and can be
technically difficult; therefore, it is limited to in-clinic hospital or outpatient lab cases. As a result, clinicians
typically rely on the convenience of noninvasive measures of SpO2 using FDA-cleared, purpose-built devices
called pulse oximeters, consisting of a finger clip and readout screen (Fig. 3.1b). Pulse oximeters typically
perform oxygenation measurement via transmittance photoplethysmography (PPG) sensing at the finger tip,
clamping around the end of the finger and transmitting red and IR light via LEDs [Welch et al., 1990]. By
measuring the resultant ratio of light reception on the other side of the finger, the devices leverage the Beer-
Lambert Law to estimate the absorption properties of the blood, using calibrated curves based on empirical
data to infer blood oxygen saturation [Bui et al., 2020b]. This device allows clinicians to noninvasively
monitor SpO2 for single (spot-check) or continuous measures.

While baseline SpO2 level varies slightly (typically 96% − 98% at sea level in otherwise healthy in-
dividuals), deviations of 5% or more below these levels can be a sign of more serious cardiopulmonary
disease. Respiratory illnesses, such as asthma, chronic obstructive pulmonary disease (COPD), pneumonia,
and COVID-19, can cause significant decreases in SpO2, hypoxemia (low blood oxygen), and potentially
hypoxia (low tissue oxygen). Hypoxia can lead to serious complications, such as organ damage to vital
organs like the brain or kidneys, and even death, if uncorrected or occurring acutely for an extended pe-
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Figure 3.1: Varied FiO2 study using an unmodified smartphone camera. a Illustration of the exper-
imental setup of the varied FiO2 experiment conducted for this study. The subject breathes a controlled
mixture of oxygen and nitrogen to slowly lower the SpO2 level over a period of 13-19 minutes b During
the study, one finger was placed over a smartphone camera with flash on to record light response via Re-
flectance PPG, while a second finger was placed in the fingerclip of a tight-tolerance pulse oximeter acting
as a transfer standard, which emits Red and IR light reports SpO2 via Transmittance PPG. c Comparison of
histograms of a breath-holding study dataset, adapted with permission from Ding et al. [Ding et al., 2018],
and the histogram of the ground truth distribution from our varied FiO2 experiment dataset reveal that more
clinically relevant data spread was gathered using this protocol than prior work. d Classification results for
the smartphone method reveal that 79% of cases of hypoxemia (defined as a low SpO2 below 90%) were
detected using this method. Illustration and images are the authors’.
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riod of time [Bickler et al., 2017]. Repeated measurements of SpO2 can be used to monitor for changes
in the severity of a wide range of cardiopulmonary conditions such as asthma and COPD [Siddiqui and
Morshed, 2018], and indicate potential presence of other illnesses including Idiopathic Pulmonary Fibro-
sis, Congestive Heart Failure, Diabetic Ketoacidosis, and pulmonary embolism [Wilson, 2012; Kline et al.,
2003; Zisman et al., 2007]. Pulse oximetry also has prognostic value; for example, an SpO2 level below
90% SpO2 has been correlated to increased in-hospital mortality rates for COVID-19 patients [Xie et al.,
2020] and levels below 95% associated with complications from community-acquired pneumonia [Moore
et al., 2019] or complications in patients with diagnosed pulmonary embolism [Kline et al., 2003]. Thus,
determining whether a patient’s blood oxygen saturation is below a threshold would likely be valuable in an
accessible early warning screening tool to indicate that further attention from a clinician is needed. Usability
of smartphone screening tools has also been explored but generally shown that accuracy is poor due to the
lack of clinical validation and user experience challenges [Alexander et al., 2017; Modi et al., 2021; Hudson
et al., 2012].

In this study, we take a step towards SpO2 monitoring using the unmodified camera on a smartphone.
Our hypothesis was that, by training a model using data from a varied FiO2 study, we could accurately
predict SpO2 on a wider range of clinically relevant SpO2 levels (70%-100%) than prior smartphone-based
studies. Our analysis reveals that a convolutional neural network (CNN) model evaluated on this range is
able to achieve, on average, a Mean Absolute Error (MAE) of 5.00% (σ=1.90) SpO2 in predicting a new
subject’s SpO2 level, after it has been trained only on other subjects’ labeled data. To assess potential
hypoxemia screening capability, we show that this corresponds to an average sensitivity and specificity of
81% and 79% respectively in classifying a new subject’s SpO2 as below 90%. This work builds on a growing
tradition of using ubiquitous mobile devices as decision support tools in healthcare, indicating the need
for health care consultation [Kanakasabapathy et al., 2017; Laksanasopin et al., 2015]. Smartphones are
widely owned because of their multi-purpose utility, and contain increasingly powerful sensors, including a
camera with a LED flash [Steinhubl et al., 2015; Gambhir et al., 2018; Topol, 2019]. Researchers have used
sensors in off-the-shelf smartphone devices to assess many physiological conditions, including detecting
voice disorders [Mehta et al., 2012], tracking pulmonary function [Mehta et al., 2012; Larson et al., 2012b],
assessing infertility [Kanakasabapathy et al., 2017], measuring hemoglobin concentration [Mannino et al.,
2018b; Wang et al., 2017b], and estimating changes in blood pressure [Wang et al., 2018; Chandrasekaran
et al., 2012]. Alongside these results, we share the data from the Varied FiO2 study with the community, so
others may build on this work.

3.2 Results: Hypoxemia Classification with a Smartphone

3.2.1 SpO2 prediction performance

Our convolutional neural network (CNN) achieved an average MAE of 5.00% (σ=1.90) SpO2 when trained
and evaluated via leave-one-out cross validation (LOOCV) across the range of 70%-100% of data from
the varied FiO2 study (Fig. 3.2). An average correlation of R2=0.61 (σ=0.15) is observed between the
model predictions and readings from the ground truth reference pulse oximeter. The average root mean
squared error (Arms) is 5.55% (σ=1.89) across all subjects in this range, which is 2.05% higher than the ISO
80601-2-61:2017 standard of 3.5% for reflectance pulse oximeter devices to be cleared for clinical use [Food
et al., 2013]. Bland-Altman analysis demonstrates the performance of the CNN relative to a tight-tolerance
fingerclip pulse oximeter in LOOCV. The SpO2 values predicted by the learned model near the Limits of
Agreement (LOA) reported in previous studies of clinical and non-clinical pulse oximeters, while evaluating
on a wider range of SpO2 levels [Luks and Swenson, 2020; Kelly et al., 2001; Muñoz et al., 2008; Lipnick
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Figure 3.2: Regression results, Bland-Altman comparison, and time series data from the varied FiO2
study. MAE averages to 5.00% (σ=1.90) over all 6 subjects in the study. R2 correlation averages to 0.61
over the full range of data gathered. The average difference (µ) and limits of agreement (LOA) average to
-0.72 and 9.68. Table: MAE and Bland-Altman statistics for CNN evaluation by LOOCV for each subject
(n=6) in the study. Regression: Predictions from smartphone data plotted against associated ground truth
SpO2 data collected via standalone pulse oximeter. Left hand is on top and right hand is on bottom. Bland-
Altman: Bland-Altman plots displaying the spread of predictions against ground truth. Time: Plots of
direct performance analysis of regression results. Model predictions (in red) and ground truth readings (in
blue) for the 6 subjects in the FiO2 study plotted against time of study.

et al., 2016]. Considering that the ground truth measurements from pulse oximeters exhibit similar variance
to these results, this indicates that the model has learned features in the PPG signal that are common across
subjects and the model is not simply mean-tracking. On the other hand, for Subjects 2, 3, and 5, the negative
trend in predictions and mean difference above the limits of agreement for most ground truth values in the
range 70% - 80% SpO2 reveals that the model is consistently over-predicting on SpO2 samples below 80%.
Notably, this is the first study to observe model performance below 85%, as no prior work has demonstrated
that smartphone-based sensing systems may perform poorly in this range.
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Figure 3.3: Classification results for the system. a Classifications overlaid on ground truth for each subject
with a 90% classification threshold and 88% decision boundary. b Summary statistics for classification
across subjects shows that classification performed better on certain patients, and overall achieved a 81%
sensitivity and 79% specificity rate at sensing whether a subject fell below a 90 % SpO2 level c ROC curves
for the classification of low SpO2, produced by thresholding the regression model. Classification accuracy
decreases as the classification goal is shifted lower, from 92% to 90% to 88%. The classification decision
boundary was varied to produce curves for all 3 classification goals, with each point plotted as the average
test classification False Positive Rate and True Positive Rate for all LOOCV combinations. The points that
are labeled on each curve are those closest to (0,1) for each classification threshold. The Area Under the
Curve (AUC) is .87 for the 90% threshold SpO2 level classification.
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3.2.2 Classification of hypoxemia

Rather than simply inferring an estimate for SpO2, a smartphone-based tool could be valuable for screening
for low SpO2, indicating whether or not further medical attention is needed. To explore the potential of
using an unmodified smartphone camera oximeter system as a screening tool for hypoxemia, we calculated
the classification accuracy of our model in providing an indication of whether an individual has an SpO2
level below three different thresholds: 92%, 90%, and 88%. A pulse oximetry value below 90% SpO2 is a
common threshold used to indicate the need for medical attention [Jones et al., 2003], but other thresholds
could be valuable clinically. Thus, we evaluate the ability of our system to classify samples from our test set
by thresholding the regression result from our model at different decision boundaries and comparing it to
whether the ground truth pulse oximeter simultaneously reports less than the threshold value. We compute
sensitivity (true positive rate) and specificity (true negative rate) across all combinations of LOOCV to
compute an average result. This experiment simulates the scenario where a smartphone screens a subject it
has never seen before, as the model was trained only on 5 other subjects from the dataset.

The results of this classification analysis can be seen in Fig.3.3. For classifying SpO2<90%, on average
across all 6 test subjects, our model attains a sensitivity of 81% for correctly classifying the positive samples
in our dataset of suspected hypoxemia, while maintaining a specificity of 79%. For classifying a subject
as below SpO2<92%, specificity increases to 86% with a sensitivity of 78%. Not all combinations of test
and train subjects displayed the same level of accuracy. In order to visualize classification accuracy across
our entire dataset, we varied the classification decision boundary for three classification thresholds that
may be clinically relevant, (92%, 90%, and 88%), and averaged the results across all 6 combinations of
LOOCV. The results of varying the decision boundary are plotted on the ROC curve in Fig. 3.3c. For the
SpO2<90% classification threshold, the highest accuracy (defined as the closest point to (0,1) on the ROC
curve) occurred when the classification decision boundary was set to 88% SpO2. A decision boundary of
90% on the regression result for the SpO2<90% classification task resulted in 92% sensitivity at identifying
hypoxemic cases alongside 35% false positives (sensitivity of 92% and specificity of 65%).

Classification on individual subjects can be seen in Fig. 3.3a. The model achieved the best performance
on Subject 4, with a sensitivity=88% and specificity=78%, reporting correctly 88% of the time when the
subject had a dangerous SpO2 level. Subject 1 displayed the lowest sensitivity to specificity tradeoff of 81%
to 73%. As noted in Discussion, the subject had significantly thickened skin on their fingers. Even though
the regression for this test subject produces a MAE = 8.56%, the classification result indicates that the
tool could still be helpful in determining whether or not the user should seek medical attention. Overall,
this classification result indicates that the current model is insufficient for medical use, but further research,
including collecting a larger data set from a wider array of subjects, may improve the accuracy in the future.

3.2.3 Data ablation

To understand how the accuracy of our model compares to previously published smartphone-based pulse
oximetry systems, we study how excluding subsets of the dataset affects the accuracy. Due to the larger
range evaluated in this study compared to prior studies, the overall MAE is not as low as prior studies.
However, a data ablation study reveals that, as subsets of the data with lower associated ground truth SpO2
readings are removed, the accuracy of our model nears that of other published work. Notably, none of
these proof-of-concept works were evaluated on data where a statistically significant portion of the SpO2
evaluation data was below 85%, whereas in our varied FiO2 dataset, the minimum SpO2 value included is
70% and the mean of all ground truth SpO2 levels is 87.1% (See Fig. 3.1c).

We train and evaluate our machine learning models against a similar dataset to these proof-of-concept
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Figure 3.4: Data ablation study. As shown by a data ablation analysis, our model achieves increased
accuracy at smaller ranges of data, such as that in prior studies evaluating above 80% SpO2 using a breath-
holding study technique. a Accuracy of our model improves when ablating our data to remove data below a
floor of lowest ground truth SpO2 readings. b Accuracy statistics from the ablation analysis show that Arms
and Limits of Agreement improve with a higher data floor. c Mean Absolute Error (MAE) of prior works
in smartphone-based SpO2 sensing that perform on datasets with SpO2 values in the range of 85% to 100%.
When the range of the data in our work is reduced to a similar range, we achieve comparable accuracy to
prior work. Note that Bui et al used attachments on the smartphone to enhance the photoplethysmographic
signal for inference while Ding et al and the present work use an unmodified smartphone camera [Ding
et al., 2018; Bui et al., 2020b; Carni et al., 2016]. d Sample statistics and MAE results for this varied FiO2
study are compared to a recent breath-holding study using smartphone cameras and deep learning [Ding
et al., 2018].

works using a data ablation technique. We first subsample our dataset so that we only include samples
with ground truth SpO2 above a floor threshold. We then retrain and evaluate our models to calculate a
sub-sampled MAE. Varying across possible thresholds, we observe a negative linear correlation between the
minimum SpO2 value included and the resultant mean absolute error, as can be seen in Fig. 3.4a. That is, as
we reduce the range of SpO2 values in our training and testing dataset, our models perform more accurately.
To directly compare to the performance of prior work from Ding et al. and Bui et al. (Fig. 3.4b), we set a
SpO2 threshold of 85%. While Ding et al. report a range of 73%-100%, their dataset shows that only .6% of
all samples are below 85% (Fig.3.1c), so we report this as a practical floor of 85% for comparison purposes.
At a floor SpO2 value of 85%, our model performs nearly as well as prior work with a mean absolute error
of 3.06%. With this analysis, we can be confident that our techniques are at least as reliable as prior works,
and likely benefit from the larger range of training examples.
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Figure 3.5: Signal extraction and deep learning pipeline a PPG signal extraction occurs after collecting
video data from the smartphone camera, applying empirically determined per-channel gains to ensure that
each channel is within a usable range (no clipping or saturating). Gains for the R, G, and B channels
were empirically determined and held constant throughout all subjects to avoid clipping or biasing towards
one channel. b Pre-processing of the data extracts the PPG signal for each channel by computing the
average pixel value of each frame. The mean of each channel value across the entirety of each frame was
used. c Training and evaluation was performed using Leave-One-Out Cross-Validation (LOOCV) by using
5 subjects’ data as the training set, holding one of these subject’s data as the validation set for optimizing the
model, and then evaluating the trained model on one test subject. d The deep learning model is constructed
of 3 convolutional layers and 2 linear layers operating on the input of 3 seconds of RGB video data (90
frames for 3s at 30fps). The output is a prediction of the current blood-oxygen saturation (SpO2 %) of the
individual, which was evaluated using Mean Absolute Error (MAE) compared to the ground truth standalone
pulse oximeter reading. e Equations for Loss and MAE that were used in training and evaluating the model.

3.3 Discussion: Machine Learning Data Representation

The classification results from this study indicate a direction to consider for enabling more accessible screen-
ing for hypoxemia via unmodified smartphones. Considering the unique positioning of smartphones in the
pockets of billions of people worldwide, it would be useful to not only reproduce the function of a pulse
oximeter in software, but also to provide an initial screen for clinically significant low SpO2 levels. The
COVID-19 pandemic highlighted this need for an affordable remote oxygen desaturation detection tool that
can be accurately and safely used for initial screening and monitoring, informing users whether or not they
should seek expert medical attention. This potential is important to consider, as software applications are
already being used in this manner even when those applications have not cleared the FDA regulatory re-
quirements [Jordan et al., 2020; digiDoc Technologies, 2013 (accessed August 10, 2020]. Our system is the
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first unmodified smartphone camera sensor to report accuracy at levels below 85% SpO2, and it achieved
relatively high sensitivity (81%) and specificity (79%) when classifying subjects with SpO2 below 90%.

This SpO2 prediction pipeline, including smartphone hardware, custom software application, data pro-
cessing, deep learning and evaluation, is summarized in Fig. 3.5. Overall, CNN modeling worked well on
this input data, learning a function that approximates the data in a non-linear fashion.

We designed our CNN architecture with three goals in mind. First, we chose the overall number of
layers in our model such that there are enough affine computations that the model could learn to approx-
imate the ratio-of-ratios model traditionally used in purpose-built pulse oximeters. Second, we included
convolutional layers to provide time-invariance to remain robust to inputs that start at different phases of the
heartbeat. Third, the ReLU activation function provided non-linearity, allowing the model to learn features
embedded in our wide-band input data, which has more noise than the narrow-band input of purpose-built
pulse oximeters traditionally used with a ratio-of-ratios model. Linear layers finally regress from these
high-level features to the SpO2 prediction.

We investigated other types of models, as well, but were not able to achieve better performance than our
CNN model. While the ratio-of-ratios approach from [Nemcova et al., 2020] has some predictive power on
this full range of smartphone camera data (average MAE=7.12, σ=1.64), it does not infer SpO2 as accurately
as our CNN model (Supplementary Figure 1). This is likely because our CNN model, having more param-
eters and derived features, handles noise in the signal better than the ratio-of-ratios model. Even so, the
fact that the ratio-of-ratios model showed some correlative power (average R2=.21, σ=0.20) is encouraging,
suggesting that it and the CNN model could have modeled a similar underlying phenomenon. Future work
may leverage gradient-weighted activation mappings to further investigate this relationship.

Statistically, our study does not indicate that this smartphone method of measurement and deep learning
approach is ready to be used as a medical device comparable with current pulse oximeters, but further
studies could be conducted to develop the method and validate for medical use. A Wilcoxon signed-rank test
indicates that our observed MAE differences are large enough to reject a null hypothesis that the measures
are equivalent with p=0.03, even though the sample size is small (n=6). The ISO standard 80601-2-61:2017
for safety of pulse oximeter devices indicates that at least 10 subjects with diverse skin tones should be
tested and result in a root-mean-squared error (Arms) below 3.5%, which indicates that more subjects should
be tested before we can determine whether this method is accurate enough for clinical use [Food et al., 2013;
Clinimark, 2010 (accessed August 9, 2020; Batchelder and Raley, 2007]. In addition, an Arterial Blood Gas
(ABG) measurement should be used as ground truth for comparison, and a single model would need to be
trained prior to testing on these 10 subjects, rather than the LOOCV procedure that was used in this study.

In addition, we investigated whether heart rate (HR) or respiration rate (RR), which are correlated with
acute drops in SpO2, were major contributing factors to model accuracy. We found that encoding the input
data as 3 beats at 60bpm, effectively removing heart rate as a discernable feature from the input data, only
reduced the accuracy of the model by 0.35 to an average MAE=5.35 (σ=2.20), indicating that HR was not a
major contributing factor to model performance (Supplementary Figure 3). RR was not encoded in the input
data, as 3 seconds is not enough time to see a single breathing cycle for subjects resting in a reclined position.
Overall, this level of performance on a relatively small test subject sample (n=6 subjects with s=12108 total
samples) indicates that the model accuracy could increase if more training samples were gathered from
further varied FiO2 experiments, representing a larger range of potential users of the system.

For this study, camera settings were locked during data gathering by presetting auto-balancing and man-
ually enhancing color gain, which are unique steps in our data collection system relative to prior works in
this area. Camera image capture is variably exposed based on three factors: exposure time, sensor sensitivity,
and aperture. For RGB cameras used in smartphones, all three color channels typically use the same expo-
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sure time and aperture settings. Even though the Bayer filter pattern of CMOS camera sensors is designed to
sense twice the green light photons per area, it is sometimes not possible to measure all three channels with
high dynamic range simultaneously. Both oxygenated and deoxygenated hemoglobin have a significantly
higher absorption coefficient in the blue and green wavelengths than for the red wavelengths by about two
orders of magnitude. Thus, it would not be possible to measure all three wavelengths simultaneously under
the same exposure. If the hardware sensor’s sensitivity to a particular color is too high or too low, pixel
values for that color may clip by recording the minimum or maximum value of 0 or 255. Because phones
use an 8-bit precision scheme for storing pixel data, the pixels will all be rounded to 0 and small changes
in that color will be lost. In our application, red is the most dominant color, and prior work has shown that
with the use of white balance presets for incandescent light, the tones between blue and green can be ampli-
fied [Karlen et al., 2013]. Software advancements in smartphone image processing pipelines now provide
more independent control of each color channel’s exposure through independent per-channel amplifier gain
settings. By having control of independent amplifier gain settings, we can balance the exposure settings to
amplify the blue and green channels, as shown in Fig. 3.5a.

We see particularly aberrant performance on subject 1 with MAE=8.56. We suspect this is due to
exacerbated tissue noise on the subject’s fingers from thickened skin, which is not represented in the rest
of the training data. This subject was noted to be the only subject in the study with noticeable calluses
on their fingertips, and the subject indicated this was due to sports. We investigate the data obtained from
this subject more closely in Fig. 3.6b and observe that the PPG signals for subject 1 show nearly 50%
dampened oscillations (AC signal component) and 50% higher average value (DC signal component) than
other subjects. We hypothesize that these abnormal features are a result of the calluses. Specifically, an
abnormally thick layer of tissue on the finger would absorb more light in the blue and green spectra. Because
our device’s sensor has fixed sensitivity, the abnormally attenuated light in the blue and green spectra results
in poor measurement of the pulsatile blood and altered spread in color channel values. With a small training
set of 4 subjects including no other examples of subjects with fingertip calluses, the model cannot learn to
account for these tissue differences. We anticipate the model could learn to account for tissue abnormalities
if trained on more subjects or if adaptive gain settings were employed to gather data that ensured a similar
oscillation amplitude in the AC signal for the input data collected by the smartphone.

From this limited dataset, we are unable to make definitive conclusions regarding the effect of skin tone
or sex on smartphone pulse oximetry. Our test subjects included 1 subject with a dark skin tone (subject
2 identified as African-American) and 5 subjects with a light skin tone (all other subjects identified as
Caucasian), as seen in Fig. 3.6c. Our model does not appear to perform differently based on skin tone with
this limited dataset, as the results for subject 2 fell in a similar range as other subjects, as seen in Fig. 3.2.
However, it has been shown that standalone pulse oximeters, such as the one used as the ground truth in
our dataset, can produce decreased accuracy on patients with darker skin tones [Feiner et al., 2007; Gottlieb
et al., 2022]. Based on our study, we do not claim any findings around model performance based on skin
tone, but that should be evaluated in future studies. Our model also does not perform differently on any
subset of our 3:3 female:male sex split. Analyzing performance of our model to users of different skin tones
and biological sexes is important, but will require further work to understand.

Our results, in this pilot study of 6 subjects, provide a positive indication that a smartphone could be
used to assess risk of hypoxemia without the addition of extra hardware in the future. In order to validate
and enable this, we would recommend gathering more data with a smartphone in varied FiO2 studies that
induce hypoxemia to increase the training data variety and the accuracy of the deep learning model. With
an improved model, we could set up user studies in which the app is used in conjunction with a standalone
pulse oximeter to measure the accuracy of the software-based solution in real-world scenarios. Usability of
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the smartphone-based measure could be explored to further enhance the clinical applicability of the findings
[Alexander et al., 2017; Hudson et al., 2012]. Further analysis could involve processing or preparing this
type of dataset differently, including exploring the use of different ROIs for signal extraction [Karlen et al.,
2012] and gathering the data differently to study the effect of preset camera gains. Additionally, different
phone models have different camera sensor configurations and thus the cross-device compatibility of a model
should be tested. We would also like to see what others in the community can do with the open-source FiO2
data that we are providing alongside this paper. More development and testing could allow this tool to
become beneficial for low-cost clinical management of individuals with chronic respiratory conditions, such
as COPD, as well as acute respiratory diseases like COVID-19.

3.4 Methods: A New Dataset for Smartphone Oximetry

3.4.1 Study Design and Data Collection

Study Design 6 healthy test subjects were recruited and enrolled to participate in a varied FiO2 study to
evaluate the efficacy of using unmodified smartphone cameras in pulse oximetry. The varied FiO2 study was
performed using the varied fractional inspired oxygen protocol administered by a clinical validation labo-
ratory, Clinimark, which is a group that performs validation services for medical devices [Clinimark, 2010
(accessed August 9, 2020]. This experiment was approved by the Institutional Review Board at Clinimark.
Written informed consent for each participant was obtained prior to commencing the test procedure. Six
subjects were administered controlled fractional mixtures of medical grade oxygen-nitrogen in a controlled
hospital setting for 14-19 minutes. The subjects rested comfortably in a reclined position while the gas
mixture was given to induce hypoxemia in a stair-stepped manner. The mixture of oxygen was started at 18-
21% and was adjusted downwards in a stair-stepped manner every 1-2 minutes. The goal was to maintain the
subjects’ SpO2 level on a plateau for 30 seconds, with 4 discrete levels within the following ranges: above
93 (subject’s resting SpO2 level breathing room air), 89-93, 80-88, 70-79. During this time, the subjects’
fingers were instrumented with multiple transmittance pulse oximeter clips and two smartphone devices,
with the smartphone device on the index finger of each hand. In the controlled hospital setting, the ambient
light was kept at a constant level of a controlled fluorescent white light and the position of the smartphone
did not change between subjects. The ground truth data was recorded using multiple purpose-built pulse
oximeters, including a tight-tolerance finger clip pulse oximeter acting as a transfer standard, the Masimo
Radical-7, which has a tested Arms of 2% between 70%-100% and 3% between 60%-80% SpO2 and was
used as ground truth in this evaluation [Masimo, 2020 (accessed August 10, 2020, 2021 (accessed November
5, 2021]. Variation in ground truth between the tight-tolerance pulse oximeter chosen as a transfer standard
(Masimo Radical-7) and other reference pulse oximeters (which were placed on different fingers on differ-
ent hands) averaged less than 1, measured in the absolute value of the mean difference between all samples,
but varied widely in Limits of Agreement, highlighting the differences between approved pulse oximeters
(Supplementary Figure 5). Subject characteristics and data statistics can be seen in Fig. 3.6c. Subject obser-
vations were recorded, including the observation that one subject, Subject 5 in the analysis, had particularly
callused hands. A trained administrator monitored the subjects’ vitals, including SpO2, pulse rate, EtCO2,
respiration rate, ECG rhythm, and FiO2, for any abnormalities and would intervene if deemed necessary.
The subjects were informed that they could stop the test at any time. The target for minimum SpO2 level was
70%, as that is the level above which the ground truth pulse oximeter was validated as accurate, but some
subjects’ SpO2 level drifted below 70% briefly during testing and data in that range was excluded from the
study (Supplementary Figure 4).
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Figure 3.6: Analysis of collected data. Visualization of PPG data, derived from smartphone videos, reveal
the effects of camera gains settings and skin tissue differences on the input signal for our deep learning
model. a PPG signal using auto-balance from a prior study [Ding et al., 2018] vs custom empirically
determined gain settings from this study. In the left image, the green channel is clipped so that the dynamic
range becomes so low that the AC variation in the signal cannot be observed. In the right image, the
pulsation is visible in all three channels. This shows how standard smartphone camera settings, designed for
photography, can reduce the information available to smartphone-based systems for accurate SpO2 sensing.
b Skin tissue aberrations (such as calluses seen in Subject 1’s fingers) can affect the quality of data available
for SpO2 sensing. At left, the raw data in the red, blue, and green channels for Subject 1 are dampened
and the oscillating portion of the signal cannot be observed at a resolution of 300 frames. At right, the
oscillations can be clearly seen for Subject 2 at the same resolution. This abnormality is likely due to
Subject 1’s callused tissue on the fingers. c Subject breakdown for the FiO2 study and ground truth data
statistics (in SpO2 %) for each subject. The average difference between mean and median for each subject
is 1.58, showing minimal skew. Skin tone was recorded based on appearance of the skin on the subjects’
hand. The average length of each subject’s test run is about 16 minutes.
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Smartphone Device Configuration and Setup We collected camera oximetry data with a Google Nexus
6P, recording video at 30 frames per second in a custom video capture application developed in Java using
Android Studio. The device was specifically configured so that camera exposure settings in the camera
hardware did not change throughout the entire study. Color gains were set to 1x for the red channel, 3x
for the green channel, and 18x for the blue channel. These gains were chosen empirically by manually
analyzing the impact of gain value adjustments on 20 healthy individuals to find gain values that avoided
data loss due to compression and obtained optimal signal quality (see Fig. 3.6a). The Android camera2
API was used to set a target framerate of 30 fps and the phones were plugged in and kept cool with ice
packs so the framerate did not dip below 30 fps during the recording. During the varied FiO2 study, because
the device could overheat from recording continuous video with flash enabled for more than 1 minute, we
placed clay ice packs around the device to keep its temperature down for the 14-19 minute duration of the
study. The ice packs were placed strategically to avoid contact with the hand.

Data pre-processing For each hand on each subject, we recorded an ordered list of n RGB image frames,
each with 176 × 144 pixels. To obtain a PPG signal, we computed the mean pixel value for each color
channel and obtained a 3 × n-shaped matrix of values. Each hand of each subject is treated as a unique
subject in the display of results. We divide the data into samples for each 1-second (30 frames) window,
combining the 3 seconds (90 frames) of sample RGB data centered on 1 ground truth SpO2 reading as one
sample. This provides over 8000 training examples (4 subjects) to our models, with about 2000 samples (1
subject) held out for both the cross-validation and test set for each configuration of LOOCV. Samples under
70% SpO2 are removed prior to training and validation, as the samples gathered below 70% were a result of
incidental over-shooting of the intended study range of 70-100% and were not represented in every subject.

3.4.2 Machine Learning and Models

Convolutional neural network We applied a CNN machine learning model, detailed in Fig. 3.5. We
designed and trained a network with three convolutional layers followed by two fully connected layers.
For the first convolution, we treat the RGB channel components of our signals as a second dimension and
use kernel sizes of 3 × 3 with no padding. We normalize and standardize both training and validation
datasets based on a weighted channel-wise mean and standard deviation of the training dataset, where the
weights are scaled by the length each subject’s data collection. A 3 second sample (90 samples at 30 Hz)
was chosen as input based on our intuition that it would provide enough input data for the model to see
multiple heartbeats for inference, remaining robust to brief sources of noise from movement, while also
keeping in mind usability by keeping the length of required recording to a short length. This input choice
was validated via hyperparameter search, which optimized model structure, input data, and regularization
parameters based on mean cross-validation set loss across all rounds of LOOCV. The model is trained using
the Adam optimizer with a learning rate of 0.00001 (with a rate decay by 0.1 after 80 epochs) and an L2
regularization of strength 0.1, using LOOCV with five subjects in the training set (with one held out for
cross-validation) and tested on the remaining subject after optimization. We optimize model weights on
the cross-validation subject with Mean Squared Error (MSE) as our loss function and report the accuracy
of the results by computing the MAE (Fig.3.5e) on the test subject. Hyperparameters were selected in a
hyperparameter search using the LOOCV method, selecting those parameters based on the lowest average
cross-validation MAE prior to final model training. The model is built and trained using the PyTorch library.
In addition to testing a CNN model, we attempted to model the data and infer SpO2 accurately using a few
different models, including a linear regression model and a ratio-of-ratios model. We achieved the highest
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accuracy when the CNN was applied, so we conducted our analysis on that model, but also report our results
from the ratio-of-ratios model in Supplementary Figure 1.

Model Benchmark For comparison, we implemented and applied a ratio-of-ratios model as described in
[Nemcova et al., 2020] to our data. We apply a variation of the technique in [Nemcova et al., 2020], applying
their technique to each 3 second sample from our data where the PPG signal is stable. To do this, we first
segmented each beat and extracted the slopes and heights of systolic peaks. Partial beats on the edge of the
sample window were dropped. The average of the slopes and heights from the red and green color channels
were used to calculate the SpO2 using eq. 1 from [Nemcova et al., 2020] with the appropriate absorption
coefficients. Finally, we fit a linear regression from the calculated SpO2 values and ranges of the RGB
channels to the ground truth. We analyzed the regression performance of this model, and the results can be
seen in Supplementary Figure 1.

3.4.3 Statistical Analysis and Data Availability

Statistical analysis We identified and evaluated two potential usage scenarios for a software-based oxime-
try solution on a standalone smartphone: (1) as a replacement for traditional pulse oximeters by regressing
a continuous SpO2 value, and (2) as an at-home screening tool to inform the need for a follow-up with a
physician by classifying regression results as below a particular threshold.

We explored the first scenario of pulse oximetry measurement by performing a regression analysis,
comparing our smartphone measurement to a purpose-built pulse oximeter with error and Bland-Altman
metrics. In our performance assessment, we evaluated models using Leave-One-Subject-Out cross valida-
tion (LOOCV). Specifically, we evaluated six validation splits, holding one subject out as the test set in each
split (Fig.3.5c) and averaging the test MAE for the overall reported MAE (Fig.3.2). Signed rank test and
skew were computed using the statsmodels library in Python 3.8.

For Bland-Altman analysis, we see minimal skew in our differences with skew=0.64. Therefore, we
calculate Limits of Agreement assuming a normal distribution by computing 1.96 times the standard devia-
tion of the difference between the ground truth and predictions of the validation dataset [Bland and Altman,
1999]. We visually examined the ground truth distributions of the splits to ensure there was not a heavy
imbalance in the dataset. We experimented with upsampling t he minority SpO2 range within each training
batch. In practice, this increases the weight of mistakes that are made on examples in the minority SpO2
range. By weighting the minority SpO2 range mistakes, the model should learn features that improve per-
formance on these examples. However, this had little effect on the performance of the model, so most of our
experiments were performed without upsampling. We compared the performance of algorithms using Mean
Absolute Error and reported Arms and R2.

We explored the second scenario of hypoxemia screening by performing a classification analysis, thresh-
olding the ground truth recordings below 3 different SpO2 levels (92%, 90%, and 88%) and comparing it to
our thresholded regression result. We examined the true positive (sensitivity) and true negative (specificity)
rates at different screening decision boundaries (92%, 90%, and 88%) to illustrate the potential performance
of the system for use in hypoxemia screening. To interrogate the potential to adjust this decision boundary
to bias towards sensitivity or specificity, we varied the decision boundary across the range of 70%-100%
and plotted ROC curves for each subject using LOOCV.
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3.5 Conclusion: Representative Data Collection in Machine Learning

In machine learning for health sensing applications, training and testing the resultant health tool on data
that is representative of the target population in both healthy and sick states is needed to demonstrate that
such a diagnostic tool would be useful in healthcare situations. My study was the first to measure accuracy
of smartphone pulse oximetry on a range of ground truth readings significantly below 90%, the threshold
below which many clinicians agree further medical attention and treatment is necessary. Prior studies in
smartphone-based pulse oximetry used different methods to gather training data, which did not allow this
analysis. Those studies revealed that machine learning may be possible, but mine was the first to test this
hypothesis all the way down to below 70%.

Designing the data collection based on the medical regulatory requirements worked in this case to pro-
duce good results at ranges that were previously unexplored, paving the path for future work that may
increase the accuracy of these methods to be usable in medical practice. It also paves the way for looking
at other biomarkers in a similar manner, such as those described in the following chapters of my thesis.
Next, we’ll look at how smartphone cameras can be configured to noninvasively detect the concentration of
hemoglobin in blood.
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Chapter 4

Measuring Blood Hemoglobin
Concentration Non-Invasively Using a
Smartphone Camera

4.1 Background, Summary, and Related Work

Background: Data Augmentation for ML Training in Health

As we saw in the previous chapter, theory and practice show that machine learning models for healthcare per-
form best for patients when the physiological underpinning is well-understood, the sensor (general-purpose
or designed) can measure the expected signal, and a fully representative spread of data is gathered to train
the model. In those cases, we can be confident that the trained model fully represents the potential set of
patients who could use the diagnostic tool. Most importantly, we can be confident that the diagnostic tool
can perform accurately not only in cases when the patient is healthy, but also in cases when the patient is sick
and needs medical attention. This is crucial for establishing an adequate sensitivity vs specificity tradeoff
for all patients who may use that diagnostic (or utility vs specificity as described in Figure 1.2). However,
practical considerations in study design and patient recruitment can intervene, giving cases in which the
relevant range of data is difficult to obtain. For example, if the treatment is highly accessible or the lack of
treatment can be very dangerous, the treatment is necessarily applied quickly, helping the patient to recover
and simultaneously reducing our ability to gather training data that would be helpful in developing the new
diagnostic.

This was our experience in the case of pediatric anemia. I, along with my collaborators at MyOr, were
interested in trying to build a smartphone-based screening tool for the pediatric population. Treatments, such
as iron supplements, can be relatively affordable and available in many cases, which means that pediatric
patients can benefit greatly from low-cost anemia screening. It also means that it can be difficult to gather
training data from patients exhibiting anemia, as they are often already treated, especially in the hospital
setting in which we gathered the data. Even though the physiological explanation, that hemoglobin is the
major component of blood that reflects red light, was fairly convincing, and prior research showed that
simple machine learning techniques, like a multi-linear regression model, can give a good result, we could
not gather an adequate range of data for this study. Therefore, we looked to machine learning literature
and employed data augmentation techniques, particularly SMOTE, which enabled us to balance the training
data for our model. In this study, we showed that more accurate hemoglobin sensing across the full range

31



of patients in a pediatric setting may be plausible and demonstrated that computational techniques can be
applied to data from commodity sensors to reveal the signal of interest out of the noise to improve access to
healthcare.

Summary

We conducted a study to determine whether data collected from a smartphone camera can be used to detect
anemia in a pediatric population.

HEMO-AI (Hemoglobin Easy Measurement by Optical Artificial Intelligence), a clinical study carried
out from December 2020 to February 2023, recruited patients from the Pediatric Emergency Department,
Pediatric Inpatient Department and Pediatric Hematology Unit of the Haemek Medical Center, Afula, Israel.
A population-based sample of 823 patients aged 6 months to 18 years who had undergone a venous blood
draw for a complete blood count since being admitted to the hospital were enrolled. Patients with total
leukonychia, nailbed darkening or discoloration due to medication, nail clubbing, clinically indicated jaun-
dice, subungual hematoma, nailbed lacerations, avulsion injuries, or nail polish applied on fingernails were
not eligible for study recruitment. Video and images of the patients’ hand placed in a collection chamber
were collected using a smartphone camera.

823 samples, 531 from a 12.2 megapixel camera and 256 from a 12.2 megapixel camera, were collected.
26 samples were excluded by the study coordinator for irregularities. 97% of fingernails and 68% of skin
samples were successfully identified by a post-trained machine learning model. Separate models built to
detect anemia using images taken from the Pixel 3 had an average precision of 0.64 and an average recall
of 0.4, whereas models built using the Pixel 6 had an average precision of 0.8 and an average recall of 0.84.
Further supplementation of training data with synthetic data boosted the precision of the latter to 0.84 and
the average recall to 0.87.

This study lays the groundwork for the future evolution of non-invasive, pain-free, and accessible anemia
screening tools tailored specifically for pediatric patients. It identifies important sample collection parame-
ters and design, provides critical algorithms for the pre-processing of fingernail data, and reports an initial
capability to detect anemia with 87% sensitivity and 84% specificity.

Related Work

The emergence of artificial intelligence (AI) in healthcare has begun to transform diagnostics, and as of
October 2022, the FDA has approved 521 artificial intelligence and machine learning-enabled medical de-
vices [Joshi et al., 2024]. Nearly 3% of these approved devices are hematology devices and include several
devices for the analysis of blood taken for a complete blood count (CBC). To date, an entirely non-invasive
AI-enabled device for blood component monitoring has yet to receive FDA approval.

Anemia is defined as either a reduced absolute number of circulating red blood cells (RBCs), a diminu-
tion in the volume of occupied RBCs, or an insufficiency of the RBCs to meet physiological oxygen-carrying
capacity needs.2 It is the most widespread hematological condition globally and affected 42% of children
under 5 years of age in 2016 [Chaparro and Suchdev, 2019]. Anemia is associated with negative health out-
comes in the pediatric population, including delayed cognitive and behavioral development and functioning
[McCann and Ames, 2007; Beard, 2003]. Clinical symptoms of anemia include fatigue, shortness of breath,
palpitations, and clinical pallor [Gallagher, 2022].

Anemia is most often diagnosed through a venous blood draw in the clinical setting, relying on several
blood parameters, including hemoglobin (Hb), hematocrit, RBC count, mean corpuscular volume, and oth-
ers. Whereas Hb often provides the first clue as to an individual’s status, the other measurements, coupled
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Figure 4.1: Overview of data collection and processing pipeline. (a) Signal extraction occurs by col-
lecting 5–15 s of video on a smartphone camera from the patient’s hand situated in a collection chamber.
The video is then parsed to individual frames. (b) Individual frames are put through a set of pre-processing
steps. The post-trained YOLO model detects a swatch of skin from the middle finger and the four fingernails
from the index, middle, ring, and little fingers. The skin swatch is matched to its corresponding monk skin
tone. The fingernail images undergo a quality scoring and resizing pipeline, at the end of which a composite
image of the top 100 fingernail frames is generated. The gain from 15 different color channels is extracted.
(c) Three distinct models were trained and evaluated. The upper panel depicts the development of a model
using images collected with a GP3, the middle panel depicts the development of a model using images col-
lected with a GP6, and the lower panel depicts the development of a model using images collected with a
GP6, which was supplemented with SMOTE-generated images for the training of the model.
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with a detailed clinical history, are used in diagnostic algorithms to pinpoint the cause of anemia [Tefferi,
2004; Moscheo et al., 2022]. The World Health Organization’s recommendations on the use of Hb concen-
tration for diagnosing anemia, which has been widely accepted since its publication, provide a summary
table outlining blood Hb levels to diagnose anemia stratified by age, sex, and pregnancy. Importantly, it
states that children from 6 months to 14 years of age are non-anemic if their blood Hg level is higher than
11–12 grams per deciliter [Organization et al., 2011].

The bulk of anemia screening is carried out in the healthcare setting through the CBC, a routine medical
procedure requiring a venous blood draw and specialized machinery. At scale, the CBC is the most accurate
and cost-effective anemia screening methodology. However, it necessitates an invasive and painful blood
draw by a trained professional, does not provide instantaneous results, and relies on expensive machinery
and trained technicians [Wemyss et al., 2023]. This makes it particularly inaccessible in underdeveloped
countries. The HemoCue, introduced in 1980, attenuates, but does not alleviate, these pain points, as it
requires blood from a finger prick and specialized machinery, yet can provide results in about 1 minute
[Cohen and Seidl-Friedman, 1988]. A further advancement in attenuating some of the pain points associated
with the CBC came with the introduction of the Masimo Radical-7 SpHb Station which allows for entirely
non-invasive blood measurement, albeit at the cost of precision [Causey et al., 2011]. Importantly, the unique
absorption spectra of Hb and its derivatives were characterized nearly a century ago [Horecker, 1943].

Recognizing the need for a noninvasive and accessible tool for anemia detection and taking into account
the known colorimetric element of anemia (i.e., pallor at distinctive anatomical sites), a flurry of studies have
explored the feasibility of using a smartphone for blood Hb measurements in the past few years [Wemyss
et al., 2023]. Many of these studies have employed machine learning because it can create an objective
function out of previously subjective measures in multifactorial scenarios, such as that in anemia screening
where blood coloration in fingernails, noise from ambient lighting, skin tone, and age can all play a role.
Each study addresses the inherent combined challenges of ambient lighting, feature selection, color chan-
nels, and model input slightly differently, and together paint a promising picture of the future of anemia
detection using smartphones. However, studies suffer from small sample sizes, ranging from 29 to 344
individuals, and all but one include data solely from adults. Therefore, there remains a need to develop
a smartphone-based anemia screening technology suited for the pediatric population using a robust and
representative dataset with broad applicability to the greater population.

4.2 Methods: Augmenting Unbalanced Data

4.2.1 Participant recruitment and selection criteria

Patients were recruited from the Pediatric Emergency Department (PED), Pediatric Inpatient Department
(PD), and Pediatric Hematology Unit (PHU) of the Haemek Medical Center, Afula, Israel from Decem-
ber 2020 until February 2023. Written informed consent was obtained by parents/guardians of enrolled
participants according to the approved protocols and procedures received from the Helsinki Committee of
the Haemek Medical Center (study name: HEMO-AI, approval number 0150-20-EMC). The study was
prospectively registered on www.clinicaltrials.gov (Identifier: NCT04573244) on 15 September 2020, prior
to subject recruitment. Enrollment criteria can be found in this article’s Supplementary Methods Section.

4.2.2 Data Collection

Patients were instructed to place their hands in a customized chamber, described in the Supplementary Meth-
ods Section and in Supplementary Figure C.1, in a splayed position for data collection. An Android-native
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application (app) was designed and developed for the purpose of the study data collection, described further
in the Supplementary Methods Section. The app was loaded onto a phone (GP3) with a 12.2 megapixel
rear-facing camera and on a separate phone (GP6) with a 50 megapixel rear-facing camera.

4.2.3 Data Preprocessing

Fingernails from patient images were manually tagged and used to post-train an object-detection classifier,
YOLOv8 (You Only Look Once), to detect patient fingernails from a set of images [Redmon et al., 2016].
A histogram representing the color intensity was constructed for 15 color channels and was input into the
machine learning model. Additionally, a 50×50 pixel area of skin from the middle finger was detected and
automatically matched to its corresponding monk skin tone (MST) swatch which was input into the machine
learning model along with the relative error of detected MST to account for inter-level variability [Schumann
et al., 2023]. Figure C.1(a) and (b) depicts the data preprocessing workflow and further information on the
data preprocessing pipeline can be found in this article’s Supplementary Methods Section.

4.2.4 Anemia Classification Algorithms

XGBoost, a scalable gradient-boosted decision tree machine learning algorithm15 was trained on 80% of
the clinical dataset and then tested on the remaining 20% of the dataset [Chen and Guestrin, 2016]. A
twofold cross-validation was performed for each model iteration whereby the training set was split in half to
optimize the model hyperparameters. Eight independent test-train splits were conducted and eight separate
classification models were built to observe the reproducibility and consistency of the model when trained
with different samples. The Synthetic Minority Over-sampling Technique (SMOTE) was used to generate
additional artificial anemia examples for the train set [Chawla et al., 2002]. Figure C.1(c) depicts the training
and evaluation pipelines. Model hyperparameters included a maximum tree depth of 3, a learning rate of
0.5, a Logloss loss function, and grid search for hyperparameter tuning. Model development was performed
using Sklearn in the Python 3.8 object-oriented programming language. Performance evaluation metrics
included recall (sensitivity), accuracy, precision (positive predictive value), f1 score, and area under the
curve (AUC) of the receiver operating characteristic (ROC) curve.

4.3 Results: Anemia Classification with a Smartphone

4.3.1 Clinical study results

We collected 823 clinical samples from pediatric patients who visited the PED, and PHU from patients who
were hospitalized in the PD at HaEmek Medical Center. About 36 samples were excluded by the study
coordinator for irregularities, including fingernails that were photographed with fingernail polish. Samples
were collected using a GP3 from December 2020 until June 2022 (n=531) and then using a GP6 from June
2022 until February 2023 (n=256). Figure 4.2 depicts a CONSORT diagram presenting sample collection.
Most samples were collected in the PED from patients as they underwent a CBC, with an additional ∼10%
of samples gathered in the PHU and PD from patients whose CBC had been previously recorded and were
found to be anemic. Anemic patients were significantly older than non-anemic patients in the first round of
sample collection (p<0.01, Table 4.1), whereas anemic patients were significantly younger than non-anemic
patients in the second round of sample collection (p<0.0001, Table 4.1). No significant differences were
noted for sex between anemic and non-anemic patients in either round of sample collection. Histograms
depicting the distribution of both data sets are presented in Supplementary Figure 4.2.
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Figure 4.2: Flow diagram of patients enrolled in the Hemoglobin Easy Measurement by Optical Arti-
ficial Intelligence (HEMO-AI) study.

4.3.2 Fingernail Detection

We developed a model to autonomously distinguish fingernails and skin sections from other sections of
the parsed images, serving as essential inputs for the subsequent algorithm designed to quantify blood Hb
concentrations. A pre-trained machine learning YOLO model was post-trained using 329 tagged images of
the patients’ fingernails and representative skin section. The model’s performance was then tested on 44
images. The model successfully identified 97% of fingernails and 68% of skin samples. Figure 4.3(c) and
(d) depicts the confusion matrix and the associated precision-confidence curve for the fingernail detection
process along with a set of representative training (Figure 4.3(a)) and representative test samples (Figure
4.3(b)). Fingernails detected from images or videos taken with the GP3 were each 20×20 pixels (400 pixels
total), whereas fingernails detected from images or video taken with the GP6 were 80×80 pixels (6400 pixels
total).

4.3.3 Anemia Classification Model

About 8500 fingernail images from 85 anemic patients and 34,900 fingernail images from 349 non-anemic
patients were taken with a GP3 and separately, 4200 fingernail images from 42 anemic patients and 18,900
fingernail images from 189 non-anemic patients taken with a GP6 were used to train and validate eight in-
dependent iterations of the XGBoost model. Importantly, all 100 images from each individual were pooled
together and presented as one composite image to either the train or test dataset once per model iteration.
Samples with a blood Hb level below 11 g/dL were classified as anemic, whereas samples above 12 g/dL
were classified as non-anemic. The mean accuracy for the model using images taken from the GP3 phone
was 0.51 with an average precision of 0.64, average recall of 0.4 and an average ROC AUC of 0.53. The
mean accuracy for the model using images taken from the GP6 phone was 0.79 with an average precision of
0.8, average recall of 0.84 and an average ROC AUC of 0.81. Supplementary Table C.1 presents the metrics
of each of the eight independent test-train iterations. To train the model on a more balanced anemia/non-
anemia sample set, we used the SMOTE computational technique to generate new artificial anemia samples
for the training set (n=118). We trained 20 independent iterations with corresponding random and indepen-
dent train-test splits of the XGBoost model. The mean accuracy for the model using images taken from the
GP6 phone was 0.85 with an average precision of 0.84, average recall of 0.87, and an average ROC AUC of
0.93. Supplementary Table C.2 presents the independent metrics of each of the 20 test-train iterations and
Figure 4.4 presents the average ROC curve with the corresponding mean AUC and CI. The mean sensitivity
of these models is 87% and the mean specificity is 84%.
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Figure 4.3: Automatic fingernail detection. (a) A set of representative training samples for the post-
training of the YOLO fingernail and skin detection model. (b) A set of representative labeled samples tagged
by the post-trained YOLO fingernail and skin detection model. (c) Confusion matrix for the fingernail, skin,
and background detection process. (d) Precision recall curve for the model is shown. Precision represents
the positive predictive value of the algorithm, whereas recall represents the sensitivity of the model.
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GP3 GP6
>12 g/dL Hb <11 g/dL Hb p-value >12 g/dL Hb <11 g/dL Hb p-value

n=349 n = 82 n = 189 n = 42
Age (median [IQR]) 12 [8.00, 15.00] 8 [2.25, 18.50] 0.207 12 [8.00, 14.00] 5 [2.00, 10.75] <0.001

Sex = male (%) 213 (61.0) 49 (59.8) 0.931 109 (57.7) 20 (47.6) 0.31
WBC (median [IQR]) 8.77 [6.81, 12.09] 9.54 [6.51, 14.46] 0.211 9.11 [6.78, 11.97] 10.52 [6.54, 15.83] 0.418
NEUT (median [IQR]) 66.2 [54.00, 79.60] 55.6 [48.43, 69.02] <0.001 66.4 [54.25, 81.30] 65.9 [53.23, 77.57] 0.505
LYM (median [IQR]) 24.4 [12.75, 33.70] 29.9 [18.32, 39.40] 0.001 24 [11.40, 32.95] 22.9 [13.10, 31.30] 0.699
MPXI (median [IQR]) 0.8 [1.80, 3.40] 3.6 [1.93, 5.82] 0.004 9.65 [6.40, 12.57] 10.15 [6.62, 12.03] 0.966

MONO (median [IQR]) 4.9 [3.85, 5.90] 5.1 [4.20, 6.70] 0.039 5.3 [4.20, 6.30] 4.5 [3.60, 5.80] 0.069
EOS (median [IQR]) 1.4 [0.60, 2.60] 1.5 [0.60, 2.87] 0.674 1.5 [0.50, 3.10] 0.95 [0.40, 1.58] 0.02

BASO (median [IQR]) 0.4 [0.25, 0.60] 0.6 [0.40, 0.80] <0.001 0.4 [0.30, 0.60] 0.4 [0.20, 0.60] 0.505
LUC (median [IQR]) 1.8 [1.20, 2.50] 2.3 [1.67, 3.30] <0.001 1.5 [1.00, 2.10] 1.7 [1.30, 2.70] 0.06
RBC (median [IQR]) 4.86 [4.59, 5.06] 3.69 [3.27, 4.45] <0.001 4.89 [4.65, 5.17] 4.26 [3.54, 4.71] <0.001
HCT (median [IQR]) 39.3 [37.70, 41.62] 29.4 [25.70, 32.00] <0.001 39.7 [38.20, 42.10] 31.35 [28.08, 32.27] <0.001
HB (median [IQR]) 13.2 [12.60, 13.90] 9.7 [8.43, 10.40] <0.001 13.1 [12.50, 13.90] 10.3 [9.00, 10.70] <0.001

MCV (median [IQR]) 82.5 [79.20, 85.40] 77.2 [70.90, 83.00] <0.001 82.3 [79.10, 85.50] 74.9 [67.17, 76.95] <0.001
MCH (median [IQR]) 27.7 [26.60, 28.90] 25.3 [22.50, 27.30] <0.001 27.1 [26.20, 28.40] 23.7 [21.08, 26.05] <0.001

MCHC (median [IQR]) 33.5 [32.90, 34.10] 32.4 [31.40, 33.30] <0.001 33.1 [32.30, 33.80] 32.75 [31.42, 33.30] 0.007
RDW (median [IQR]) 13.6 [13.10, 14.10] 16.6 [15.20, 18.40] <0.001 14 [13.50, 14.60] 15.5 [15.03, 16.40] <0.001
HDW (median [IQR]) 2.54 [2.43, 2.73] 2.99 [2.74, 3.26] <0.001 2.52 [2.40, 2.73] 2.82 [2.69, 3.35] <0.001

MICRO (median [IQR]) 1.7 [1.00, 3.80] 9.45 [4.25, 20.30] <0.001 2.1 [1.10, 3.85] 9.95 [6.83, 27.08] <0.001
MACRO (median [IQR]) 0.1 [0.00, 0.20] 0 [0.00, 0.20] 0.017 0.1 [0.00, 0.30] 0 [0.00, 0.10] <0.001
HYPO (median [IQR]) 0.8 [0.40, 1.60] 4.8 [2.22, 11.20] <0.001 2.3 [0.88, 5.80] 6.4 [2.35, 18.65] <0.001

HYPER (median [IQR]) 0.7 [0.45, 1.10] 0.9 [0.50, 1.55] 0.062 0.4 [0.20, 0.80] 0.65 [0.40, 1.33] 0.008
PLT (median [IQR]) 256 [216.00, 306.50] 324 [242.00, 487.00] <0.001 263 [216.00, 313.00] 282.5 [190.25, 385.00] 0.305
MPV (median [IQR]) 7.5 [7.00, 8.00] 7.4 [6.75, 7.95] 0.232 7.9 [7.40, 8.47] 7.3 [6.50, 8.15] 0.004

Table 4.1: Demographic and clinical characteristics of anemic and non-anemic patients.

Figure 4.4: Anemia detection model performance. (a) Mean area under the receiver operating character-
istic curve of 0.75 for the XGBoost model with 95% CIs representing the variation of 20 independent model
runs.
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4.4 Discussion: Machine Learning Techniques and Applications

The results of our study provide a framework for the continued development of a non-invasive, pain-free,
and accessible anemia screening tool for the pediatric patient that does not require specialized and costly
machinery or expertise. We honed machine learning models that automatically detect fingernails of all sizes
while in motion as a crucial preprocessing step for widespread adoptability of any smartphone-based anemia
classification algorithm. The pipeline parses video to images and extracts color channel histogram data and
statistics from each finger in each frame of the video. Anemia detection algorithms were sensitive to image
quality, as measured by pixel density, and performed well only when trained and tested on images taken
with the GP6 (released in October 2021) and not from the GP3 (released in October 2018). The sensitivity
(87%) and specificity (84%) of our anemia classification pipeline provide an attractive alternative for anemia
screening in the context of routine well-baby visits, annual checkups, or in underserved populations.

Whereas our anemia screening algorithms are first developed on a large dataset of pediatric patients,
other tools developed for the non-pediatric population provided important benchmarks for the development
of our pipeline. The vast majority of studies undertaken to date use photographs of the eye, including
the sclera, retinal fundus, or lower eyelid [Lobbes et al., 2019; Mitani et al., 2020; Dimauro et al., 2018].
Others used fingernail or fingertip images [Mannino et al., 2018a; Hasan et al., 2021]. Many also grapple
with the effect of ambient light on the quality of the photograph, a feature more easily controlled when
photographing the hand as opposed to the facial region. The design and employment of a specialized photo
collection chamber for our study (Supplementary Figure C.1) was essential for controlling for ambient
lighting conditions, thereby ensuring consistency and minimizing extraneous variables, which enhances
the accuracy and repeatability of the image data obtained. The materials used to construct the specialized
photo collection chamber—wood, masking tape, and black cloth—are economical and portable, making it
an optimal tool for utilization in underserved populations and adaptable to a myriad of settings, thereby
democratizing access to this technology.

Previous studies count anemic patients with inherited forms of anemia (i.e., sickle cell anemia or tha-
lassemia) as the majority of anemic patients in their cohort. This restricts the model’s generalizability, as
the idiosyncrasies and unique characteristics of this cohort may not accurately reflect the heterogeneity and
diverse manifestations of the condition in the broader population. Furthermore, this limits the potential in-
tended purpose of the technology, as regulatory bodies will most likely restrict the intended purpose of the
device to match that of the study population.

In our anemia detection pipeline, we made the deliberate choice to use videos over static images, a
decision that significantly enriched our data pool for machine learning models. By parsing each video into
hundreds of individual frames, we were able to extract a multitude of data points from a single sample.
Crucially, we implemented a strict policy of single representation for each individual’s samples: the images
parsed from a particular person’s video were pooled and utilized only once per k-split model, in either the
training set or test set, but not both. This approach ensured that each individual’s samples were exclusively
represented once in either the test set or the training set, thereby preserving the integrity and variability of
the datasets. This shift to video data was enabled through the post-training of the YOLO machine learning
model to specifically identify fingernails and a skin swatch from the finger in each frame. This approach
not only expanded our data repository but also helped to enhance the overall performance of our anemia
detection models by enabling more nuanced and varied data for training. In general, drawbacks of using
videos over images can include poorer image quality and noise due to compression, which were outweighed
by the advantages of videos in our sample set and pipeline.

Our pipeline recognizes the need to account for skin tone when utilizing images to screen for anemia,
given the known racial bias in pulse oximetry measurements [Sjoding et al., 2020]. Variations in skin pig-
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mentation can significantly influence the accuracy of color-based assessments, introducing potential bias
and disparity in diagnosis. Neglecting to account for this variable could inadvertently perpetuate the issues
experienced with pulse oximetry, wherein darker skin pigmentation has been linked to less accurate mea-
surements. The introduction of the MST and the matching of an individual’s skin tone to a correlative MST
(Figure 4.1) provides the groundwork for an integrative approach to ensure equitable and accurate anemia
detection across diverse populations [Schumann et al., 2023].

Limitations of our study include the relatively small sample size of the data set used to train the al-
gorithms and the non-normal distribution of ages and significant differences of ages between anemic and
non-anemic patients. The former stems from our decision to recruit patients from the general population,
mostly in the PED, and not from more anemia-prone clinical settings. This decision was made considering
the notable phenotypic abnormalities of RBCs in sickle-cell anemic and thalassemic patients, which we
hypothesized would affect the colorimetric properties of the blood and the notable pallor of cancer patients
undergoing chemotherapy, a phenomenon not directly related to blood Hb levels. Algorithms trained with
such patient samples may learn to classify individuals based on the unique physiological presentations men-
tioned, and not by blood Hb levels as mentioned above. To address the limitations of sample size and age
differences, we trained eight separate and independent algorithms using eight random train-test splits. The
results and metrics of the algorithms were consistent and indicative of a robust methodology for classifying
anemia using the input data. Furthermore, we utilized the SMOTE, a computational tool often used in the
field of health informatics to address the issue of imbalance in datasets by generating artificial examples
from the minority class (anemic patients). This is achieved by pinpointing characteristics within the minor-
ity data points and creating new instances that, while similar, exhibit minor variations, resulting in a more
evenly distributed dataset for better medical research outcomes. Importantly, SMOTE was used only on
images in the training set, thereby improving the training capabilities of the model without hampering its
evaluation.

Another limitation of our study stems from the deliberate omission of samples with Hgb values between
11 and 12 g/dL (GP3=97/531, GP6=25/256). While this exclusion limits the clinical application of the
algorithm, it was taken in consideration of the WHO recommendations, which demarcate anemia at 11.0
g/dL, 11.5 g/dL, or 12.0 g/dL for different pediatric populations. As there were no enough data to create
age- and gender-specific algorithms, the 11–12 g/dL range was excluded. With additional data collection,
we could establish models divided by age and gender, and their corresponding clinical cutoffs for anemia.
We could also build and train independent models for different skin tones. This would facilitate the inclusion
of samples within the aforementioned Hb range, thereby enhancing the model’s inclusivity and accuracy.

Our research offers promising insights that lay the groundwork for the future evolution of non-invasive,
pain-free, and accessible anemia screening tools tailored specifically for pediatric patients. Our approach
harnesses state-of-the-art technology to potentially enable care equity regardless of gender, skin tone, or
age. Given the sensitivity of this population to pain and the profound impact anemia can have on their de-
velopment, the advantages of a non-invasive classification pipeline are multifaceted. This method mitigates
the discomfort and fear often associated with invasive CBCs, enhancing the patient experience, adherence
to screening protocols, and, consequently, early detection rates. Our results also indicated that the perfor-
mance of anemia detection algorithms was sensitive to image quality, as defined by pixel density. Therefore,
a potential avenue for future research lies in optimizing these algorithms for diverse imaging capabilities of
various smartphone models, as current models performed well exclusively with images captured by GP6,
but not GP3. As we move forward, we aim to address the limitations of our current model, broaden its appli-
cability, and thereby democratize access to efficient and painless anemia screening, potentially transforming
the prognosis for children worldwide.
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4.5 Conclusion: Augmenting Machine Learning Data to Indicate Paths For-
ward for Diagnostics

When real-world circumstances prevent the collection of an ideal dataset for representing the states of the
predicted biomarker of interest, machine learning data augmentation techniques can provide an indicator for
paths forward. In this study, I worked with a startup company to redesign the data collection smartphone
application for the Google Pixel 6 Pro and advocated for gathering data across the full spread of anemic and
non-anemic test subjects. However, despite our best efforts, our collaborators at the hospital were unable
to collect enough samples from test subjects with anemia to balance the dataset. Data augmentation was
helpful in this case, showing that reasonable synthetic data could be sprinkled into the training process to
produce a more accurate model overall, illuminating the path forward towards a future where non-invasive
anemia screening may be helpful in identifying candidates for affordable treatment.

For real-world health diagnostics, it’s likely that a combination of good data collection, processing, and
modeling techniques are helpful. Ultimately, a combination of these data gathering and data augmentation
approaches add up to the most effective computational approach for building affordable health diagnostics
based on sensors built into ubiquitous computing devices. Also, these approaches typically work well for
sensing biomarkers which already have a well-developed physiological basis for how they interact with
sensors. I demonstrated the computational side of my thesis statement depicted in Figure 1.1 in these first
two projects on non-invasive, in vivo health biomarker sensing and learned lessons that I applied to my next
set of two projects on in vitro environment sensing.

In cases where the current detection modes are not as well-adapted to direct smartphone sensing, an
approach that begins with building understanding of the underlying biology is appropriate for beginning to
develop a smartphone sensor-based diagnostic. We will explore this side of the thesis in Chapter 6, beginning
with the motivations for how such a diagnostic could be useful for broadly scalable population sensing of
pandemic safety in Chapter 5.
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Chapter 5

Passively Monitoring for the Presence of
Viral RNA in Public Transit Infrastructure

5.1 Background, Summary, and Related Work

Background: Passively Collecting Viral Samples by Leveraging Infrastructure

Applying scalable sensing techniques to other areas that impact health, such as environmental pathogen
monitoring, became critical during the global COVID-19 pandemic. Data about whether a certain molecule
was located in a specific location defined whether people left their houses and interacted with each other.
In order to contribute to the solution for this and future pandemics, we attempted to passively monitor the
spread of the virus via a creative passive sampling technique that could theoretically provide a scalable map
of the spread of the virus.

I worked with King County Metro to place air filters, which we dubbed "passive fabric sensors", into the
existing HVAC air filtration systems of public transit buses. Between the passive sampling and subsequent
lab extraction and amplification, we demonstrated that the two steps needed for this system are possible,
but I noticed that the latter was more limiting in its scalability than the former. Our method to place these
sensors and then gather those samples was relatively low-touch and scalable, but following that up with
standard laboratory techniques for RNA extraction and RT-qPCR was laborious, time-intensive, and required
specialized equipment in a well-equipped research laboratory. The goal of sensing the virus in a moving
vehicle attached to routing and timing data for the bus route has the potential to build a live map of the
risk of viral spread in different areas of the city. However, the difficulty of the second step, extracting
and affirmatively sensing the viral samples via RT-qPCR, reduces the scalability of the overall process,
preventing the accomplishment of these broader goals without enormous investment. As we will see in
Chapter 6, this experience inspired the final project in my thesis, and the combination of these two projects
demonstrates the left side of my thesis in Figure 1.1. Understanding the biology to effectively amplify its
signal is the second critical piece for improving access to screening for health-relevant biomarkers, and will
be explored in the next two chapters.

Summary

Affordably tracking the transmission of respiratory infectious diseases in urban transport infrastructures can
inform individuals about potential exposure to diseases and guide public policymakers to prepare timely
responses based on geographical transmission in different areas in the city. Towards that end, we designed
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and tested a method to detect SARS-CoV-2 RNA in the air filters of public buses, revealing that air filters
could be used as passive fabric sensors for the detection of viral presence. We placed and retrieved filters
in the existing HVAC systems of public buses to test for the presence of trapped SARS-CoV-2 RNA using
phenol-chloroform extraction and RT-qPCR. SARS-CoV-2 RNA was detected in 14% (5/37) of public
bus filters tested in Seattle, Washington, from August 2020 to March 2021. These results indicate that this
sensing system is feasible and that, if scaled, this method could provide a unique lens into the geographically
relevant transmission of SARS-CoV-2 through public transit rider vectors, pooling samples of riders over
time in a passive manner without installing any additional systems on transit vehicles.

Related Work

The global pandemic of COVID-19 has exceeded 50 million reported cases in the US and 270 million
confirmed cases worldwide as of December 20th, 2021 [Centers for Disease Control and Prevention, 2020;
World Health Organization and others, 2020]. The virus causing COVID-19, SARS-CoV-2 , is primarily
transmitted through airborne respiratory droplets via face-to-face contact [Buonanno et al., 2020; Zhang
et al., 2020; Wiersinga et al., 2020] with asymptomatic or pre-symptomatic infected individuals. [Bai et al.,
2020; Rothe et al., 2020; Yu et al., 2020; Hu et al., 2020b; Yu and Yang, 2020; Huff and Singh, 2020].
Therefore, disease monitoring via viral presence testing is essential for managing potential outbreaks. Cur-
rent disease monitoring is focused primarily on testing individual members of the population. However,
frequent widespread testing across the entire population can be cost-prohibitive in many communities, even
with pooled testing [Augenblick et al., 2020]. While this resource intensive sampling strategy is useful for
capturing the overall presence of a disease, alternative environmental sampling can serve as a warning sign
of early-stage disease presence in a community prior to symptomatic patients testing positive [Daughton,
2020; World Health Organization, 2020].

One example of passive viral sensing is testing for SARS-CoV-2 in community wastewater plants
[Wurtzer et al., 2020; Wu et al., 2020; Daughton, 2020; Peccia et al., 2020; Medema et al., 2020]. How-
ever, wastewater surveillance methods suffer from a fixed, coarse granularity since sampling happens far
downstream from the individual source. Leveraging multiple environmental sampling techniques through
additional infrastructural media, such as public transit, can make viral monitoring more robust. Wastewater
sampling has been explored for commercial aircraft and cruise ships [Ahmed et al.], but these approaches
cannot be extended to public transport vehicles without wastewater management facilities. Public transit
such as buses, light rails, and trains may be valuable targets for surveillance sampling, since they are linked
to the population’s geospatial mobility. The United Nations estimated >50% global population lives in
urban centers [Neiderud, 2015], such as Seattle, where nearly 50% of urban commuters use public transit
[of Transportation, 2019].

Viral particles expelled from the respiratory system of an infected individual can circulate through the
air into Heating, Ventilation, and Air Conditioning (HVAC) systems, and have been detected in air filters
in hospitals treating infected individuals [Kim et al., 2016; Ong et al., 2020; Guo et al., 2020; Chirico
et al., 2020; Horve et al., 2020], suggesting a similar approach for public transit. The HVAC system in
King County Metro buses, which involve an air intake, MERV-rated filter, and recirculation, pull air from
the front or rear passenger-seating areas on buses and are designed to be running all-day long to provide
fresh air for passengers. Therefore, they represent an opportunity for passive sensing if viral presence can
be detected in the system. Prior work has examined risk of transmission for passengers on buses, trains,
and airplanes at local, national, and international scale [Hu et al., 2020a; Zheng et al., 2020; Zhao et al.,
2020; Browne et al., 2016; Hoehl et al., 2020; Shen et al., 2020; Luo et al., 2020; Bae et al., 2020; Yang
et al., 2020; Kong et al., 2020; Kasper et al.; Harvey et al.; Silcott et al., 2020]; however, prior work has
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not explored community monitoring on public transit. One potential reason for this is the cost and time
associated with known sampling methods with adequate Limits of Detection (LOD) to sense the low number
of copies of virus expected in filters without employing active systems of collection, such as environmental
swabbing or vacuum-like Personal Environmental Monitor (PEM) equipment [Moreno et al.]. Rapid and
inexpensive RNA extraction methods have detected 10-20 copies/reaction, which may be above the viral
copies recovered from passive HVAC systems in non-concentrated settings outside of hospitals [Panpradist
et al., 2021c]. Additionally, virus particles can remain viable for 7 days on porous surfaces, like air filters,
and 3 days on non-porous surfaces, like metal hand-grips [Aboubakr et al., 2020; Matson et al., 2020].
Therefore, air filters may accumulate and maintain virus over a longer time than swabbed surfaces, capturing
data from more individuals with a single sample, enabling pooled testing. Notably, viral presence does not
imply infectivity, as a disinfected surface may still hold a dead virus with RNA that can be detected while
the virus is no longer capable of infecting someone.

Here, we explore the feasibility of passive surveillance sampling in public buses by installing fabric
sensors in vehicle air filtration systems. We demonstrate that sensitive methods of detection can be used to
detect small virus copy numbers from samples collected from bus filters, using viral lysis, RNA extraction,
and RNA detection via reverse transcription quantitative polymerase chain reaction (RT-qPCR) in a combi-
nation not proven in prior literature. In contrast to prior work studying building air filters [Rosario et al.,
2018; Horve et al., 2020], we show that a novel combination of methods enables passive, scalable sampling
while maintaining the potential for finer-grained community spread monitoring in localized areas via known
bus routes. A requirement for scalability of this method is leveraging the already-operating HVAC systems
in the bus for sensing while maintaining high analytical sensitivity and specificity for low concentration
environments. Thus, we evaluated our in-house method in samples collected from actively circulating buses
from August 2020 to March 2021 to demonstrate the detection of SARS-CoV-2 RNA in real-world envi-
ronments, and we present herein an analysis of how this method may be related to citywide cases for future
disease monitoring use cases.

5.2 Methods: Passive Sampling and Environment Detection via In-Lab qPCR

5.2.1 Sample Collection from Public Buses

Between August 2020 and March 2021, environmental samples were collected from 15 actively deployed
buses in the Seattle King County Metro fleet (Figure 5.1A). Bus selection was narrowed down to the main
bus depot that serviced the Downtown Seattle area, which has the highest ridership. Individual buses were
selected to be sampled via a convenience sampling approach based on which buses could be made available
at the depot on a regular basis between 7:00-9:00 AM for sample retrieval.

Air filters and environmental swabs were used to capture samples on buses. For air filtration testing,
four different materials were tested as supplementary air filters: foam biopsy pads (22-038-221, Fisher
Scientific), PolyPro fabric (25PPMB, CanvasETC), mixed cellulose ester filters (A020A025A, Thomas Sci-
entific), and paper filters (Figure 5.1). Supplementary 5 cm2 filters were placed in front of the existing
air filter in the bus HVAC system in both the front and rear of the bus. Mixed cellulose ester filters were
preferably used when they were available due to prior literature confirming their effectiveness at capturing
and retaining biological material [Bartlett et al., 1997; Junter and Lebrun, 2017]. On filter collection day,
four different environmental swab materials were also tested: PolyPro fabric, microporous paper separators,
mixed cellulose ester filters, and EnviroMax Swabs. Swabbing was performed by running one swab across
common hand-hold areas (Figure 5.1B in red) in the front and rear of the bus. When EnviroMax swabs were
available, a second swab of the front face of the main bus filter (Figure 5.1B in blue) was performed.
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Figure 5.1: Detection of the samples collected from the metro bus using our in-house extraction pro-
tocol. (A) Workflow for passive sensing SARS-CoV-2 RNA including sample collection, sample transfer
from papers or swabs, RNA extraction, and RT-qPCR for detection. (B) Sampling occurred via two methods
in different areas of the bus. We collected supplementary pre-filters after more than 7 days of being installed
inside the HVAC systems of actively-used metro buses (blue). We also swabbed commonly-touched sur-
faces on the bus (red). (C) Sample types and collection methods used during the course of the study. (D)
Positivity rate and average CT value breakdown by collection material and location. Sampling from both air
filters as well as surfaces returned traces of SARS-CoV-2 . Swabs from bus handholds made up the majority
of SARS-CoV-2 detections with 42% positivity rate (13/31), while materials placed in air filters had the
lowest positivity rate at 11% (5/45).
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All bagged samples were placed in a plastic secondary container, which was wiped with bleach-based
disinfectant, and transported to an approved lab facility. All procedures involving the untreated filter material
were performed in a BSL2-certified Class II A2 biosafety cabinet. All types of filters that were used are
shown in Figure 5.1C. Due to safety-related lab space and chemical SOP limits for phenol-chloroform
isoamyl extraction, a maximum of n=6 buses (2 replicates for each of the two methods - filter and swab)
could be tested in a single experiment. Notably, passenger safety measures were in effect for public transit
throughout the sampling period in response to the COVID-19 pandemic. This included a mask mandate,
which required all passengers to wear masks while riding the bus, as well as nightly spraying and wiping of
all commonly-touched surfaces, such as seats, handrails, payment readers, stop-request pull cords, and door
handles, with the Virex quaternary ammonium disinfectant (04332, Diversey).

5.2.2 Detection of SARS-CoV-2 RNA in Filters

Sample extraction for testing was performed within the same day of the sample collection from metro buses.
Detection of SARS-CoV-2 RNA consisted of the following steps: viral extraction and lysis, RNA isolation
via phenol-chloroform isoamyl extraction, and RNA detection via RT-qPCR (Figure 5.1A).

RNA Extraction and Isolation

Filters collected from buses were cut into 2-cm2 pieces. Two pieces, considered sample replicates, were
placed into microcentrifuge tubes containing 200 lysis buffer (50mM EDTA pH 8.0, 250mM Tris-HCl pH
8.0, 50mM NaCl, 1% (w/v) SDS) [Miura et al., 2011]. The tubes were placed on a foam tube rack attached
to a vortexer and agitated for 15 minutes, at high speed, at room temperature. After vortexing, 600 TRIzol
was added to each tube, pipette-mixed 10 times, and then the resultant 800 solution was transferred into a
new tube. The solutions were incubated at room temperature for 5 minutes to allow complete dissociation
of viral particles into the upper media and inactivation of any potentially remaining active virus in the
solution. The RNA was then isolated from protein and DNA following the standard TRIzol phase separation
procedure [Rio et al., 2010]. Precipitation of RNA was carried out by adding 1 200-proof ethanol and 1
RNA-grade glycogen (R0551, ThermoFisher) to each tube, followed by 1-minute vortexing. Each tube
was then incubated overnight at -20. Following overnight precipitation, the supernatant was discarded and
residual ethanol was allowed to evaporate. The RNA pellet was washed following the standard TRIzol RNA
wash procedure and subsequently re-suspended in 8 nuclease-free water.

Detection of SARS-CoV-2 RNA Using RT-qPCR

Each 8 TRIzol isolation product was assayed with TaqPath 1-step RT-qPCR (A15299, ThermoFisher Scien-
tific) in 20 reactions. We used probes from the CDC SARS-CoV-2 qPCR probe assay targeting two regions
in the N gene, designated N1 and N2 (10006713, Integrated DNA Technologies), one for each sample repli-
cate. To avoid cross-contamination, the reactions were loaded into non-adjacent wells in a 96-well plate on
ice at a separate bench from where the RNA isolation step was performed. Wells also were covered with
Parafilm between loading samples. RT-qPCR was carried out on a Quantstudio 3 (ThermoFisher) using the
CDC-recommended protocol [for Disease Control and Prevention, 2020].

5.2.3 Positivity Determination

Positive results were determined by amplification before a specified PCR cycle threshold (CT). Raw RT-
qPCR amplification data were loaded via a custom Python script (Supplementary Information) that deter-
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mined CT based on a common threshold across all samples (50000 RFU) which delineated between am-
plified samples and non-amplified samples in control experiments. For environmental samples from buses,
a positive result for a bus was declared if one replicate from one of the sample methods from that bus had
a CT <40. Positive and negative controls experiments were conducted by dripping AccuPlex enveloped
RNA reference material (0505-0126, Seracare, Milford, MA) onto unused filter, and the full extraction and
detection method was performed to confirm that positive results were a result of viral presence in the air
filter.

5.3 Results: Lab-Based Detection of Viral Particles

5.3.1 Results on Environmental Samples from Buses

Out of 82 samples (164 total with replicates) tested, 24% (20/82, 95% CI: 16-35) of samples tested positive
for SARS-CoV-2 RNA (Figure 5.1D), indicating viral presence but not necessarily infectivity. Samples
collected by the swabbing method showed the highest positivity rate at 42% (13/31, 95% CI: 25-61) while
filters had the lowest positivity rate at 11% (5/45, 95% CI: 4-24). 1 replicate amplified in all positive bus
samples (Table D.3). This indicates that the viral particles may not be distributed evenly across the sampling
material or that the sample methods may be sensing viral presence from different signal sources (i.e. riders
who breathe may not touch the railing). Most positive samples had SARS-CoV-2 RNA near or below the
LOD of the RT-qPCR assay (Figure D.2) and thus were confirmed correct product sizes by fragment analysis
(Figure D.10).

5.3.2 Method Comparison

We compared our TRIzol-based RNA extraction method with a more commonly used column-based RNA
extraction from Qiagen. After dividing five filters in half and processing in parallel, we found a bus positiv-
ity rate of 60% (3/5) and 80% (4/5) (Table D.4) in TRIzol-based and column-based methods, respectively.
Interestingly, our TRIzol-based method did not yield positive results from any samples collected by Envi-
roMax swabs, which were positive with the column-based method. We observed black particle residues in
samples using EnviroMax swabs (Figure D.11), which were filtered out by the column-based extraction.
These residues ended up in the RT-qPCR reactions when EnviroMax samples were extracted by the TRIzol-
based method, which may have inhibited the RT-qPCR reaction. On the other hand, the column-based
method displayed 0% positivity rate on all air filter samples, while the Trizol-based method detected 40%
(2/5) positivity on the same air filters. We hypothesize that the debris broken from filters could interfere
with the binding of SARS-CoV-2 RNA to the silica membrane in the columns or the SARS-CoV-2 RNA
might remain trapped in the columns. These filters are made from mixed cellulose ester which have differ-
ent surface properties and porous structures from those of polyurethane foam structures (EnviroMax swabs)
which reportedly had a high release efficiency even with minimal agitation [Panpradist et al., 2014].

All air filters were installed on buses for more than 7 days, and thus can represent pooled samples of all
riders for the prior 7 days (Figure 5.2). One exception is that, for one sampling date on October 14, 2021,
filters were installed and collected in one day. In one-day testing, 0 filters returned positive, indicating that
one day may not be enough filter exposure time to build up a detectable viral load. However, a relatively high
rate (60%) of swab samples returned positive, which may be attributable to lack of surface decontamination
mid-day. Metro cleans buses nightly, and the morning sampling period for all 2-week samples occurred the
morning following the decontamination, in between which no riders would have ridden the bus.
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Figure 5.2: Total metro bus riders compared to positive sample results. Top chart shows total riders per
bus per 7-day period of filter installation before sampling. Each color denotes a unique bus that week. The
color of associated circles denotes a positive result from that bus. An empty circle denotes a positive sample
for a bus with 0 riders during that week. Bottom chart shows new cases of SARS-CoV-2 in King County
(blue) superimposed with the proportion of buses sampled that week returning positive results (orange). CT
values for positive results are listed by date (red), and showed a -0.687 Pearson’s correlation when compared
to King County ridership D.5
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5.3.3 Results Compared to Population Testing

Figure 5.2 shows the bus testing results juxtaposed with the SARS-CoV-2 case counts and bus ridership
counts for the 7 sampling periods. While the sample size is too low to demonstrate positive correlation,
we do see that a higher proportion of buses sampled return positive results when SARS-CoV-2 cases in
King County were high, with the exception of December 14th, which showed no positive results. This was
likely due to the fact that only 2/6 buses sampled had any ridership during that week, reducing exposure
and decreasing likelihood of detection. October 1st and November 24th also returned positive results for
buses which did not leave the station (zero riders), denoted by the empty circles in Figure 5.2. This finding
indicates that some results in this study may be a signal of continued viral RNA presence after more than 7
days or infected maintenance workers who entered a bus during the sample period.

Metro’s ridership data was compared to bus positivity results to determine whether ridership was cor-
related with the positivity rate for buses, and a small Pearson’s Correlation of 0.255 was observed. King
County population testing data was also compared to average CT value of positive results, and a Pearson’s
Correlation of -0.687 was observed (Figure D.5). The negative trend indicates that the strength of the de-
tected signal on buses may increase as more people test positive in the city. The correlation observed may be
reduced due to the small sample size and infection control measures taken by King County Metro. This in-
cluded required rider masking and nightly surface disinfection (see Methods) throughout the entire sampling
period, likely resulting in an increased number of false negative results due to a decreased number of viral
particles escaping the mask of infected riders and reduced viral presence on hand rails. Ventilation and virus
collection on filters may have been affected by driver and rider behavior, as well, as it is the driver’s choice
whether to activate the ventilation system (though most drivers do) and passengers may open the windows
if they choose, which would modulate ventilation and likelihood of viral capture on filters. Additionally,
the population of metro riders from which the testing was sampled is not fully representative of the overall
population from which individual testing was performed.

5.3.4 Control Validation

In control experiments, extracting spike control from filters yielded 6/9 (66.7%) replicates and 7/9 (77.8%)
replicates of spike controls directly in solution amplifying and displaying positive detection using our
method, while only 1/18 (5.6%) of the replicates of negative controls returned positive with a high CT
value of 37.3 (Figure D.3). Based on a PCR standard curve from the same experiment (Figure D.4), the
extraction efficiency is approximately 33% (average of 134 out of 400 copies) for filter extraction controls
and 115% (average of 459 out of 400 copies, which is within the error range for PCR extraction) for direct
in solution extraction controls (Table D.2). This suggests that about one-third of viral material may be lost
during the filter extraction step, but not much is lost during RNA extraction. This may have resulted in some
false negatives in bus testing but demonstrates that positive detection results were likely a result of viral
material collected from bus sampling.

5.4 Discussion: Potential for Onsite Detection

Here we show that passive infrastructure-mediated sensing of viral presence may be feasible. By leveraging
a passive viral sensing method such as ours in parallel with other environmental and individual testing
methods, epidemiologists could inexpensively monitor a community to identify locales of transmission and
estimate case numbers within local regions. Our method may be more valuable when cases within the
general community are low, leveraging the fabric sensors to passively pool respiratory droplet samples from
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riders temporally over the filter installation period and spatially over bus routes. This monitoring would
be enabled by sufficient resourcing to enable daily sampling and testing of a subset of bus routes to ensure
adequate coverage, which was not possible with the small study team in this proof-of-concept study.

This study is limited by its sample size (n=39 total buses). Sample filters were placed and recovered
manually by the research team and metro collaborators, which could be scaled by larger research teams
(Table D.5). False negatives in air filters may have been caused by the limited coverage of the sample media
over the air vent and air currents diverting around the sample filter media, resulting in lower positivity rate
than swab samples. In addition, mask mandates were in effect for riders during the sample period, likely
reducing the number of viral particles expelled into the air by breathing of infected riders landing on the
filters. Finally, Metro’s nightly cleaning process is designed to reduce the overall viral load in the bus, even
if it did not completely remove the viral presence signal. Considering these effects, the small viral loads
(Figure D.2) of some samples are unsurprising, but may fall below the typical LOD for many commercial
PCR kits, including our chosen Taqpath 1-step kit [for Disease Control and Prevention, 2020]. Alternative
sensitive assays that amplify multiple regions in SARS-CoV-2 may be useful to detect these samples with
low concentrations [Kline et al., 2021; Food and Administration, 2021]. We also note that our method does
not necessarily identify the risk to bus riders, but rather the presence of inactive SARS-CoV-2 RNA. Viral
viability tests and more frequent sampling are needed to understand the risk to riders.

5.4.1 Future Work

Future research into scalable, sensitive viral detection for environmental samples would enhance this ap-
proach. Studies evaluating filter placement, size, and material, incorporating further control experiments in
simulated environments, could further validate the sensitivity of the method and optimal materals for sam-
pling [Buonanno et al., 2020; Holmgren et al., 2010]. City-wide deployments enabled by scalable detection
methods, such as rapid diagnostic lateral flow detection for on-site detection enabled by miniaturized am-
plification devices [Panpradist et al., 2021c,a] or sequencers [Cardozo et al., 2019], could gather more data,
enabling network analysis techniques to study probability of SARS-CoV-2 transmission on a neighborhood
level. This method could be adapted and deployed to provide an early signal of community outbreak of
SARS-CoV-2 , or other viruses transmitted by respiratory droplets, when case counts are low in the popula-
tion. This could provide a relatively inexpensive early warning system and ongoing monitoring insight into
the local routes of viral transmission for current and future respiratory pathogens.

5.5 Conclusion: Passive Sampling and Non-Passive Molecular Output

In its current state, qPCR is the gold standard for highly sensitive assays, such as the one that was needed for
detection of SARS-CoV-2 after passive environmental sampling. However, it is not a very efficient method
of detection, despite efforts to scale it up and bring it into the field. After designing and implementing a
viral surveillance system leveraging public transit infrastructure to assist with early warning for spread of
the COVID-19 pandemic, I identified that the main gap which prevents large-scale rollout of this method is
the molecular readout throughput. Improvements in conduction of the molecular signal to the digital world
would allow for scaling this method, as well as others, and answering finer-grained questions about the
spread of the virus. I developed a passive sampling methodology, but the output mode of the results was far
from passive.

Thus, I started developing a method that could imaginably be brought directly onsite for testing for
the presence of specific nucleic acid targets. With this, we could process many more samples and begin
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to answer questions about disease spread in certain geographic locations, precise timing of when the virus
appeared in the filters, and more. This insight led me on a journey to discover more scalable ways to solve the
detection problem, which can be broken down to a biological understanding and molecular output problem.
The results of that investigation, and how they apply to my thesis, are shared in the next chapter.

52



Chapter 6

Detecting the Output of Nucleic Acid
Reactions Using Capacitive Touchscreen
Sensors on Ubiquitous Smartphones

6.1 Background, Summary and Related Work

Background: Improving Access to Viral Sensing via the Smartphone Capacitive Touchscreen Sensor

For detection of viral pathogens, the gold standard for sensitivity and quantification is nucleic-acid based
amplification methods, such as RT-qPCR, but those techniques are not as affordable and available to all
due to their reliance on lab-based equipment and environments. As we saw in the previous chapter, this
detection method is one example of a range of techniques that enable the amplification of the signal that
a virus is present. These are all based on the positive recognition of a certain sequence of nucleotides
(the target or template) by a designed sequence of nucleotides (the primer), which triggers a chain reaction
of replication of that sequence (catalyzed by a polymerase), and quantified by increasing accumulation of
a signal from an attached fluorescent molecule. This requires a readout method, often (as in the case of
RT-qPCR) necessitating specialized lab equipment and energy input in order to provide the environment
to trigger this chain reaction and detect its output. While research efforts are underway to miniaturize and
portabalize this equipment, alternative methods are being developed that obviate the equipment and provide
acceptable sensitivity for the application [Panpradist et al., 2021b,a].

Building on my experience from previous projects in using smartphones to detect health biomarkers
and detecting viruses using highly sensitive lab equipment, I reviewed the literature, the capabilities of
the smartphone’s various sensors, and I turned towards capacitance sensing of nucleic acid reactions for a
potential future look at how we may detect the presence of viruses in the future. The capacitance sensor of
most modern smartphones is used to sense and localize the touch of a user’s finger, and has converged to
a fairly standard design, despite some variations. In this chapter, I build on this standard design to explore
the potential for sensing the minute chemical changes associated with DNA hybridization and polymerase-
catalyzed extension. At this time, we are not yet at the stage where direct sensing of nucleic acid strands is
clearly feasible, so I, along with my Ubicomp Lab and MISL Lab collaborators, built a low-cost tool that
can be used in the lab to interrogate the capacitance characteristics of DNA solutions. We showed some
potential signs that nucleic acid isothermal amplification reactions may be detectable at certain frequencies
via a technique that is related to the mutual capacitance grid of electrodes in modern smartphones. The
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process of doing so illustrates the full circle of development of biomarker sensing using commodity sensors,
starting from understanding the biology of the underlying molecule to attempt to amplify it.

Summary

Capacitive sensing of the output of nucleic acid molecules has the potential to improve access to health
diagnostics and synthetic biology research. Prior studies have shown it may be possible to sense DNA with
ITO-patterned capacitive sensing devices similar to the touchscreen, but these studies require surface prepa-
ration that make it incompatible with touchscreen smartphone usage. Applying principles of ubiquitous
computing to this problem, we envision developing a low-cost, easy-to-use sticker attachment that enables
detection of changes in controllable DNA reactions, opening up the sensing method for health diagnostics,
environmental detection, and affordable research in the future. We take steps towards this vision in build-
ing an affordable lab-based capacitance sensor that uses a Vector Network Analyzer (VNA) approach to
interrogating the capacitance of a solution, and we design and test a simple polymerase extension reaction,
showing that there may be potential to this approach.

Related Work

Capacitive Sensing of Biological Output Capacitance has been used as a sensor for chemical reactions
for many applications in biology, though the minute and sensitive nature of the output has resulted in most
projects focusing on custom capacitive sensors. They have been designed for various applications in health,
including CTCs, bacterial cells, [Nakanishi et al., 2019]. So far, these have been custom capacitive sensors
requiring external power for the VNA.

Recent work has pushed in the direction of using the smartphone touchscreen to sense molecules, re-
lying on an intermediate circuit involving a Voltage Controlled Oscillator (VCO) component to generate
frequency-modulated (FM) signals to convey the biological reaction output to the touchscreen [Waghmare
et al., 2023b].

Capacitive Sensing of DNA Work has also gone into measuring the capacitance of DNA, building reporter
systems that change capacitance in response to an input [Stagni et al., 2006].

More recently, researchers have pushed towards demonstrating capacitive touchscreen-like sensors, in
which an ITO patterned grid of electrodes was functionalized with synthesized DNA probes that were de-
signed to bind to viral DNA targets [Lee et al., 2018]. When the probe encountered its intended target, such
as a sample with H1N1 virus or M1 influenza DNA, the capacitance at that point in the electrode grid in-
creased, as measured by pulse count. Other DNA reading techniques via capacitance leveraged a field-effect
detection or an oscillating wave impulse [Fritz et al., 2002; Stagni et al., 2006].

DNA Strand Displacement (DSD) was introduced in Chapter 2 as a method for building deterministic
pathways for DNA to interact that acts as a circuit. Input and output can determined based on specific
sequences of DNA "coded" as synthesized DNA strands. The output can be amplified via molecules, such
as methyl blue, or via known molecular methods discussed in the next section [Farjami et al., 2010].

Isothermal Amplification Amplification techniques involving enzymes and temperature adjustments are
often used to increase the size of a signal from nucleic acid-based reaction. A subset of these techniques
can operate at a single held temperature, including recombinase polymerase amplification (RPA), Loop-
Mediated Isothermal Amplification, and others [Dhama et al., 2014; Lee, 2017; Li et al., 2019; Lobato and
O’Sullivan, 2018]. This has been combined with CRISPR-based targeting, as well [Broughton et al., 2020;
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Figure 6.1: The board we designed leaves the circuit open until liquid solution (about 30 L) is placed in
the circle. At that point, the signals generated by the VNA run through the solution and the response is
measured on the S11 and S21 ports.

Gootenberg et al., 2017]. If the output method can detect changes in concentration, a simpler version of
DSD detection or polymerase extension could be used to trigger a change in concentration, or entropy, when
a target molecule is recognized by a primer [Hellyer and Nadeau, 2004; Collins et al., 1988; J. Toley et al.,
2015].

Smartphones are also known generate heat, as there is a reason the thermistor and cooling system is
included to prevent [Kang et al., 2019; Breda et al., 2023]. This may be a factor that can be leveraged in
a future experiment to generate heat from the phone by running the processor to generate heat [Dai et al.,
2018].

Vector Network Analyzer (VNA) for Biology Commonly used to calibrate antennas, a vector network
analyzer (VNA) allows interrogation of charge-related characteristics of a Device Under Test (DUT). It
functions by generating an oscillating signal, such as a sine wave, in a sweep of frequencies that is sent into
the DUT from its input port (S11) and reading the resulting signal that transfers through the DUT from one
of the output ports (S21). The other output port is actually the same as the input port (S11) and it reads
the reflected signal. When the transferred and reflected signal is read at each frequency, a unique signature
based on capacitance characteristics of the DUT can be inferred.

In previous works, this VNA method has been used for interaction, showing that electrodes formed into
a ring device on a finger can detect unique signal changes as the hand moves, enabling hand interaction for
virtual reality (VR) environments [Waghmare et al., 2023a]. This has been proposed for sensing biological
phenomena [Sahishnavi et al., 2024]. VNA-on-a-chip designs have been created to make this sensing drasti-
cally more accessible, such as the case of detecting circulating tumor cells on a small chip [Nakanishi et al.,
2019].

6.2 Methods: Raw Touchscreen Data for Biological Applications

6.2.1 Hardware Design: VNA DNA Board for Sensing Capacitance of Solutions

We used a LiteVNA to sense the response of aqueous solutions containing different concentrations of DNA
[ZeenKo, 2022]. We designed and built a simple signal pass-through PCB based around a DNA test area,
which contained two gold-plated electrodes that form an open circuit until aqueous solution is placed in
the area using a pipette. As shown in Figure 6.2, the VNA frequency sweep is injected via Port 1, and the
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Figure 6.2: The signals measured at each frequency of the VNA freqency sweep are as follows: S21
transmitted signal (or the signal measured at Port 2 sourced from Port 1) and S11 reflected signal (or the
signal measured at Port 1 sourced from Port 1)

resultant transmitted signal (S21) is measured from Port 2 and the reflected signal (S11) is measured from
Port 1. The frequency sweep was set to sweep at 50 points between

6.2.2 Test Reaction: Polymerase Extension Reaction

Our reaction involved a targeted polymerase extension reaction. We designed an 18 bp primer to recognize
one end of a synthetic 90bp DNA oligo as our target (sometimes referred to as template). We included
equal concentration of a reaction buffer (NEBuffer r3.1, New England Biolabs) and used an isothermally
active polymerase (BST 3.0, New England Biolabs) to produce an extension reaction when the target was
introduced. We added dNTPs to the mix as our limiting reactant so that changes in concentration of dNTP
are significant compared to the starting concentration. We validated this against negative controls in which
an isotonic buffer or a buffer solution containing the wrong 90bp DNA oligo to compare behavior of the
reactions. Our oligos were ordered from IDT and used PAGE Gel purification for the longer strands.

Experimental Protocol - Using the VNA Sensor

Our experimental process involves running a reaction and using a pipette to drop a 30 uL size into the DNA
test area labeled in Figure 6.2. Care must be taken to have the drop fill the fiducial circle and fully cover the
2 test pads to achieve consistent measurements. We can set the measurement length to a specific number
of seconds, and we chose 30 seconds to see a stable result for reactions already complete. For reactions
that we expect to be actively occurring while on the VNA board, we set the length of measurement to 10
minutes, and we designed a 3D printed semi-spherical cap, which prevented evaporation of the drop while
the reaction occurred.

Data Processing

Custom software in Python was developed for reading data with the LiteVNA system [ZeenKo, 2022]. We
developed a codebase with multiple stages of processing. We calculated the magnitude of the signal at a
given timepoint by computing the square-root of the sum of squares of the imaginary and real portion of the
as shown in Equation 6.1.

|S| =
√
I2 +Q2 (6.1)
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Figure 6.3: Polymerase extension reaction in 4 stages. When a matching template is introduced into a
starting mix of primer, polymerase, and excess dNTPs, the primer recognizes the template (or target) and
triggers polymerase extension, which consumes dNTPs to produce double-stranded DNA. Images generated
using Biorender.

where I=real (in-phase) and Q=imaginary (Quadrature) and the output P is plotted in decibels (dB) by
taking the logarithm of the resulting output to amplify small changes, as shown in Equation 6.2.

P = 20 ∗ log10(|S|) (6.2)

where P is plotted, such as in Figure 6.8. The output of the sensor is a set of frequencies in a range of
50 bins specified prior to the experiment, and we set our measurement frequencies to the range of 50 bins
between 1 kHz to 500 kHz (in steps of 9.98 kHz), because smartphone touchscreens are often in that range.
We elected to analyze the results at a single frequency of 80.84 KHz because that frequency showed the
most separation between different trials.

Currently, the signal is visually inspected at the desired frequency to determine whether a difference in
the capacitance is detected, but future iterations would include automatic threshold algorithms to determine
differences, which would allow for automatic analysis in scenarios like diagnostics.

6.2.3 Evaluation

We have designed a new board that interfaces with the a card-sized portable VNA (LiteVNA-64) and gives
a space to place a liquid solution onto it, as shown in Figure 6.1. It begins with an open circuit with 2 pads,
and after some liquid is deposited, that closes the circuit, and the solution effectively becomes the DUT.
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Figure 6.4: A polymerase acts to extend the complementary strand of DNA, beginning from the spot where
the primer was bound and pulling in dNTPs to form the other ssDNA. This effectively changes the con-
centration of total molecules in solution if, and only if, the target template is located by the primer. Image
generated using Biorender.

6.3 Results: Feasibility of Touchscreen-Based Capacitance for Sensing Nu-
cleic Acids

Feasibility Results - dNTPs Concentration Differentiation

We have collected several data points doing experiments with an output to the VNA sensor that have shown
that we believe this is feasible. Figure 6.5 shows that different concentrations of ssDNA are distinguishable
from each other at certain frequencies. In addition, it shows that deoxynucleotide triphosphates (dNTPs) of
different concentrations are distinguishable from each other, as well as distinguishable from ssDNA of the
same number of base pairs.

This final fact, that dNTPs of the same number of base pairs are distinguishable from ssDNA, reveals
that we may be able to design a reaction that converts dNTPs to ssDNA and the signal will probably be
visible on the VNA.

Product Results: Polymerase Extension Reaction

For the first test of our system with the polymerase extension reaction, we measured the capacitance after
running the polymerase extension reaction for 20 minutes at 65 ◦C. The solution was then placed on the
VNA sensor and measured for 30 seconds. Results from the VNA sensor can be seen in Figure 6.6 and were
verified via gel as shown in Figure 6.7.

Dynamic Results: Polymerase Extension Reaction

The second test of our system involved testing a dynamic reaction
Figure 6.8

Gel Verification

In order to compare the VNA results to the lab standard results, we ran an E-gel to verify the reaction was
happening and saw expected results when the Positive Control primer was used. These gels are seen in
Figure 6.7 (correlated with the VNA results in Figure 6.6) and Figure 6.9 (correlated with the VNA results
in Figure 6.8).
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Figure 6.5: Feasibility data demonstrates that different concentrations of ssDNA and dNTPs can be delin-
eated using our VNA setup. Left: 3 concentrations of 30 bp ssDNA in ionic solution are differentiable from
each other and from DI water. Center: dNTPs of 30x the concentration of 30 bp ssDNA strands are differ-
entiable from each other, indicating that this VNA setup works as an "entropy detector" since both solutions
have the same physical molecules and they are simply in a different form. Right: Different concentrations
of dNTPs are differentiable from DI water above a threshold of 500 µM dNTPs.

Negative Control Primer Verification

In order to check the validity of our results and analyze whether our chosen sequence is sufficient to validate
this sensor, we ran a flipped experiment where we kept the same input sequence targets (PC and NC), but
used the primer that was designed to recognize the NC sequence, which we’ll call the "B" primer. As
shown in Figure 6.11, the gel showed a strong signal for both the PC and NC template strands in this case,
indicating potential problems with our sequence design of the positive control primer. At the same time,
the VNA result in Figure 6.10 came back with a similar difference to the previous result with the positive
control primer in Figure 6.6. This is inconclusive, and we were unable to investigate further at this time, but
we discuss what this could mean for our results, and potential future work, in the Discussion section of this
chapter.

Results Taring

Figure 6.12

6.4 Discussion: More Ubiquitous Biological Sensing Challenges and Possi-
bilities

While the path to using a touchscreen capacitive sensor for DNA sensing is still not clear at the time of this
work, we made a few contributions that may aid in the development of such a sensing system. We developed
a VNA-based biological sample sensor, developed a protocol for its use, developed code for processing and
visualizing the data output, and analyzed the output of a few experiments to demonstrate its potential use
in further research. Further development and testing using this system could contribute to development of
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Figure 6.6: Testing the output of positive and negative control solutions on the VNA after running in an
incubator for 20 minutes at 60 ◦C. The positive control has a slightly different reflected signal at 80.84 kHz
than the

Figure 6.7: Results from the experiment shown in Figure 6.6
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Figure 6.8: Dynamic reaction on VNA without heat over 10 minutes. The positive control shows a different
signal than the negative control and no control strands.

Figure 6.9: Results from the experiment shown in Figure 6.8
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Figure 6.10: Negative Control Primer VNA Result

Figure 6.11: Gel results from the negative control template experiment indicate there may be some self-
annealing occurring in the positive control template.
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Figure 6.12: The sensor needs to be tared (or set a baseline to 0) before analyzing results. All VNA results
int his chapter (including Figure 6.6 and Figure 6.8) are tared by setting the average of the initial 50 frames
to 0 in the method illustrated in this figure, but other methods could be explored in future work.

usable in-field sensors leveraging the capacitive touchscreen of smartphones, but we have not proven this
yet.

6.4.1 Potential Conclusions

The results identified in the present study are not clear enough to indicate affirmatively that the nucleic acid
is being detected by this method.

While it appears that we may be seeing a consistent repeatable difference in signal across replicates in
this study, this difference could also be explained by a number of experimental condition factors that do not
relate to the desired experimental output. For example, the results observed could be due to slight differences
in ionic charge of the buffer based on slight differences in dilution procedure or specified equipment error
for pipettes and Nanodrop used in the experiment. Efforts were made to align these solutions as close as
possible in their ionic charge for the buffers used, but the differences appear to be within the error range of
pipetting and diluting techniques.

The results in the dynamic reaction case do show a difference, but the reaction was not run long enough
to fully see the end of the reaction. The behavior of the solution, though it was interesting to see in Figure
6.8 such a difference in the "NO template" case compared to the "NC template" and "PC template" cases,
when a similar buffer was inserted at step 3.

6.4.2 Sequence Design Limitations

Results in Figure 6.11 indicate that our original target sequences may have some self-dimerization or other
issues that may render our experimental results insufficient to answer our experimental questions. Our
sequence was chosen and modified from a sequence seen in literature and spot-checking in NUPACK 4.0
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and Benchling showed little signifant self-dimerization [Lee et al., 2018; Fornace et al., 2020]. However,
sequence issues are always possible, and further work and testing with designed sequences would enable us
to verify this system more fully [Zhang et al., 2018].

6.4.3 Sensitivity Limitations

If further testing is conducted and these results hold up repeatably, then the sensitivity of the reaction should
be considered for its applicability to diagnostics. At the current stage, no firm conclusions can be drawn,
but it’s important to note that the concentrations being used would not be relevant for diagnostics without
a nucleic acid amplification step (such as PCR). The most sensitive diagnostics operate at the Limit of
Detection (LOD) around 10 copies, and that correlates to a femto-molar range concentration at the volume
we’re testing, compared to the orders of magnitude larger range we’re testing. We saw this sensitivity in
our usage of RT-qPCR for viral detection on public transit infrastructure in Chapter 5, and the current state
of capacitance-based diagnostics falls short of that standard [Hoffman et al., 2022a]. This detection method
could be combined with amplification to enable it to be used, but this would necessitate the required lab
equipment and the benefits of this approach would be lost. Therefore, more work needs to be done in order
to validate the approach and assess the sensitivity more closely, but this work does not include enough data
to indicate that one way or the other. Still, as indicated in the Future Work section of this chapter, there
may be other molecular reporter-type systems to design (such as the addition of methyl blue) to amplify the
capacitance changes associated with a change in nucleic acid conformation. We are at the early stages of
the development of this type of output, so it’s unclear whether the limitations of this approach outweigh the
potential benefits, but more work to stabilize and characterize the system will provide more clarity.

6.4.4 DNA Sensing Mechanism

Multiple models have been proposed for sensing DNA via its effect on capacitance sensors, and we present
our own model in Figure 6.13, based on past work and our preliminary results with our new VNA DNA
sensor [Fritz et al., 2002; Stagni et al., 2006]. If we are sensing the change in conformation of the nucleic acid
material, we believe it could be due to the change in overall entropy of the system as dNTPs are consumed
by the polymerase and formed into a dsDNA product. This reduction in entropy removes molecules floating
in solution and attenuates the capacity of the solution to pass a signal from one port to the other. More tests
need to be done to confirm this.

6.4.5 Future Work

This work opens up many pathways for future work to contribute to our understanding of capacitance sensing
of nucleic acids, working towards sensing systems that may be compatible with the capacitive touchscreens
sensors on modern smartphones.

The next set of future work is experimental, with many different combinations of solutions and DNA
that could enable us to characterize the ability of our VNA sensor to detect changes in nucleic acids. For
example, new sets of target strands and associated primers could be designed that would enable us to see
a clear extension reaction occurring in lab-standard methods, such as E-Gels, which would enable us to
verify what we are detecting with the VNA. In addition, using new methods to dilute the samples. Finally,
comparing with modifications to the input molecules, such as heat-killing the polymerase after mixing (but
before extension) would allow us to compare two conditions with identical buffer concentrations. Different
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Figure 6.13: Proposed mechanism for VNA sensing of DNA presence in solution

types of reactions could be tested with our new device, including those that work with functionalization of
probes directly to the sensor to enhance the signal via proximity.

Finally are modifications to sensor device itself, in either the hardware or the computational software
that is used to process through the noise to reveal the signal of interest. It would be interesting to build a
microfluidics-based sample holder, which could control more precisely the volume of liquid being placed
on the sensor. In addition, we have begun to pursue temperature control for the VNA sensor, though it is
not reliably operational at the time of this writing. On the processing side, machine learning could be a
useful computational technique for further increasing our signal-to-noise ratio. Prior work used a method of
functionalization the recognition or probe strands, and that could be tested if a different reaction were used
and a redesign of the board were conducted to measure across the gap differently.

One set of future work is on the data analysis pipeline. There are many factors at play with our sen-
sor, including which frequencies to analyze and even which frequency bins to collect at experiment time.
Looking beyond just the magnitude of signal change into the complex and real parts of the signal separately,
may reveal insights we were unable to report on with the present study. Repeat testing is critical to ensure
robustness, so any experiment that works should be repeated and analyzed in an aggregate manner that il-
lustrates the average and error range to give confidence that the sensor will work into the future. Finally,
the aspect of taring (or zero-ing) the sensor is an interesting topic that deserves further study. Is the baseline
for the experiment when the sensor is empty (Step 1 in 6.8) and an open circuit is being interrogated? Or
is the baseline the moment after the mix is placed (Step 2 in 6.8) and the system is waiting to encounter a
target? We could apply machine learning to the entire frequency sweep of the VNA, or to a smaller set of
frequencies, which would allow characteristics of the signal that are not apparent to the human eye to be
recognized and used to classify results. However, it’s important to note that this should not be pursued until
we have a better sense of what our VNA sensor is recognizing, as applying machine learning arbitrarily to
medical data has a tendency to recognize coincidental markers not associated with the clinically-relevant
signal.

There are many interesting directions for future work enabled by this new sensor, and I hope that others
may pick up our designs and continue development to fully prove out this tool.
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6.5 Conclusion: Towards More Ubiquitous Sensing of Nucleic Acid Reac-
tions

As mentioned in Chapter 2, there are multiple options for molecular reaction output, but I chose to explore
capacitive output in my research due to its association with a sensor available on all modern smartphones.
While this is not yet proven in full on commodity capacitive sensors, I have demonstrated detection of
small changes in solution contents on a lab-based development kit. The experiments I undertook, alongside
my collaborators, to test the limits of these commodity sensors with the goal of detection of specific DNA
sequences associated with particular viruses demonstrated the final piece of my thesis. We need to develop
a biological understanding of the molecules of interest if we hope to sense them on ubiquitous sensors, such
as the nearly globally saturated set of touchscreen smartphones that people are already using in their daily
lives.

The future work items listed in this chapter also illustrate the thesis. Pursuing these items will enable us
to move closer to detection from both sides of the sensing axis in Figure 1.1. We will need to understand
capacitance-based nucleic acid sensing systems from the biology side, while also attempting to read the
signal through the noise; noise that will likely grow when we move the sensing to the ubiquitous smartphone
touchscreen. I hope that future researchers may pick up on this thread to further develop this work for more
complex nucleic acid reactions, including DNA computation, and move closer to a reaction that can be
sensed by the sensors already in use in modern phones to enable touchscreen interfaces.

In the next chapter, I will conclude my thesis by speculating and reflect upon the broader themes asso-
ciated with ubiqitous computing and biotechnology. If we can solve problems such as the ones described
in the preceding chapters, it could further democratize the methods of biotechnology to more scientists and
members of the general population, accelerating the growth of biological research and increasing access to
these screening tools and important health information for more people in the future.
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Chapter 7

Conclusions and Reflections

7.1 Background: Lessons from Ubiquitous Computing to Biotech

In this chapter, I conclude my thesis, reflecting on learnings from my PhD research and speculating about
how it may apply to future research in the health realm of the ubiquitous computing field. My four the-
sis projects, two in vivo sensing of blood-based health biomarkers and two in vitro nucleic acid sensing,
demonstrate ways we can build solutions that enable improved access to sensing health-relevant signals us-
ing devices we already have in our pockets. The aim my work has been (and will continue to be) to empower
more people to gather important information about their health so that they may act on it and improve their
chances at a heatlhy life. More work will be needed in order to bring these innovations to impact health-
care in the wider world, and I find it likely that we will need to enlist the help of an increasing number
and broader range of people in order to accomplish these goals. In my experience across computer science
and biotechnology, I am struck by the difference in the approachability of computing technology compared
to biotechnology. This leads me to envision the opportunity for bridging that gap, which will be critically
important as we continue to push both of these fields forward.

7.2 Projects Takeaways for Thesis

In analyzing the four projects together, a picture of how we can pursue research that applies ubiquitous
technologies to improve access to healthcare emerges. Both the Introduction in Chapter 1 and also Appendix
A give good summaries of my learnings, but here they are summarized before diving into Reflections of what
this means for the fields looking into the future.

The four thesis projects taught me different things about developing diagnostics based on ubiquitous
commodity sensors. Depicted in Figure 7.1, the two projects on the right (SpO2 and hemoglobin sensing)
using the smartphone camera to sense biomarkers in vivo showed that computational techniques could be
used to improve the signal-to-noise ratio and elicit the clinically-relevant signal of interest when the biolog-
ical and physical basis for those signals is well understood. The two projects on the left (passive viral and
capacitance nucleic acid sensing) showed that, in cases where the physics of how the molecule relates to the
sensing mechanism is not clear yet, more work should be focused on understanding that signal, so that we
may potentially amplify it to be brought into the range of the commodity sensors.
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Figure 7.1: The four thesis projects taught me different things about developing diagnostics based on ubiq-
uitous commodity sensors. The two on the right (SpO2 and hemoglobin) showed that computational tech-
niques, specifically machine learning, can be useful in health sensing using commodity sensors. The two on
the left (passive viral and capacitance nucleic acid sensing) showed that the underlying biology needs to be
understood before these computing techniques can be effectively applied.

SpO2

When gathering data for a machine learning based approach to health screening using ubiquitous sensors,
leveraging our physiological knowledge and gathering a representative dataset across the range of values
that we want to predict is effective in increasing accuracy to the point where it would be medically relevant
for screening.

Hemoglobin

In certain cases, we may have the physiological basis for reasoning that machine learning is possible to
objectively parse through the noise associated with ubiquitous sensors, but the data that is representative
of the range we want to screen for may not always be plausible to to gather. In these cases, different
computational techniques, including data balancing, data augmentation, and more complex models may be
used in order to increase the accuracy enough to be usable in screening. This can be helpful in indicating a
direction to pursue for applications in healthcare scenarios.

Metro Detection of SARS-CoV-2

Data that can be used for environmental monitoring can be gathered by passively leveraging infrastructure
present in the public transport systems in a city. However, when it comes to viral monitoring, the lab-based
techniques available for sensitive detection for these passive methods are not typically scalable enough for
a feasible approach to gather enough data for relatively passive monitoring.

Capacitive Sensing

Before sensing of molecules of interest can be accomplished, the physical and physiological explanation of
how that molecule may affect readings on the sensor must be well understood. We can develop tools that
emulate the sensor to enhance our understanding of the molecule biologically. In the case of nucleic acids,
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we can use these learnings to amplify the signal from the biological level and move towards the possibility
of ubiquitous, field-based detection that can be used in passive environmental monitoring and accessible
medical screening.

7.3 Reflections on Ubiquitous Biotechnology

My experience pursuing interdisciplinary research at the intersection of biology and computing technology
has allowed me some insights into promising directions for further research, particularly in applying ubiq-
uitous computing to biotechnology, but also in applying the process of developing computing to the process
of developing biotech.

What is Ubiquitous Computing?

The field of ubiquitous computing within computer science was envisioned by Mark Weiser in 1991 along-
side his famous quote describing the destination of all technologies: "The most profound technologies are
those that disappear. They weave themselves into the fabric of everyday life until they are indistinguish-
able from it." [Weiser, 1991]. We have witnessed this vision come to fruition in many cases, not only
with ubiquitous smartphones that are now irreplaceable in daily life, but also in the vast number of sensors,
displays, controllers, and chips that embed computing "smartness" and connectivity into everyday objects
[Rose et al., 2015]. The network of devices and applications continues to grow, and we, ubiquitous com-
puting researchers, continue to develop new ways to solve problems by leveraging these devices. Many of
these technological methods, based mostly on the transistor-based digital computer, are now just part of our
everyday life, and problems can be solved in new ways, in areas like healthcare, environmental, interaction,
accessibility, communication, safety, and many more.

This computing revolution was driven in part by Moore’s Law and the reduction in cost and size of
computing power [Schaller, 2002]. However, it would be a mistake to look at this trend in a vacuum.
Equally, if not more, important was the development of useful applications and uses for computers that
drove the consumer demand to enable companies to continue pursuing the realization of Moore’s Law.
Users saw plentiful reasons to buy computers and weave them into their lives because it solved problems
in new and convenient ways. By now, the smartphone has become a virtual necessity in modern life for its
multi-purpose utility. This not only makes the case for application-driven development, but also makes the
case for adding new uses for existing devices to effectively reduce the overall cost of that function. Users
can effectively amortize the cost over each of the functions it serves in their life.

And as more users felt it necessary to have digital computing devices, Moore’s Law and manufacturing
scale brought the cost down for those devices, to the point where hobbyists and hackers could afford to own
more and build with them, democratizing the development so that a plethora of ideas and groups fluorished,
as summarized by Walter Isaacson in The Innovators [Isaacson, 2014]. This benefited other digital circuit
based technologies with a feedback loop increasing their ubiquity. This can be analogized to where we can
aspire to be in biotechnology, as well.

7.3.1 Molecular Computing and the MPU

At this time, however, we cannot yet say the same about the affordability and ubiquity of biotechnologies.
Progress and breakthroughs have improved human and environmental health, but it is not the case that
the technologies of biology are ubiquitous for a wide majority of the population. We may learn biology
and organic chemistry in school, but there are not yet the at-home applications, nor the affordable tools

69



to enable most families to have a "personal lab" (PL) in the way that personal computers "PCs" became
ubiquitous. There are some very practical reasons for this, such as the fact that safety is critical in working
with chemicals of biology and chemistry. But many of those melt away, at least for specific cases like
molecular programming, if we can develop accessible tools and affordable methods of reading biology, such
as using the powerful sensors in our smartphones. Some examples of research in that direction exist today,
and many more developments are needed to hit a critical acceleration point, like we saw with personal
computing.

This hit home in the middle of my PhD work with the COVID-19 pandemic. Because of the devastation
of the pandemic and the public health effort to "flatten the curve", virtually everyone in the world learned
how to use a one-bit molecular computer. COVID-19 rapid tests became ubiquitous for a time when public
health concerns required us to live our lives based on whether a certain molecule was in our respiratory
system [Rai et al., 2021]. While we fervently hope nothing like that will ever happen again, experts
warn that dangerous pathogens will likely become more common as we head into the future [Harrington
et al., 2021; Cunningham and Hopkins, 2023]. In order to be ready, we need to continue to develop more
accessible and convenient modes of testing for viral pathogens and other biomarkers, and this will likely
accelerate the path we’re already on to have biotechnology "weave itself into the fabric of everyday life until
it is indistinguishable from it." COVID-19 tests became a part of everyday life due to a pressing need in
2020. What will be next?

Molecular computing has some theoretical advantages over digital computing, but the main drawback
that prevents that from making a difference is the bandwidth of information transfer from the molecular
realm to the digital realm. Sequencing can almost be considered an exception, but it does require time-
consuming sample prep and compute-heavy processing, effectively doing all the compute "work" digitally in
silico rather than offloading the molecular work to the processing unit. If the molecular world is to become
accessible to a wider swatch of the population, we should seek to perform workloads that make sense "in
vivo" in molecular form, and then find ways to rapidly transfer the output of that computing. As illustrated
in Figure 7.2, this effectively increases the bandwidth with which we can transfer information from the
molecular world to the digital.

Cross-Disciplinary Application-Driven Development

In order to drive this forward, we can take lessons for the development of the molecular computing field
from the development of the digital computer. We saw in the twentieth century that a cross-disciplinary
environment (like Bell Labs), driven by a strong urgency to solve an application (the telephone) can spur
development of new technoloties [Gertner, 2012]. Claude Shannon developed digital logic, and the team
of Shockley, Bardeen, and Brattain worked together to develop the transistor which could be combined to
implement digital logic. Over time, these innovations led to further development benefiting from other teams
of scientists putting together previously disparate ideas to solve real-world problems. In this context, there’s
a chance that COVID-19 was that initial developmental spur, with cross-disciplinary teams of scientists
coming together to solve tough problems, like we tried to do with the Passive Viral RNA Detection project
in Chapter 5. My experience in cross-disciplinary teams has been revelatory, and I believe that some of the
best innovations come from people who think differently about a problem collaborating together, speaking
enough of each other’s language to be able to translate across the sociotechnical gap, and taking bold steps
to try to solve problems in new ways.

In my research, I have viewed this as the process of solving problems within the context of computing
becoming uqiquitous. I have focused on health, and that has led me to a combination of computer science
and biotechnology. Biology is a technology (biotech) that has wound itself into daily life so much that it is
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Figure 7.2: The Molecular Programming Unit (MPU) and molecular reactions in general, when applied in
ubiquitous contexts such as phones, have relatively low bandwidth to communicate output to the Central
Processing Unit (CPU) compared to other more well-developed processing units, like Graphics Processing
Units (GPUs), Tensor Processing Units (TPUs), and Holographic Processing Units (HPUs). All develop-
ment of these was driven by their applications. The bandwidth of the MPU to the CPU will likely be defined
by sensors on the smartphone, which will connect with molecular data in new ways.

life. As others have noted, biology’s natural information store is DNA, and the analogues between biological
processes and computing have inspired a growing body of research. I believe that molecular computing has
the foundation to undergo a revolution in the next few decades, and it will be due to the cross-disciplinary
collaboration of multiple people and the drive of applications that solve problems.

As an important aside, I’m not ignorant of the fact that I write this at a time when scientific funding
and collaboration is being severely undercut in the United States, and it’s not without irony that I try to
make these conjectures that seemed true only a year ago, but I hope that the political wave subsides the
other way and we do see these teams work together again in four years and beyond. I have been fortunate to
benefit from wonderful people across the scientific spectrum who lent me their time, energy, and enthusiastic
teaching, and my projects would not have been possible without this collaborative environment.

Affordability and Access

One of the applications that is highly important to me is bringing down the cost and increasing affordable ac-
cess to healthcare. As Rosenthal puts in her book An American Sickness, the problem in America is not only
whether we can biologically accomplish something, but whether our systems of corporations, employment,
and intertwined health insurance qualifications will allow us to use it [Rosenthal, 2017]. My personal belief
is that healthcare is a human right, and political shifts need to continue in motion to achieve that reality.
Until then, there is opportunity for us, as computing technologists, to create solutions that empower people
to take control of their health. Many of my projects work towards that aim, as giving people at-home diag-
nostics using the devices they already own effectively provides screening low cost, if not effectively free.
This is the promise of digital computing in a world where computers are woven into our lives: software can
provide medical diagnostics at scale. My thesis works towards those aims, but we must acknowledge the
various levels of systems at play to understand how to fully realize that promise.

More affordable access to biotech will likely spurn new developments that we can only dream of; how-
ever, I would like to speculate a bit at the end of my thesis and six years of delving into both. If you can
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order DNA from a synthesizing company and read data about it on a device you already have, then you can
reduce the start-up costs for getting into biotechnology. If more people are in biotechnology, we start to see
the flywheel of application-driven democratization we saw with digital computing. I hope that we can avoid
some of the pitfalls of the digital economy, such as the notion of Winners Take All seen in software "tech"
companies when their products gain a small edge and they take the majority of the profits [Giridharadas,
2019]. If biotechnology truly benefits the world, then it should be designed by the majority of people and
serve the majority of the people. It should not be designed by global elite with the goal of lining the pockets
of CEOs who promise to pay it forward one day, as they rarely do, according to his book.

Outreach and Education

Another major category of applications that I will continue to seek with my work is educational outreach.
Education is not the same for everyone, both around the world and also between different areas of the United
States. This lack of parity or equity in the education system slows us all down from scientific progress. I
feel privileged to have been afforded the opportunities I have to pursue my dream and try to help people
with my skills. At the same time, I see potential of many students being undermined everyday in schools
where funding is not appropriate or attention is not being paid to all the students. I think it’s incredibly
important, especially at a publicly funded institution, to enable our innovations and research to positively
impact all people in the region and state. I have pursued projects that lend themselves to that well in trying
to create inspiring demos and travel to schools to show it off and make it seem more accessible. In addition,
I continue to choose projects that I feel can positively impact people who may not have access to healthcare,
and I think this will drive both more education and more healthy lives, to fully realize the potential of as
many as possible.

Relatedly, I think it’s incredibly important to consider that certain health problems have been shown to
affect different populations differentially based on socioeconomic and geographical factors [Farmer, 2001].
If we are privileged enough to be able to choose what projects we work on, it is important to choose to spend
our efforts to create solutions that can aid those who are underserved by current medical systems. In the best
case, we can empower communities to solve their problems in their own way, and I will carry this attitude
into my future work as I look toward my next chapter.

7.3.2 Future Work

Many questions were answered with my thesis, but many more questions were generated and remain to be
answered. This is the process of science research, and I especially look forward to others building on my
work. I made code from my projects open source and attempted to describe my steps in enough detail so
others can learn and continue building. I’m going to stay in the space and continue refining my skills and
putting my efforts towards building up the potential of concepts of ubiquitous computing applied to biology.

I remain very curious about the pathway for ubiquitous computing innovation to move forward and
impact healthcare. This can happen in many ways, whether it’s a publication that changes thinking about
what is possible or a deployment of a new innovation that is used by people to improve their health. I will
continue to pursue these questions throughout my life, and I leave this thesis with a few suggestions for
broader work to build on to see these aims achieved.

Statistical Analyses

One aspect that became clear to me as I pursued this cross-disciplinary work was that the statistical methods,
or the language of communication of results, differs between fields. Some translation is possible, but we
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really should seek to understand the rigorous methods of, for example, the medical field if we’re trying
to apply computing to medicine. Many scientists are doing so, but it became especially clear to me that
machine learning is not going to have the impact in healthcare we see in its potential if we do not go further
and validate our studies more fully on statistically significant sample sizes or, of course, on a clinically
relevant range of training and evaluation data. As we saw in the hemoglobin sensing work in Chapter 4, data
augmentation methods may be good enough to illuminate a path forward for a diagnostic, but they are not
enough to replace a lack of full coverage in the data we gather.

Adjusted Specificity

One topic that seems to be indicated as a path for future research is the concept of adjusted specificity. Is
there is a level of specificity of diagnostics that can provide a "good enough" balance between utility and
specificity for the application? Adjusted sensitivity has been discussed in prior work in the Ubicomp health
field in demonstrating that diagnostics. But the following question would be: if we maintain that level of
sensitivity by trading off specificity, how much specificity can we sacrifice if the diagnostic has high utility?
Health diagnostics are typically optimized for sensitivity and specificity, but, as we established in Chapter
1, utility can be important in providing more accessible tools for diagnostics, as shown in Figure 1.2. I
have not fully investigated this question with this thesis work, but I believe it is a topic that deserves further
study, especially in relation to resource-constrained situations or in the context of implementation science,
where the cost of deploying a new medical innovation is considered in the full calculus of whether a medical
intervention is an improvement over the current standard of care.

GlucoScreen

I have been afforded the opportunity to build on these concepts and this work by applying them in an
entrepreneurial context. A project on which I am a co-author, but which does not feature in this thesis, is
GlucoScreen, and this project has many features that I have striven to pursue. [Waghmare et al., 2023b]
This involves sensing a different molecule, glucose concentration in blood, but I will apply many of these
concepts that I have learned. I want to see how far I can take this project in providing the type of benefit we
describe in our motivation sections of research papers, and I am very excited to see how it goes!

7.4 Conclusion: Ubiquitous Democratizatized Biotech

If we are to reap the benefits promised by ubiquitous computing technology applied to healthcare, we need
to build technologies that can be used by more people. Taking lessons from the development of the computer
science field, including democratization and wide use of applications of technology, seems to indicate the
way forward. If we are driven by clearly valuable applications, we can accelerate development. If we can
focus the aims of the research on elements that impact the widest possible set of people, we can democratize
the innovations so that all can benefit. My research at the intersection of computer science and biomedical
engineering can pave a path towards that future, and I hope to continue developing applications that enable
more people to access these exciting innovations and improve healthcare along the way.
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Appendix A

Supplementary Information: Chapter
Summaries

This supplementary section contains the Background and Conclusion sections from each of the project
chapters (Chapters 3-6), which can allow the reader to trace the full trail of the thesis through all of my
projects. If the reader is already familiar with my published work, they may read this section instead of
all those chapters. They can start with Introduction and Related Work (Chapters 1 and 2), then read this
appendix section (Appendix A), and finally read the thesis Conclusion (Chapter 7). This will allow the
reader to obtain a flavor of my thesis findings in summary form in a continuous format, without re-reading
content with which they are already familiar.

A.1 Chapter 3 Summary: Measuring Blood Oxygen Saturation Non-Invasively
Using a Smartphone Camera

Background: Balanced Data Collection Inspired by Health Validation Studies

In an effective machine learning pipeline for biomarker sensing, the first step is gathering high quality data
for training that model. In my work on sensing blood oxygen saturation using a smartphone camera, I
noticed that prior studies into this had used a convolutional neural network (CNN), but did not gather a
clinically relevant range of data. Because we have a known physical model (the Beer-Lambert Law) for
sensing the proportion of hemoglobin molecules in blood carrying oxygen, we can understand why machine
learning can be applied in this case to sort through the noise inherent in using a commodity sensor.

In my project, the commodity smartphone camera emulated the purpose-built sensor of a pulse oximeter,
but the general purpose nature of the camera added some unhelpful noise into the signal. Machine learning,
particularly a relatively shallow convolutional neural network, proved to be a successful computational
technique to sift through that noise efficiently on a large scale over thousands of data points. In order to
demonstrate accuracy of the model on a clinically relevant dataset, I, along with my collaborators at UCSD
and SMU, gathered data for that model from test subjects in an induced hypoxemia study design, called a
Varied Fractional Inspired Oxygen (FiO2) study. This study was modeled on the requirements for clearing
a pulse oximeter device for medical use, which allows us to understand the medical relevance of a potential
diagnostic tool for which the physics and physiology is already fairly well understood, which allows us to
use the computational technique of machine learning to create a potentially clinically-relevant diagnostic.

See Chapter 3 for the full details on this project.
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A.1.1 Conclusion: Representative Data Collection in Machine Learning

In machine learning for health sensing applications, training and testing the resultant health tool on data
that is representative of the target population in both healthy and sick states is needed to demonstrate that
such a diagnostic tool would be useful in healthcare situations. My study was the first to measure accuracy
of smartphone pulse oximetry on a range of ground truth readings significantly below 90%, the threshold
below which many clinicians agree further medical attention and treatment is necessary. Prior studies in
smartphone-based pulse oximetry used different methods to gather training data, which did not allow this
analysis. Those studies revealed that machine learning may be possible, but mine was the first to test this
hypothesis all the way down to below 70%.

Designing the data collection based on the medical regulatory requirements worked in this case to pro-
duce good results at ranges that were previously unexplored, paving the path for future work that may
increase the accuracy of these methods to be usable in medical practice. It also paves the way for looking
at other biomarkers in a similar manner, such as those described in the following chapters of my thesis.
Next, we’ll look at how smartphone cameras can be configured to noninvasively detect the concentration of
hemoglobin in blood.

A.2 Chapter 4 Summary: Measuring Blood Hemoglobin Concentration Non-
Invasively Using a Smartphone Camera

Background: Data Augmentation for ML Training in Health

As we saw in the previous chapter, theory and practice show that machine learning models for healthcare per-
form best for patients when the physiological underpinning is well-understood, the sensor (general-purpose
or designed) can measure the expected signal, and a fully representative spread of data is gathered to train
the model. In those cases, we can be confident that the trained model fully represents the potential set of
patients who could use the diagnostic tool. Most importantly, we can be confident that the diagnostic tool
can perform accurately not only in cases when the patient is healthy, but also in cases when the patient is sick
and needs medical attention. This is crucial for establishing an adequate sensitivity vs specificity tradeoff
for all patients who may use that diagnostic (or utility vs specificity as described in Figure 1.2). However,
practical considerations in study design and patient recruitment can intervene, giving cases in which the
relevant range of data is difficult to obtain. For example, if the treatment is highly accessible or the lack of
treatment can be very dangerous, the treatment is necessarily applied quickly, helping the patient to recover
and simultaneously reducing our ability to gather training data that would be helpful in developing the new
diagnostic.

This was our experience in the case of pediatric anemia. I, along with my collaborators at MyOr, were
interested in trying to build a smartphone-based screening tool for the pediatric population. Treatments, such
as iron supplements, can be relatively affordable and available in many cases, which means that pediatric
patients can benefit greatly from low-cost anemia screening. It also means that it can be difficult to gather
training data from patients exhibiting anemia, as they are often already treated, especially in the hospital
setting in which we gathered the data. Even though the physiological explanation, that hemoglobin is the
major component of blood that reflects red light, was fairly convincing, and prior research showed that
simple machine learning techniques, like a multi-linear regression model, can give a good result, we could
not gather an adequate range of data for this study. Therefore, we looked to machine learning literature
and employed data augmentation techniques, particularly SMOTE, which enabled us to balance the training
data for our model. In this study, we showed that more accurate hemoglobin sensing across the full range
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of patients in a pediatric setting may be plausible and demonstrated that computational techniques can be
applied to data from commodity sensors to reveal the signal of interest out of the noise to improve access to
healthcare.

See Chapter 4 for the full details on this project.

A.2.1 Conclusion: Augmenting Machine Learning Data to Indicate Paths Forward for Di-
agnostics

When real-world circumstances prevent the collection of an ideal dataset for representing the states of the
predicted biomarker of interest, machine learning data augmentation techniques can provide an indicator for
paths forward. In this study, I worked with a startup company to redesign the data collection smartphone
application for the Google Pixel 6 Pro and advocated for gathering data across the full spread of anemic and
non-anemic test subjects. However, despite our best efforts, our collaborators at the hospital were unable
to collect enough samples from test subjects with anemia to balance the dataset. Data augmentation was
helpful in this case, showing that reasonable synthetic data could be sprinkled into the training process to
produce a more accurate model overall, illuminating the path forward towards a future where non-invasive
anemia screening may be helpful in identifying candidates for affordable treatment.

For real-world health diagnostics, it’s likely that a combination of good data collection, processing, and
modeling techniques are helpful. Ultimately, a combination of these data gathering and data augmentation
approaches add up to the most effective computational approach for building affordable health diagnostics
based on sensors built into ubiquitous computing devices. Also, these approaches typically work well for
sensing biomarkers which already have a well-developed physiological basis for how they interact with
sensors. I demonstrated the computational side of my thesis statement depicted in Figure 1.1 in these first
two projects on non-invasive, in vivo health biomarker sensing and learned lessons that I applied to my next
set of two projects on in vitro environment sensing.

In cases where the current detection modes are not as well-adapted to direct smartphone sensing, an
approach that begins with building understanding of the underlying biology is appropriate for beginning to
develop a smartphone sensor-based diagnostic. We will explore this side of the thesis in Chapter 6, beginning
with the motivations for how such a diagnostic could be useful for broadly scalable population sensing of
pandemic safety in Chapter 5.

A.3 Chapter 5 Summary: Passively Monitoring for the Presence of Viral
RNA in Public Transit Infrastructure

Background: Passively Collecting Viral Samples by Leveraging Infrastructure

Applying scalable sensing techniques to other areas that impact health, such as environmental pathogen
monitoring, became critical during the global COVID-19 pandemic. Data about whether a certain molecule
was located in a specific location defined whether people left their houses and interacted with each other.
In order to contribute to the solution for this and future pandemics, we attempted to passively monitor the
spread of the virus via a creative passive sampling technique that could theoretically provide a scalable map
of the spread of the virus.

I worked with King County Metro to place air filters, which we dubbed "passive fabric sensors", into the
existing HVAC air filtration systems of public transit buses. Between the passive sampling and subsequent
lab extraction and amplification, we demonstrated that the two steps needed for this system are possible,
but I noticed that the latter was more limiting in its scalability than the former. Our method to place these
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sensors and then gather those samples was relatively low-touch and scalable, but following that up with
standard laboratory techniques for RNA extraction and RT-qPCR was laborious, time-intensive, and required
specialized equipment in a well-equipped research laboratory. The goal of sensing the virus in a moving
vehicle attached to routing and timing data for the bus route has the potential to build a live map of the
risk of viral spread in different areas of the city. However, the difficulty of the second step, extracting
and affirmatively sensing the viral samples via RT-qPCR, reduces the scalability of the overall process,
preventing the accomplishment of these broader goals without enormous investment. As we will see in
Chapter 6, this experience inspired the final project in my thesis, and the combination of these two projects
demonstrates the left side of my thesis in Figure 1.1. Understanding the biology to effectively amplify its
signal is the second critical piece for improving access to screening for health-relevant biomarkers, and will
be explored in the next two chapters.

See Chapter 5 for the full details on this project.

A.3.1 Conclusion: Passive Sampling and Non-Passive Molecular Output

In its current state, qPCR is the gold standard for highly sensitive assays, such as the one that was needed for
detection of SARS-CoV-2 after passive environmental sampling. However, it is not a very efficient method
of detection, despite efforts to scale it up and bring it into the field. After designing and implementing a
viral surveillance system leveraging public transit infrastructure to assist with early warning for spread of
the COVID-19 pandemic, I identified that the main gap which prevents large-scale rollout of this method is
the molecular readout throughput. Improvements in conduction of the molecular signal to the digital world
would allow for scaling this method, as well as others, and answering finer-grained questions about the
spread of the virus. I developed a passive sampling methodology, but the output mode of the results was far
from passive.

Thus, I started developing a method that could imaginably be brought directly onsite for testing for
the presence of specific nucleic acid targets. With this, we could process many more samples and begin
to answer questions about disease spread in certain geographic locations, precise timing of when the virus
appeared in the filters, and more. This insight led me on a journey to discover more scalable ways to solve the
detection problem, which can be broken down to a biological understanding and molecular output problem.
The results of that investigation, and how they apply to my thesis, are shared in the next chapter.

A.4 Chapter 6 Summary: Detecting the Output of Nucleic Acid Reactions
Using Capacitive Touchscreen Sensors On Ubiquitous Smartphones

Background: Improving Access to Viral Sensing via the Smartphone Capacitive Touchscreen Sensor

For detection of viral pathogens, the gold standard for sensitivity and quantification is nucleic-acid based
amplification methods, such as RT-qPCR, but those techniques are not as affordable and available to all
due to their reliance on lab-based equipment and environments. As we saw in the previous chapter, this
detection method is one example of a range of techniques that enable the amplification of the signal that
a virus is present. These are all based on the positive recognition of a certain sequence of nucleotides
(the target or template) by a designed sequence of nucleotides (the primer), which triggers a chain reaction
of replication of that sequence (catalyzed by a polymerase), and quantified by increasing accumulation of
a signal from an attached fluorescent molecule. This requires a readout method, often (as in the case of
RT-qPCR) necessitating specialized lab equipment and energy input in order to provide the environment
to trigger this chain reaction and detect its output. While research efforts are underway to miniaturize and
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portabalize this equipment, alternative methods are being developed that obviate the equipment and provide
acceptable sensitivity for the application [Panpradist et al., 2021b,a].

Building on my experience from previous projects in using smartphones to detect health biomarkers
and detecting viruses using highly sensitive lab equipment, I reviewed the literature, the capabilities of
the smartphone’s various sensors, and I turned towards capacitance sensing of nucleic acid reactions for a
potential future look at how we may detect the presence of viruses in the future. The capacitance sensor of
most modern smartphones is used to sense and localize the touch of a user’s finger, and has converged to
a fairly standard design, despite some variations. In this chapter, I build on this standard design to explore
the potential for sensing the minute chemical changes associated with DNA hybridization and polymerase-
catalyzed extension. At this time, we are not yet at the stage where direct sensing of nucleic acid strands is
clearly feasible, so I, along with my Ubicomp Lab and MISL Lab collaborators, built a low-cost tool that
can be used in the lab to interrogate the capacitance characteristics of DNA solutions. We showed some
potential signs that nucleic acid isothermal amplification reactions may be detectable at certain frequencies
via a technique that is related to the mutual capacitance grid of electrodes in modern smartphones. The
process of doing so illustrates the full circle of development of biomarker sensing using commodity sensors,
starting from understanding the biology of the underlying molecule to attempt to amplify it.

See Chapter 6 for the full details on this project.

A.4.1 Conclusion: Towards More Ubiquitous Sensing of Nucleic Acid Reactions

As mentioned in Chapter 2, there are multiple options for molecular reaction output, but I chose to explore
capacitive output in my research due to its association with a sensor available on all modern smartphones.
While this is not yet proven in full on commodity capacitive sensors, I have demonstrated detection of
small changes in solution contents on a lab-based development kit. The experiments I undertook, alongside
my collaborators, to test the limits of these commodity sensors with the goal of detection of specific DNA
sequences associated with particular viruses demonstrated the final piece of my thesis. We need to develop
a biological understanding of the molecules of interest if we hope to sense them on ubiquitous sensors, such
as the nearly globally saturated set of touchscreen smartphones that people are already using in their daily
lives.

The future work items listed in this chapter also illustrate the thesis. Pursuing these items will enable us
to move closer to detection from both sides of the sensing axis in Figure 1.1. We will need to understand
capacitance-based nucleic acid sensing systems from the biology side, while also attempting to read the
signal through the noise; noise that will likely grow when we move the sensing to the ubiquitous smartphone
touchscreen. I hope that future researchers may pick up on this thread to further develop this work for more
complex nucleic acid reactions, including DNA computation, and move closer to a reaction that can be
sensed by the sensors already in use in modern phones to enable touchscreen interfaces.

In the next chapter, I will conclude my thesis by speculating and reflect upon the broader themes asso-
ciated with ubiqitous computing and biotechnology. If we can solve problems such as the ones described
in the preceding chapters, it could further democratize the methods of biotechnology to more scientists and
members of the general population, accelerating the growth of biological research and increasing access to
these screening tools and important health information for more people in the future.
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A.5 Chapter 7 Summary: Conclusions and Reflections

Background: Lessons from Ubiquitous Computing to Biotech

In this chapter, I conclude my thesis, reflecting on learnings from my PhD research and speculating about
how it may apply to future research in the health realm of the ubiquitous computing field. My four the-
sis projects, two in vivo sensing of blood-based health biomarkers and two in vitro nucleic acid sensing,
demonstrate ways we can build solutions that enable improved access to sensing health-relevant signals us-
ing devices we already have in our pockets. The aim my work has been (and will continue to be) to empower
more people to gather important information about their health so that they may act on it and improve their
chances at a heatlhy life. More work will be needed in order to bring these innovations to impact health-
care in the wider world, and I find it likely that we will need to enlist the help of an increasing number
and broader range of people in order to accomplish these goals. In my experience across computer science
and biotechnology, I am struck by the difference in the approachability of computing technology compared
to biotechnology. This leads me to envision the opportunity for bridging that gap, which will be critically
important as we continue to push both of these fields forward.

See Chapter 7 for the full details on this project.

A.5.1 Conclusion: Ubiquitous Democratizatized Biotech

If we are to reap the benefits promised by ubiquitous computing technology applied to healthcare, we need
to build technologies that can be used by more people. Taking lessons from the development of the computer
science field, including democratization and wide use of applications of technology, seems to indicate the
way forward. If we are driven by clearly valuable applications, we can accelerate development. If we can
focus the aims of the research on elements that impact the widest possible set of people, we can democratize
the innovations so that all can benefit. My research at the intersection of computer science and biomedical
engineering can pave a path towards that future, and I hope to continue developing applications that enable
more people to access these exciting innovations and improve healthcare along the way.
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B.1 Supplementary Information

B.1.1 Benchmark Ratio-of Ratios Model Results

Figure B.1: Benchmark Ratio-of-Ratios Model Results. Applying the ratio-of-ratios model from [Nem-
cova et al., 2020] shows that this model does find a pattern in the RGB data gathered from a smartphone, but
overall does not perform as well as the CNN model. The average MAE increases by 2.12 to 7.12 (σ=1.64).
On certain portions of the data, such as the portion of Subject 1’s data where the peaks are dampened due
to calluses attenuating the signal, the slope of the PPG rise falls below 1 and the ratio-of-ratios model is
undefined, and thus those samples are dropped from this analysis.
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B.1.2 Including training data <70% SpO2

Figure B.2: Including training data <70% SpO2. Including all data in training the model, including data
below 70% SpO2 ground truth, reduces accuracy of SpO2 inference. This is due to the fact that the ground
truth pulse oximeter used as a transfer standard for comparison in this study is not validated to be accurate
below 70% SpO2, as it is only required to be validated in the 70% to 100% SpO2 range, as per the ISO
standard 80601-2-61:2017 [Food et al., 2013]. Increased error in the training target for training examples
below 70% negatively impacts training, reducing the overall accuracy of the resulting model and validity
of using the model for inferring SpO2 below 70%. Additionally, the study was designed so that the target
for minimum SpO2 level was 70%, and thus, only 2/6 subjects had a significant distribution of data below
70% to train and evaluate. Due to these factors, the analysis of data collected above 70% SpO2 is performed
throughout the paper.
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B.1.3 Regression Results after normalizing heart rate

Figure B.3: Removing heart rate. After resampling the data to detect and remove the heartrate, and
training the model on 3 beats of 60bpm PPG data, the MAE increases by 0.35 to 5.35 (σ=1.90) and R2

decreases by 0.07 to 0.54, and additional spread in the predictions is observable for a couple test subjects.
This indicates that heart rate may be contributing to the model predictions; however, this cannot explain the
full predictive power of the model, as some of this increased error is likely contributed by the HR detection
and resampling process.
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B.1.4 Subject histograms

Figure B.4: Subject Histograms. Histograms of ground truth samples gathered from from all 6 test subjects
in the study show that all but one subject have a significant spread of data between 70-100%, while only half
of the subjects have more than a couple samples below 70%, the minimum SpO2 level defined in the study
protocol.
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B.1.5 Ground truth variation

Figure B.5: Ground Truth Variation. Difference plots show that there is some variation in the other
pulse oximeters that measured SpO2 level on each subject, compared to the tight tolerance reference pulse
oximeter that was used to measure ground truth in this study (Masimo Radical-7). The variation, measured
by mean difference was between -0.38 and 0.7, with Standard Difference between 1.59 and 2.94. This
variation may have been due to the error range of the pulse oximeters, slight differences in timing between
the readings of the pulse oximeters, or differences in value of SpO2 between the subjects’ different hands or
fingers.
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B.1.6 Open source data table

Figure B.6: Open Source Data. Info on filenames in the open source data associated with subject numbers
in this study.
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Supplementary Data 1. Zip file of open source camera oximetry data
A Github repository has been set up with a Zip file of the data collected in this study, documentation,

and example data-loading code:
https://github.com/ubicomplab/oximetry-phone-cam-data.
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Appendix C

Supplementary Information: Phone
Hemoglobin Sensing

C.1 Supplementary Methods

C.1.1 Enrollment Criteria

Patients aged 6 months to 18 years who had undergone a venous blood draw for a CBC since being admitted
to the hospital no more than 24 hours prior to study enrollment were eligible for enrollment. Patients with
total leukonychia, nailbed darkening or discoloration due to medication, nail clubbing, clinically indicated
jaundice, subungual hematoma, nail bed lacerations, avulsion injuries on both hands or nail polish applied
on fingernails were not eligible for study recruitment.

C.1.2 Data Collection

Patients were instructed to place their hands in a customized chamber in a splayed position for data collec-
tion. The customized chamber was designed to create a study setting whereby the patient’s hand could be
photographed and filmed with a smartphone without any ambient lighting and with the distance and angle of
the camera and fingernails held at a constant. Supplementary Figure C.1 provides the chamber’s schemat-
ics and depicts the chamber in the study setting. An Android-native application (app) was designed and
developed for the purpose of the study data collection. The app was programmed to capture four separate
photographs and two 15-second video clips of an individual’s hands along with the image metadata. The
following phone and camera settings were held constant: exposure, focus distance, white balance setting,
gain (red, green and blue separately), and flash. Accelerometer shakiness was held steady using the sample
collection chamber depicted in Supplementary Figure C.1. Finally, the app recorded patient ID, sex, age and
all CBC results.

C.1.3 Data Preprocessing

Fingernails from patient images were manually tagged and used to post-train an object-detection classifier,
YOLOv8 (You Only Look Once), to detect patient fingernails from a set of images13. Video clips were
automatically detected and parsed by frame and the post-trained YOLO model was applied to the detected
frames for automatic fingernail detection. Each fingernail image was cropped to 50x50 pixels by cropping
the edges of the fingernail and using only the center of the fingernail. A quality assessment pipeline that
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Figure C.1: a. Schematics of collection chamber with aperture for smartphone camera. b. Collection
chamber in the study setting c. Hand, fingernail and skin image from GP3. Fingernails and skin detected
from images or videos taken with the GP3 were each 20X20 pixels (400 pixels total), d. Hand, fingernail
and skin image from GP6. Fingernails and skin detected from images or video taken with the GP6 were
80X80 pixels (6,400 pixels total).
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Figure C.2: Histograms depicting the distribution of blood hemoglobin levels in the cohort is presented
above. Samples taken using the GP3 are depicted in the upper panel, and samples taken using the GP6 are
depicted in the lower panel.
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Table C.1: XGBoost Model Performance for the Classification of Anemia From Images Taken With a GP3
and GP6

averaged the blur (Laplacian variance), saturation and brightness was applied. This was calculated by di-
viding the Laplacian variance of each image by 100 (the default threshold), the average saturation by 0.15
and the average brightness by 0.15. A weighted between 0 and 1 was output for each. The composite qual-
ity assessment score was calculated by averaging the weighted individual scores. The 100 highest-graded
images from each individual were selected and combined into a single composite image. Composite image
pixels were extracted and converted into the following 5 color spaces; RGB, HLS, LAB, LUV and HSV.
A histogram representing the color intensity was constructed for each of the 15 color channels and was
input into the machine learning model. Additionally, a 50x50 pixel area of skin from the middle finger was
detected and automatically matched to its corresponding Monk skin tone (MST) swatch which was input
into the machine learning model along with the relative error of detected MST to account for inter-level
variabiality14. Figure C.1a and C.1b depicts the data preprocessing workflow.
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Table C.2: XGBoost Model Performance for the Classification of Anemia from Images Taken With GP6
Using the SMOTE Technique
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D.1 Supplementary Information
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D.1.1 Testing in-house extraction protocol on contrived samples

In each RT-qPCR assay, we included a negative control of two replicates containing nuclease-free water
(AAJ71786AE, Fisher Scientific) that underwent the TRIzol isolation steps in parallel to the samples. Each
assay also included three positive controls containing 10, 100, or 1000 copies of purified RNA controls
including the N gene regions of SARS-CoV-2 (102024, Twist Biosciences, San Francisco, CA). To test the
efficiency of TRIzol isolation of RNA from viral envelopes, the TRIzol extraction and RT-qPCR method
was performed on AccuPlex enveloped RNA reference material (0505-0126, Seracare, Milford, MA), and
results are displayed in Figure D.1 below. In addition, a spike control experiment was performed with MCE
filters to assess the extraction efficiency of the method, and results are displayed in Figure D.3.
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PCR curves from controls testing

Figure D.1: Controls PCR curves for N1 gene.
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Table of results from controls testing

Table D.1: CT results for controls. All controls above 10 copies/sample amplified in our testing. For copy
numbers below the LOD of the PCR reagents (10 copies/sample), amplification still occurred intermittently.
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qPCR Standard Curve

Figure D.2: Creating a standard curve from the controls samples and fitting the CT results from bus runs
onto that standard curve reveals most of the bus results contained a small estimated copy number of below
10 viral cells per 8 uL of extracted sample.
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D.1.2 Extraction Efficiency - Drip Control Experiment

Figure D.3: Controls results from spike control experiment with filters to test extraction efficiency after
dripping control onto filters.
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Figure D.4: Creating a standard curve from the drip controls experiment and fitting the CT results from
extraction drip controls reveals that we lose about half of the copies placed from filter extraction and half
again from RNA extraction.
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Figure D.5: CT results for positive results from buses were compared the sum of daily cases in King County
for the past 7 days, and a Pearson’s Correlation of -0.687 was observed.
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Table D.2: CT results for drip control experiment. 66.7% (6/9) of positive filter extraction drip controls
amplified and 5.6% (1/18) of negative controls amplified. Efficiency of extraction is calculated based on
standard curve generated within the experiment of a PCR dilution ladder of RNA controls (Twist).
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Legend Key

For Figures A7-B10:
Color, Well Number (96-well plate): Unique ID, Sample Description (including bus vehicle ID number

and sample location or control type), Gene Target.
Examples:

• A4 = Column A, Row 4 of a 96-well PCR plate

• BFN12 = Bus sample, Front bus air filter, (N) Mixed Cellulose Ester filter material, 1st sample from
that bus, 2nd replicate from that sample

• 4552 = Bus vehicle ID 4552

• CP12 = Control, Positive, 1st control sample, 2nd replicate of that control

Key:

• G = Polypropylene Fabric

• F = Biopsy Foam

• P = Paper

• N = Mixed Cellulose Ester

• E = EnviroMax Swab

• S = Swab Rails

• BS = Swab filter

• B, F, FS, BF = Air filter sample
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PCR curves from bus testing

The method was also validated on environmental samples collected from buses. The procedure detected
RNA from SARS-CoV-2 using both the air filter and the swab method. The results can be seen below in
Figures S2-S5.

Figure D.6: Bus PCRs from first positive test result in Aug 2020.
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Figure D.7: Bus PCRs from collection dates Oct 2020.
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Figure D.8: Bus PCRs from collection dates Nov-Dec 2020.
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Figure D.9: Bus PCRs from collection dates in Jan-March 2021.
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Table of results from bus testing

Table D.3: Full set of results from buses tested at King County Metro. All buses, replicates, and samples
are recorded, alongside whether or not they amplified in PCR testing and also their CT values.
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D.1.3 Verification of Sample via native-PAGE

Figure D.10: Randomly selected positive PCR samples were analyzed using a 12 percent polyacrylamide
gel. The arrowhead indicates the expected size of the PCR product from both N1 and N2 probes. Labels
differentiate between air filter and swab samples, as well as an RNA positive control. O’RangeRuler 10bp
DNA Ladder (SM1313, ThermoFisher)

129



D.1.4 Method comparison to Qiagen column-based RNA extraction kit

Column-based extraction kits (52906, Qiagen, Hilden, Germany) were used to extract environmental sam-
ples collected on March 2nd, 2021. Each 5 RNA product was assayed with TaqPath 1-step RT-qPCR N1
and N2 assays and compared to its counterpart replicates processed by TRIzol extraction (Figure D.4).

Table D.4: A comparison was performed on 3/2/21 to understand how the results of our method compared to
the silica-based extraction method. Based on these limited results, it appears that the sediments introduced
by swab samples may interfere with precipitation and/or amplification of SARS-CoV-2 RNA using this
method; whereas samples with very high CT (and thus low copy numbers) were not detected using Qiagen
kits, indicating that this method may be more sensitive to low copy numbers when the sample is relatively
clean, as is the case with passive air filter sampling.
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Extraction Contaminants

The filter swab samples were the siltiest, returning from the bus depot with the darkest brown color. The dif-
fering ways that filter methods of TRIzol-based and column-based RNA extraction interacted withthese dirt
particles likely caused difference in results for the two methods. TRIzol-based extraction resulted in posi-
tive results that column-based method missed, while the column-based method resulted in more positives in
especially dirty samples.
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Figure D.11: Swab samples’ appearance after our extraction method suggests that dirt and debris could
interfere with PCR results, increasing number of false negatives for especially dirty samples. Top Resulting
tubes after extraction by TRIzol-based extraction (our method) for 2 samples from air filters (two on left)
and two samples from filter swabs (two on right). The filter swab samples were especially dirty before
extraction, and some of that dirt ended up in the post-extracted material. Bottom Resulting tubes after
extraction by column-based method (Qiagen). In column-based extraction, even the dirty bus swab samples
remained clear after extraction, suggesting that they filtered different content than the TRIzol-based method.
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Total Cost

Lab Materials

Sampling Materials

Table D.5: Cost breakdown of lab materials. Note that these reagent and supplies costs were based on the
small scaled purchased and did not include the labor cost.

D.1.5 Cost Analysis of Method

We have shown that passive filters with minimal installation requirements are capable of capturing ex-
tremely low quantities of viral particles. However, the concentration step with TRIzol-extraction makes our
procedure more time-consuming and costly per-sample than other methods, such as column-purification and
amplification of nucleic acids for Disease Control and Prevention [2020]. This paper details the results of
82 individual samples separately tested across 45 buses. In theory, by combining samples from the same
bus in the concentration step, or by limiting the number of locations to install filters in each bus, the effort
to assay multiple buses may be reduced in. Ultimately, while our method does not include cost-prohibitive
or difficult-to-obtain materials, the cost of scalability must be considered alongside the increased sensitivity
when comparing to alternative detection methods (Figure D.5).
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D.1.6 Code Availability

Code for processing PCR results will be made public on Github at: https://github.com/jasonhof/
pcr_utils.
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Appendix E

Supplementary Information: Detecting
Nucleic Acid Reactions Using Capacitive
Touchscreen Sensors on Ubiquitous
Smartphones

E.1 Challenges

Despite this feasibility data, the results of this project did not fully prove whether sensing nucleic acids with
the touchscreen is possible. The technical challenge still exists, and we have identified three challenges to
continue pursuing on this project.

Challenge 1

The first challenge concerns the fact that the data collected from the mutual capacitance sensors, like the
smartphone touchscreen DK, is not clear yet. We are building algorithms and protocols to gather and process
data differently to understand the nature of the differences between this sensor and other capacitive sensors,
such as the VNA. However, there’s still a chance that some aspect of the smartphone sensor (sensitivity,
frequency, layout, etc) may not be amenable to sensing biological material.

Mitigation 1

If this is the case, our proposed mitigation would be to focus on developing an inexpensive USB-C attach-
ment based on the freqencies and sensitivity revealed by the VNA. At the same time, we can characterize
why the smartphone screen problem is difficult.

Challenge 2

The second risk is that the results we’re seeing today with the VNA may not replicate well when other
needed reactants are thrown into the mix. Our feasibility data thus far has involved creating the products
of reactions and putting them on the sensor to simulate what an output would look like after we design the
full system. This has shown good results, but the full system will include components, such as primers and
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enzymes, that are not currently being measured, and there’s a chance we may not be able to separate result
from noise.

Mitigation 2

If this turns out to be the case, we can adjust the protocol to add extra experimental steps to clear the product
reaction mix of those confounding materials, either by filtering or extracting the product into a new solution
mix. This will complicate the reaction steps, reducing the wide availability of the results, but will still point
us towards the steps needed to produce a more ubiquitous capacitance sensor for molecular reactions.

Challenge 3

The proposed targets of the proof-of-concept reaction may not entirely work as planned. This could be due
to unforeseen folding of the nucleic acid targets, or safety restrictions on working with certain materials. We
will follow our university’s safety guidelines, and we have worked with viral control particles before, but
there’s still a chance that some confounding factor may pop up.

Mitigation 3

If this is the case, we can pivot to a different DNA target to show feasibility quickly, such as HIV drug
resistance or synthetic target. There are many such diagnostics designed, and we can read the background
of various options to choose a suitable target.

E.2 VNA Sensor Supplementary Data

Using a standard lab technique of an electrophoretic gel (QIAxcel), we verified that a reaction with our
designed polymerase extension reaction is working as expected, as shown in Figure E.1.

Figure E.1: An electrophoretic gel (QIAxcel) was run to verify the reaction that was expected to occur on
the VNA.
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Figure E.2: The differences between solutions were more clear at certain frequencies than others, indicating
that certain reactants within the solutions were more responsive to certain frequencies of input impulses.

One key aspect is the frequency of the impulse wave that is used for sensing in mutual capacitance
touchscreens. DKs for mutual capacitance touchscreens, such as the Microchip unit that we have, operate in
the frequency range of 20-200 kHz. Based on this range, we analyzed the response of the different contents
of solutions at different frequencies of input impulse response, as shown in Figure E.2. This data would help
inform the design of a capacitive touchscreen sensor to improve the signal that might be differentiable.

E.3 Results on Touchscreen

Experiments with mutual capacitance touchscreens have not been fruitful in delineating a difference between
different concentrations of solution, using ssDNA or salt buffer. Thus far, we have tested on a Google Pixel
8 touchscreen and a touchscreen dev kit (DK) (Microchip). The results from the mutual capacitance dev
kit are shown in Figure E.3. In the future, researchers could further tests on this to attempt to understand
the limitations of the touchscreen as it relates to the VNA in terms of freqency, sensitive range, area, and
processing software.
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Figure E.3: Data gathered using a mutual capacitance dev kit (DK) (Microchip) shows that it may not be
detecting capacitance in the same way as the VNA setup. Investigating this further through using the VNA
may enable us to understand how to implement this on smartphones in the future.
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