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Abstract

Abnormal tissue growth may be caused by multiple factors such as genetic
predispositions and exposure to carcinogens. For instance, sickle cell disease is caused by
a defective gene that leads to the production of abnormal hemoglobin. In the most severe
instances, sickled red blood cells can obstruct microvasculature, leading to organ
dysfunction and intense pain. Proactive monitoring can enhance treatment strategies and
prevent further progression of the disease. The gold standard for many different abnormal
tissue(sickle cell disease, breast cancer etc.) detection is histopathological evaluation.
However, histological diagnosis methods can be time-consuming, labor-intensive and
expensive. As an alternative, quantitative phase imaging (QP]I) is a label-free microscopy
technique that provides thickness information of thin, transparent objects. Without the
need of extraneous dyes, QPI offers nanoscale sensitivity to cell morphology and
structural changes.

Previous studies have shown that a QPI-based imaging modality coupled with
microfluidics and machine learning, termed holographic cytometry (HC), is an effective
tool for identifying unique biophysical traits of red blood cells(RBCs). In this dissertation,
initial works begin with investigating HC’s abilities in identifying abnormal cells in
simple homogenous samples such as breast cancer cell lines and proceed to expand the

tool’s use for heterogenous samples. Through further hardware development, a novel

iv



portable high throughput interferometric chamber (InCh) system, which can screen for
abnormal cells in point-of-care settings, is presented in chapter 5.

The findings on the implementation of HC to distinguish carcinogen-exposed cells
from normal cells and cancer cells are presented in chapter 3. This has potential
application for environmental monitoring and cancer detection by analysis of cytology
samples acquired via brushing or fine needle aspiration. By leveraging the vast amount
of cell imaging data that is obtained with HC, are able to build single-cell-analysis-based
biophysical phenotype profiles of the examined cell lines. Multiple physical
characteristics of these cells show observable distinct traits between the three cell types.
Logistic regression analysis provides insight on which traits are more useful for
classification. Additionally, demonstrate that deep learning is a powerful tool that can
potentially identify phenotypic differences from reconstructed single-cell images.

Different from lab-grown cell lines, human cell samples are a heterogeneous
mixture consisting of both healthy, moderately healthy and unhealthy. In the case of sickle
cell disease(SCD), only a portion of RBCs are sickle-shaped while majority of a blood
sample may still be disc-shaped. To address this issue, a selective search algorithm, based
on previous biophysical profiling methods with HC, has been developed to single out any
abnormal RBCs within a biopsy sample. By identifying the defining features of sickled
red blood cells (RBCs), the algorithm constructs a comprehensive profile that

distinguishes between diseased RBCs in sickle cell disease (SCD) and normal RBCs. This



profiling enables differentiation between SCD patients and healthy individuals,
facilitating better diagnosis and treatment planning.

Despite the many benefits of applying the HC system for cytological sample
evaluation, it has, to this day, been a difficult modality to implement in clinical settings
due to its extreme susceptibility to environmental vibrations, high maintenance, and high
build costs. A new design of high throughput QPI has been constructed in this work to
counter the issues with the current HC system. Customized microfluidic structures act as
beamsplitter, enabling the design of a near common-path interferometric imaging system
and eliminating much of the optical components required in the previous HC system
design. This new system demands fewer optical components, requires less alignment, and
is resistant to environmental vibrations. By combining this newly developed hardware
with the software algorithms from the previous two experiments in this thesis, new

possibilities for point-of-care clinical applications are unlocked.
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1 Introduction

1.1 Motivation

Holography is a ground-breaking creation invented in mid-20* century by Dennis
Gabor in an attempt to improve electron microscopy. This innovative technique
eventually earned him the Nobel Prize in Physics in 1971. Based on the Greek word
“holos”, meaning the “whole”, holography would capture the whole information of the
object, including phase and amplitude instead of just intensity. Since the invention of
lasers in 1960, research in the field of holography has continually expanded, finding
applications in areas such as education, entertainment, military and medicine etc.
Conventional holography typically requires a photographic plate to capture the
interference patterns during the recording process, which is then used in the playback
process to reconstruct the phase and amplitude information. Digital holography, however,
records all information onto electronic sensors and uses numerical processing for
reconstruction, making the process much simpler.

QPI is a microscopy technique based on digital holography that provides fast
nanoscale measurements of cell dynamics, structure, and function. Without the need for
exogeneous contrast agents, QPI can produce high quality phase images of optically-
transparent cells within milliseconds. Many research groups have studied, extensively,
the application of QPI for cellular analysis, however, little research is done on the

development of clinically accessible high throughput QPI for low resource settings.



Several research teams are exploring gradient-based Quantitative Phase Imaging (QPI)
techniques that produce high-resolution phase images, although these methods are
currently limited to imaging just a few cells at a time.” . In the space of high throughput
QPI research, other groups have seen success in taking on a fast-scanning time-stretch
approach to maximize QPI framerate, producing a state-of-the-art throughput of 77,000
cells/second®. In general, time-stretch QPI system takes an all-optical approach to
multiplex 2D phase-shifted images into 1D time sequence. The system takes advantage of
the GHz level data transmission capabilities of single-pixel photodetectors to maximize
readout speed’’. Despite this, a large amount of computing power is needed for decoding
the multiplexed information, greatly increasing reconstruction time and computation
costs. Additionally, GHz level optical photoreceivers cost around $5,000, which is much
more expensive than the $300 high framerate cameras commercially available. Significant
advancements in the current research field are necessary to evolve QPI technology into a
form suitable for point-of-care clinical settings.

In recent developments, it has been shown that addition of microfluidics to digital
holography enables high throughput QPI. From a simple finger prick-like blood sample
or a minor biopsy sample from fine-needle aspirations, high-throughput holographic
cytometry (HC) can collect data on millions of cells and produce comprehensive
biophysical profiles for each individual patient, providing detailed information at the

single-cell level® 3. Cellular holograms are rich in morphological information, which can



be exploited to help define the characteristics of diseased cell morphology versus healthy
cell morphology. The collected data can be further utilized to train artificial intelligence
to recognize features of diseased cells, enabling these cells to be flagged during clinical
screenings.

The overall aims of the research presented in this dissertation are: (1) preliminary
study on whether HC would be a suitable tool for cancer cell detection in fine-needle
aspiration samples, (2) development of high sensitivity and high accuracy algorithms for
the HC system with the goal of providing sickle cell disease diagnosis, and (3)
development of low-cost and vibration-resistant high throughput QPI system that can

potentially fit clinical needs.

1.2 Document Organization

The dissertation is organized in the following order: Chapter 2 provides a
comprehensive overview of the background on QPI techniques and the various types of
diseases that can be detected using these methods. Chapter 3 delves into the efficiency of
high throughput quantitative phase imaging as a tool for disease detection, highlighting
its advantages over traditional flow cytometry. Chapter 4 discusses in detail the
algorithmic advancements that improve the previously developed machine learning
models' capabilities to differentiate between healthy donor blood samples and those
affected by SCD. Chapter 5 introduces a novel, compact high-throughput QPI system

that advances the technique towards clinical application.



2 Background

2.1 Off-axis Quantitative Phase Imaging

Quantitative phase imaging (QPI) is a label-free imaging modality that can
visualize cellular structures without the need of fluorescent dyes. The modality offers
nano-level sensitivity to subtle height changes in optically transparent cells with
milliseconds temporal range!®. Many research groups have investigated QPI’s
feasibility in detecting singular cell reaction to external stimulations'+'¢; but there have
been limited known high throughput QPI systems.

While numerous methods exist to obtain quantitative phase images, the studies in
this dissertation utilize QPI systems based on off-axis interferometry. In this approach,
the reference field intersects the detector at an angle, generating high-frequency spatial
fringes. Figure 2.1(a) shows a typical interferogram that can be transformed into a phase
map. 2D Fourier transform of the map in figure 2.1a enables isolating the high frequency
phase terms that are shown in figure 2.1b. Due to the angled reference field, the phase
terms are modulated and shifted to higher spatial frequencies, shown as bright spots at
the top left and bottom right. The complex field, containing phase delays caused by the
sample, is obtained by extraction of the 2D Fourier space high frequencies (highlighted by
the black circle in figure 2.1b) to isolate one of the bright spots and then inverse Fourier

transformation, which results in the cell phase image shown in Figure 2.1(c).



Subsequently, segmentation, background subtraction and suppression algorithms are

applied in postprocessing to achieve best quality cell phase images.

Figure 2.1 Quantitative phase imaging of live breast epithelial (MCF10A) cell in growth
media: (a) Single off-axis interferogram; (b) Spatial spectrum of this interferogram. (c)
Surface plots of the final unwrapped phase®.

2.2 High-throughput QPI - HC

Although QPI is extensively used for analyzing cell dynamics, each study can only
analyze a small number of cells at once! 1516, With a stationary sample stage, manual
translation for focusing and finding the appropriate field-of-view(FOV) makes it difficult
to image large number of cells. In comparison, typical imaging flow cytometry systems
can capture information on up to 1000 cells/sec ”.

Holographic cytometry(HC) is a QPI modality that offers comparable acquisition

rate (~ 420 cells/sec) to commercial imaging flow cytometers! > ¢. Figure 2.2 illustrates the
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Figure 2.2. Holographic Cytometry system diagram.!

classic Mach-Zehnder interferometry system used in the HC setup to capture off-axis
holograms. Laser light is modulated by an acousto-optic modulator at 300Hz, matching
the camera acquisition rate of 300fps. The modulated beam is split into reference and
sample fields by a fiber coupler and each collimated by a collimator. Throughput of the
system is optimized by the implementation of the customized microfluidic element in the
sample arm. With multiple parallel channels, the microfluidic element allows for multiple
cells to flow through the FOV in uniform direction at once. The sample beam transmits
through the microfluidic element and is collected by a 20x, 0.4NA objective. Subsequently,
the two fields are combined by a beamsplitter and projected onto the camera, forming

digital interferograms. The camera utilized in this setup is a 4096x96 pixel large 2D sensor



array (Teledyne Dalsa, Waterloo, ON, Canada), allowing the FOV to encompass multiple

channels.

2.3 High-throughput QPI — Time-stretch

An alternative type of high-throughput QPI method is the multiplexed
asymmetric-detection time-stretch optical microscopy and other modalities based on
similar working principles® ' 18. This type of high-throughput QPI takes advantage of
the ultrafast read speed of single pixel photodetectors to obtain spectrally multiplexed
information, which can then be translated to quantitative phase images. First, spatial
gradient lines are encoded by time and wavelength into a 1D array and later on decoded
by computer into 2D phase gradient images. Four phase gradient images are used to
reconstruct the QPI image. Shown in figure 2.3 is the overview of the working principle

of the system. Such setups can achieve throughput of up to 10,000 cells/sec.
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Figure 2.3 Overview of multiplexed asymmetric - detection time - stretch optical
microscopy?

While the setup theoretically permits ultrafast throughput, significant computational
power is needed in the decoding phase to generate meaningful single-cell phase images,
not to mention the costs of acquiring and operating an image processor that can match
the read speed of single pixel photodetectors. The electronics of the setup can also be

quite costly.

2.4 Morphological Parameters Analysis

The first step to obtaining morphological parameters is to process each off-axis
interferogram using standard methods to extract a phase image of the optical path delay
through each cell in the sample. Each frame of raw interferogram goes through phase

reconstruction, background subtraction, background fitting and digital refocusing, to

8



achieve single cell phase images '°. A water-shed based segmentation algorithm is applied
to ensure that clumped cells are separated. Segmented frames are passed through a
tracking algorithm that flags any moving objects within the video and identifies duplicate
cells that are present across multiple frames °. Segmented cells are then organized into
stacks of single cell phase images® and 25 morphological parameters (see Table 2.1) are
calculated for each single cell image. Morphological parameters can be utilized for

histogram analysis or for training logistic regression models.

Table 2.1 The 25 morphological parameters calculated for each single cell is listed in
the following?:

Perimeter Minor Axis Length Skewness
Optical Volume Major Axis Length Kurtosis
Mean Phase Median Phase Phase Variance
Equivalent Diameter Standard Deviation Phase Interquartile Range
Mean Symmetry Eccentricity Minimum Symmetry
Elongation Max Gradient Max Phase
Top 25% Optical Path Length Mean Gradient Solidity
Area Top 25% Gradient Circularity




Studies indicate that prolonged storage of blood bags can diminish the antioxidant
capacity of packed RBCs? 2!, leading to irreversible morphological changes?>%. In the past,
HC morphological parameters histogram analysis revealed subtle biophysical changes in
single RBCs over different storage periods '. Specifically, optical volume (OV) for single

RBCs from blood bags exhibit a general decreasing trend with extended storage times, as

mooo»

35
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e ]

- A" A A" A

shown in Figure 2.4. The OV morphological parameter histograms in figure 2.4 include

Probability
Probabdity

Probability
Probabiiity

Figure 2.4 (A) Line plots of optical volume for all samples over the storage time (B)
Normalized histogram of optical volume of cells over the storage period for Sample A-
E. Horizontal axis: femtoliters’.

analysis of more than 9 million cells. Additionally, it has been proven in past publications

that OV remains invariant under cell orientation changes?.
To calculate optical volume, the optical path length (OPL) of light passing through

the imaged object must be obtained. OPL is defined as the product of length of path
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travelled by light and the refractive index of the medium. The change in optical path
length is related to the measurement of optical phase ¢ as:

AOPL(x,y) = An(x,y) - h(x,y) = “2=2 (Equation 2.1)
where n is the refractive index, h is the physical height of the cell and k is the

2m .
wavenumber, equal to — for wavelength 4. Many morphological parameters can be

extracted from single cell phase images based on the OPL and geometrical shape> .
Summation of the OPL values across the cell area gives the OV of the cells. To
calculate OV, the following equation integrates the OPL values for each pixel across the

cell. 2;

OV = [[; AOPL(x,y)dxdy (Equation 2.2)

2.5 Cancer Detection with Flow Cytometry

Breast cancer is one of the most common types of cancer with high mortality rates®
27,28 Fine-needle aspiration cytology (FNAC) is a widely used method for breast cancer
diagnosis and preoperative assessments®-!. Typically, histopathological examination is
the gold standard procedure performed following FNAC sample collection, to define the
histological grade of the biopsy sample 32 3. Histopathological evaluations can be time-
consuming, labor-extensive and expensive®. Previous studies show proof that FNAC

coupled with flow cytometry is a simpler, more rapid process that provides comparable
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performance to traditional histopathology 3%7. However, flow cytometry modalities such
as immunocapture cytometry may miss certain types of cancer cells due to its inability to
flag cells that do not express the specific cell-surface epithelial marker 3 ¥. Additionally,
commercial flow cytometry are designed to search for specific cancer markers and there
has been little success in the search for effective prognostic markers. Alternatively, HC
system is a high-throughput, label-free modality that, through biophysical profiling, has
the potential to detect both diseased and slightly unhealthy cells. Ultrafast all-optical laser
scanning QPI has been used in past studies for detecting changes in cell cycle phases * 4
#1, providing confidence that high throughput QPI is highly sensitive to subtle cellular
changes. Additionally, deep learning has proven to be a powerful tool for QPI
classification * 4 4 43, inference ¥, and reconstruction “-%. Thus, ultra-high throughput
QPI can be used to identify prognostic biomarkers for abnormal, unhealthy cells by
evaluating phenotypic profiles of single cells. This process can be further enhanced
through the application of deep learning.

In chapter 3, the presented study examines the effects of exposure to heavy metal
ions on normal breast cells. Evidence has shown that heavy metal ions are contributors to
carcinogenic development 5-%. Previous research utilized a QPI flow assay to investigate
the effects of arsenic treatment on cell stiffness and how arsenic induces normal cells to
undergo carcinogenic transformations. 3. This earlier study has sparked interest in

studying cells treated with Cadmium (Cd), a commonly found pollutant that is present in
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food, water, and surrounding environment *. According to the International Agency for
Research on Cancer (IARC), Cd is classified as a group 1 carcinogen to humans %. Studies
have shown that chronic Cd exposure promotes cancer progression in epithelial cells,
making it an interesting subject for research aimed at finding prognostic markers in
cancer progression 7-5°. Studying the phenotypes of cells in cancer progression using HC

may provide insights into the development of prognostic biomarkers for cancer.

2.6 Sickle Cell Disease

One of the most commonly inherited blood disorders worldwide, sickle cell
disease(SCD) is a broad family of disorders that lead to acute illness, painful episodes and
organ failures® ¢ ¢! . The cause of SCD is a mutation in the beta-globin gene which leads
to the production of abnormal haemoglobin termed haemoglobin S%. Depending on the
gene combination inherited by the patient, there are several types of SCD including
Hemoglobin SS(HbSS), Hemoglobin SC(HbSC) and Hemoglobin(HbS) beta thalassemia.
Under hypoxia, the abnormal hemoglobin within sickle red blood cells(RBCs)
polymerizes into long fibers and distorts the cell shape® ¢. Sickle-shaped RBCs give rise
to vaso-occlusion due to their rigid and highly adhesive nature. . In most severe cases,
long-term diminished microvascular blood flow may lead to organ failure, ischemia,
chronic pain episodes or severe anemia etc. ®¢” Early detection and monitoring may aid

in providing the preventative care necessary to avoiding sickling crisis.
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SCD is most prevalent in sub-Saharan Africa, where over 225,000 newborns are
affected by the disease annually®® and mortality rate reaches 50-90% in the below five-
year-old age group®. It is difficult to acquire accurate statistics because many children
may die before SCD diagnosis and home-birthed children mortality is not well recorded”.
Limited and scarce access to diagnostic facilities is a major contributing factor to the high
mortality rate”. In high-resource countries such as the USA and most of Europe, early
SCD diagnosis is easily accessible through newborn screening (NBS) routine offered at
hospitals and subsequent preventative treatment greatly reduces morbidity and
mortality’>74. It has been shown that with NBS, 95% of children with HbSS survive the
tirst decade of their life”.

Several rapid tests have been developed for SCD diagnosis. The sickle cell
solubility test (Sickledex) detects HbS in blood but cannot provide visualization of degree
of RBC deformation, therefore offers no insight on the health status of SCD patients” 77.
Other tests specific to diagnosing SCD, such as high-performance liquid chromatography
and various electrophoretic techniques, necessitate the use of central laboratory facilities,
which are limited and scarce in sub-Saharan Africa”. There is, thus, a need for an
alternative low-cost, label-free, point-of-care imaging modality that may provide accurate

SCD diagnosis.
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2.7 Interferometric Chamber

The HC system has been previously developed as a high throughput QPI system
that is useful for cancer cell detection® and SCD percentage detection®. However, it would

be difficult to deploy HC system outside of an optical lab setting due to its susceptibility
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Figure 2.5 Original InCh system diagram*.

to vibrational noise and instrument complexity. In previous papers, the original
interferometric chamber*(InCh) was presented as a common-path format QPI system that
is immune to environmental vibrations* Consisting of merely four optical components,
InCh system’s stability and simplicity makes it more suitable for in-clinic applications
than the HC system. The system uses a customized sample holder that is designed in a
way such that it can accommodate potential mass production and provide visualization

of flowing cells at optimal resolution. The entire system prototype fits onto a 12x12in
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optical breadboard and acquisition is controlled via a single USB port. Little to no
alignment is needed prior to data acquisition. The plug-and-play style design makes the
InCh system well suited for clinical applications.

Interferograms collected by the InCh system can be processed into single cell
phase images using methods described in chapter 2.1. Morphological parameters
extracted from each single cell phase image are utilized to develop biophysical profiles
that define blood samples obtained from donors into two categories: sickled and
nonsickled. Machine learning algorithms trained on the InCh datasets offer classification
capabilities that show great potential for point-of-care applications, particularly in testing

cytological samples.

2.8 Summary

This chapter provides the background and motivation for the studies presented in
this thesis. Current fine-needle aspirations operations are in need of a more automated
and more efficient way for cancer screening. Thus, high throughput holographic
cytometry is presented as a potential alternative to traditional flow cytometry.
Holographic cytometry provides a well-rounded biophysical profile for diseased cells and
non-diseased cells, however, further artificial intelligence algorithmic development is

needed to enhance classification performance and recognize heterogeneity. Overall, based
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on the profiling methods and algorithms developed in the first two studies, InCh system

is introduced as a portable and low-cost version of HC, with immense clinical potential.
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3 Automated Classification of Breast Cancer Cells Using High-
Throughput Holographic Cytometry

3.1 Introduction

This chapter presents a study that utilizes HC to evaluate individually cultured
breast cell lines - breast cancer cell line BT474, a normal breast epithelial cell line MCF10A,
and Cd-treated MCF10A cells. HC is a stroboscopic QPI approach introduced in chapter
2.2 7. The goal of this study is to investigate the cellular phenotypic changes induced by
Cd and compare them with cancerous cell line phenotypes. Data collected from each cell
line is used to form phenotype profiles, which reveal the similarities and differences
between each of the cell lines, providing insight on prognostic markers for cancer.
Convolutional neural network (CNN) and logistic regression algorithms are trained to

classify the different cell lines.

3.2 Experimental Design
3.2.1 Cell Culture Protocol

This experiment involved imaging three different cell lines: MCF10A, Cd-treated
MCF10A, and BT474. Both the MCF10A and Cd-treated MCF10A cell lines were grown in
Dulbecco’s Modified Eagle Medium/F12 (Invitrogen #11330-032) enriched with 5% horse
serum, epidermal growth factor, hydrocortisone, cholera toxin, and insulin. The Cd-
treated MCF10A underwent treatment with 2.5uM Cd for 24 weeks before being imaged.

These cell lines were regularly passaged every three days using 0.25% trypsin. In contrast,
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the BT474 cell line was cultured in Minimum Essential Medium Eagle, supplemented with
insulin and 10% bovine serum, and passaged every three days using 0.05% trypsin. All

cell lines were maintained in an incubator at 37°C with a 5% CO2 atmosphere.

3.2.2 System Overview

The HC system utilizes a Mach-Zehnder off-axis interferometer setup, as depicted
in Figure 3.1. It features a 640nm continuous wave laser that is pulsed at 300Hz by an
acousto-optic modulator (AOM) with a pulse duration of 350us. The AOM's pulsing is
synchronized with the camera's frame rate using an Arduino-based microcontroller?. The
pulsed beam is first directed into an optical fiber and subsequently split by a fiber splitter
into the reference and sample arms of the off-axis Mach-Zehnder interferometer. In the
sample arm, the collimated beam travels through samples passing througha microfluidic
element. After exiting the sample, the beam is magnified by a 20x objective (NA =0.4) and
combined with the light from the reference arm at the beam splitter (BS). A slight angle of
propagation is introduced to the reference field to facilitate off-axis digital holography®.
The enhanced interferogram is captured using a wide-frame, high-speed camera (Dalsa,
4096x96px, 300fps). The system's throughput is enhanced by employing a wide field of
view and stroboscopic illumination, allowing for quick captures without image streaking
due to the moving cells. During each acquisition phase, 10,000 images are gathered within
33 seconds, enabling the system to image up to 148 cells per second. The overall optical

magnification is set to 30x by selecting an appropriate focal length for lens (L3), which
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provides a field of view encompassing 16 channels. The resolution of the HC system is
1lum, nearing the diffraction limit. The system maintains high stability with a phase

sensitivity of 15mrad, equivalent to 1.1 nm.

AOM =

—_ \
-[.—:‘\ Microfluidic

Channels
Laser

OBl e TS

BS Camera

Figure 3.1. System Diagram. AOM, acousto-optic modulator. OBJ, objective. FS, 90:10
fiber splitter. FPC, fiber polarization controller. BS, beam splitter. L, lens®.

3.2.3 Microfluidic Channel Fabrication

The microfluidic element consists of either 108 or 54 parallel channels fabricated
on a polydimethylsiloxane (PDMS) substrate using soft lithography techniques®. Given
that the largest cell line, BT474, measures approximately 20pum in diameter, each channel
is designed with a height of 30um to accommodate these cells. To construct the PDMS
channels, the base polymer is mixed with a curing agent in a 10:1 ratio. This mixture is

then poured onto a patterned photomask and cured in a convection oven at 85°C for two
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hours. Inlet and outlet channels are integrated to facilitate the entry and exit of cell media.

Finally, glass is bonded to the channel side of the PDMS to seal the flow chamber securely.

3.2.4 Imaging Experiment

Cells in suspension are delivered through the inlet channel of the PDMS element
via an automated syringe, starting at an initial flow rate of 15uL/min. The actual speed at
which cells travel through a specific channel is influenced by fluid pressure and cell
density. The flow rate is regulated to align with the camera's acquisition speed, ensuring
each cell passing through the field of view (FOV) is recorded in at least three separate
frames. MCF10A cells are visualized in continuous PDMS channels (Figure 3.2A), whereas
Cd-treated MCF10A cells and BT474 cells are examined in branched PDMS channels
(Figure 3.2B). The selection of channel type is based on cell concentration measured before
each experiment using a hemocytometer. Samples with concentrations below 700,000
cells/mL are routed through branched channels, while those with higher concentrations

are directed through continuous channels. This decision-making process, developed
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Figure 3.2 (A) Bottom: picture of continuous microfluidic channels. Top: enlarged
image of subset of channels near inlet. Red lines enclose system’s field of view—16
channels. (B) Bottom: picture of branched microfluidic channels. Top: enlarged image
of subset of channels near inlet. Red lines enclose system’s field of view—9 channels®.

through trial and error, optimizes channel usage to prevent clogging. Each of the three

cell lines is processed through the PDMS elements using their specific cell media.

3.2.5 Postprocessing

For each frame, the off-axis interferogram is processed using standard techniques
to generate a phase image of the optical path delay through each cell in the sample. In
summary, single-cell images are obtained by subjecting each interferogram frame to phase
reconstruction, background subtraction, background fitting, and digital refocusing

Figure 2.1). To ensure the data represents individual cells and avoids cell clumps, a
gu P P

22



watershed-based segmentation algorithm is applied (Figure 3.3). Using the segmented

10um 0 [*] s -]

Figure 3.3 Image processing: (A) Reconstructed and processed phase image showing
multiple cells in multiple channels. (B) Segmentation map produced by automated
code, note partial cells are excluded. (C) Phase image of segmented cells that can be
used for single cell analysis; algorithm excludes all partial cells from frame?.

frames, a modified tracking code was developed using the Matlab Computer Vision
Toolbox to identify cells appearing across multiple frames'. Digital holograms permit
digital refocusing during postprocessing. Given the high channel height in this sample,

significant refocusing ranges (up to tens of microns) are achievable, allowing each cell

within a frame to be individually refocused to various propagation distances (Figure 3.4).

Figure 3.4 Image pre-processing: (A) Reconstructed raw phase image from a single
interferogram. (B) Background image acquired with cell media but no cells present. (C)
Phase image acquired with cell media and one cell present. (D) Resultant image after
background subtraction. Slowly varying background noise is removed through fitting
to third-order polynomials?.

Each segmented whole cell detected by the tracking code, including any duplicates,
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undergoes Fresnel propagation refocusing to the plane with the least amplitude variance

to identify the plane of optimal focus. For each single cell image, 25 morphological

MCF10A MCF10A Cd BT474

OPL{nm]

Figure 3.5 Example single cell images. Scale bar is 5 pm?
parameters (refer to Table 2.1) are measured and analyzed using logistic regression. The
unprocessed single cell images are then employed to train a convolutional neural network

(CNN).

3.2.6 Classification Algorithms

The gathered data are analyzed using two different algorithms: logistic regression
and a convolutional neural network (CNN). In total, for each binary classification of cell
line pairs, 5,662 x 25 descriptors (cells x morphological parameters) are computed, with
5,400 x 25 used for training and 262 x 25 for testing, as depicted in Figure 3.6. The logistic
regression model undergoes training over 10 epochs. Unlike logistic regression, the CNN
approach uses raw phase images directly for input and provides classification results as

output. The CNN architecture is based on ResNet and includes three residual blocks
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(Figure 3.7B) and a final convolution layer, where each residual block functions to

minimize residuals (Figure 3.7A).

A
Conv 3 BN
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Figure 3.6 (A) Res Block architecture. BN: batch normalization. Conv: convolution
layer. (B) Overall CNN architecture. FC: fully connected layer:.
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3.3 Results

3.3.1 Histogram Results
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Figure 3.7 (A) Area box plot. (B) Area histogram. (C) Major axis length box plot. (D)
Major axis length histogram. (E) OV box plot. (F) OV histogram. (G) Mean phase
box plot. (H) Mean phase histogram. p-values were calculated using Wilcoxon

rank-sum test, *** refers to p < 0.0005°.
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Over a 33-second period, the system captured holographic images of cells in flow,
achieving a rate of up to 148 cells per second. A total of 8,493 unique cell images were
extracted from the videos, with 2,831 cells from each cell line used for analysis. To prevent
overfitting and ensure balanced training, an equal number of cells from each cell line were
used for training the logistic regression model. 25 morphological parameters were
calculated for each single-cell image, with nearly all parameters showing statistical
differences among the three cell lines. The parameters that provided the most distinct
separation included optical volume (OV), area, major axis length, and mean phase. As
illustrated in Figure 3.8(A-H), the parameters for mean area, mean OV, and mean major
axis length rank in ascending order from MCF10A, to Cd-treated MCF10A, to BT474. The
BT474 cell line exhibited a broader range of OV values, whereas the OV ranges for the Cd-

treated MCF10A and MCF10A cell lines were more constrained.

3.3.2 Logistic Regression Results

The dataset for each cell line is divided into subsets of 2,700 for training and 131

for testing. As indicated in Table 3.1, logistic regression achieves the highest mean

Table 3.1 Results of logistic regression binary classification (%), with 25 morphological
parameters as input. In total, 25 x 2,700 parameters were used as training set and 25 x
131 parameters were used as testing set’.

25 parameters logistic regression

Sensitivity Specificity Mean accuracy
MCF10A/BT474 99.5 + 0.49 99.0 + 0.84 99.3 + 0.51
MCF10A Cd/BT474 90.0 + 2.87 91.4 + 1.96 90.7 + 1.52
MCF10A/MCF10A Cd 98.7 + 1.11 98.3 + 0.97 98.5 + 0.50
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Table 3.2 Results of logistic regression binary classification (%], with only area, OV,
major axis length and mean phase as input. In total, 4 x 2,700 parameters were used as
training set and 4 x 131 parameters were used as testing set?.

Area, optical volume, major axis length, mean phase logistic regression

Sensitivity Specificity Mean accuracy

MCF10A/BT474 946 + 1.92 89.0 + 2.10 91.8 +1.34
MCF10A Cd/BT474 730 +245 704 +£1.74 7.7 +£1.41
MCF10A/MCF10A Cd 91.9 + 3.06 924 +2.26 92.2 + 1.84

accuracy in binary classification when all 25 parameters are utilized for training. When
only the four morphological parameters mentioned earlier (Area, OV, Major Axis Length,
Mean Phase) are used as inputs, logistic regression still achieves satisfactory accuracy
levels, as detailed in Table 3.2. Overall, logistic regression shows a high level of accuracy

in distinguishing between normal and abnormal epithelial cells.
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3.3.3 CNN Results

The CNN demonstrates strong accuracy in identifying MCF10A, Cd-treated
MCF10A, and BT474 cells by analyzing single cell phase images, as indicated in Table 3.3
and Figure 3.9(A-B). Four distinct CNN models were developed to assess the effectiveness
of using neural networks for classifying cell phase images. Of these, three models were

trained using pairs of cell lines, while one model was trained using all three cell lines.

Table 3.3 Classification results from CNN. 2,700 images per cell line were used as
training set and 131 images per cell line was used as test set. The accuracy levels of four
different models are evaluated. Three models are trained for binary classification and
one model trained with all three cell lines?.

CNN
Accuracy (%)
MCF10A/BT474 98.1
MCF10A Cd/BT474 95.4
MCF10A/MCF10A Cd 99 4
MCF10A/BT474/MCF10A Cd 95.1
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Figure 3.8 Performance of CNN classification trained with three cell lines. (A) Stack
box plot of classification results. (B) Confusion matrix for CNN predictions (%)3.

3.4 Discussion

Coupled with FNAC, FC is commonly used for detection of cancer cells®-%,
however, its focus on detecting very specific cell surface markers may be misleading?>-#.
Additionally, the required use of fluorescence dyes is disadvantageous because it
increases cell toxicity and may alter cellular structure, not to mention the time-consuming
dying process % #. Alternatively, HC is a label-free imaging modality that requires
minimal sample preparation and generates comprehensive morphology-based phenotype
profiles. Ultra-high throughput is achieved through the use of customized microfluidics,
enabling the acquisition of a large number of cell images for use in training machine
learning algorithms.

Overall, the machine learning models excel in distinguishing between abnormal
and normal cell lines. Shown in table 3.1 and table 3.3, The MCF10A/BT474 classification
pair and MCF10A/MCF10A Cd pair both have accuracy levels above 98% for logistic
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regression model and CNN model. As a matter of fact, the trained model performs best
in classifying MCF10A vs. BT474, reaching 99.3% mean accuracy level. It can be inferred
that the normal breast cell line is significantly different from the breast cancer cell line,
and the linear regression model is highly sensitive to these differences. In comparison, the
models performed less accurately when classifying abnormal vs abnormal cell lines, for
example, the models predicted ~90% accuracy levels for MCF10A Cd/BT474 pair, shown
in table 3.1. This is linked to the histogram analysis discussed in chapter 3.3.1, where the
Cd-treated MCF10A exhibit a greater overlap in morphological features with
BT474(figure 3.8). The similarities between the Cd-treated MCF10A and BT474 cells have
led to false predictions by the machine learning models, resulting in an error rate of
approximately 10% (table 3.1).

The histogram analysis reveal that the Cd-treated cell line exhibit intermediate
morphological changes that are in between normal breast epithelial cells and breast cancer
cells (figure 3.8(A-H)). Histograms for parameters such as mean phase and OV show more
overlap between MCF10A-Cd and BT474 curves than with their normal counterparts.
Through evaluating the similarities and differences of morphological parameters across
the cell lines, these phenotype profiles can potentially be used to develop prognostic
markers that can be used to identify carcinogen-exposed cells.

Important parameters that define the phenotype profile of the three cell lines are

cell area, OV, major axis length and mean phase. With only these four parameters as input,
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the logistic regression model achieves adequate accuracy levels (89% - 95%, Table 3.2) in
identifying normal/abnormal cells. In clinical settings where timely decisions are
required, merely four parameters are needed to identify abnormal cells within the biopsy
sample.

Past research works have found that tumorigenic cells are less stiff than non-
tumorigenic cells*. In fact, reduced stiffness is an essential feature for invasion through
promotion of epithelial to mesenchymal transition. Reduced cell stiffness and drastic cell
morphologies visualized in HC histograms are both markers of precancerous
development. Capturing of cells with such features could have a significant impact on
cancer detection and application of therapeutic action. Future research may aim to
determine the dosage and exposure time of Cd that induces tumorigenic cell lines, as well
as identify the corresponding HC phenotypes that signify the onset of tumorigenesis.
There is also interest in examining the effects of Cd treatment on disorder strength, which

has been identified as a surrogate biomarker for cell stiffness .

3.5 Summary

This chapter discusses the observations on biophysical morphology changes in
breast cell lines treated with Cadmium. Cadmium treatment cause changes in OV, area,
major axis length and mean phase of normal breast cells that shifts its morphologies to

resemble those of breast cancer cell line. The study in this chapter serves as a
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preliminary study that shows the HC system is capable of collecting large quantities of
single-cell imaging data in short span of time and produce flow cytometry like
histograms for post analysis. Such histograms quantify the populational differences
between cultured breast cell lines while machine learning provides classification
capacity. Further efforts would be needed to determine whether high throughput QPI

would be suitable for examining heterogeneous cell populations.
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4 Biophysical Profiling of Sickle Cell Disease using
Holographic Cytometry and Deep Learning

4.1 Introduction

This chapter evaluates the clinical applicability of HC for SCD screening and
monitoring. HC has been proven to be a powerful tool for cytologic samples, as shown in
chapter 3. Millions of RBC images are collected, and the population characteristics are
visualized in flow-cytometry style histograms. A series of algorithmic advancements are
made to improve the machine learning outcomes. Due to the heterogeneous composition
of blood samples, cells from a given SCD patient sample can contain cells exhibiting
various degrees of cellular deformation, ranging from healthy to sickled® ®. Therefore, a
set of selection criteria are defined to refine training dataset to better reflect the RBC
population composition. The refinement ensures the formation of accurately labelled
ground truth datasets, containing only critically sickled cells. Upon refinement of the

training dataset, machine learning performance significantly improves.

4.2 Methods
4.2.1 System

The experimental setup consists of the HC imaging system® (chapter 2.2)
accompanied by artificial intelligence algorithms to realize SCD diagnosis. Shown in
Figure 2.2, the imaging system is a Mach-Zehnder interferometer with pathlength-
matched sample and reference arms. It captures images of RBCs flowing within

microfluidic channels as single-cell holograms. The system's overall magnification is 33x,

34



covering a field of view that spans 16 channels simultaneously. The camera (Dalsa HS-40-
04K40-00-R) captures 300 frames per second, synchronized with an acousto-optic
modulator that pulses a 640nm wavelength laser (PicoQuant Fast Switched Diode Laser
FSL 500). The 350pus pulses minimize motion blur, preventing streaking effects due to the

motion of cells in flow.
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4.2.2 Microfluidics

- Fg— ———

Figure 4.1 Example microfluidic channels used for study. (A) Overall mask design for
the PDMS channels. (B) Magnified mask design showing the dimensions of the
channels. (C) PDMS channel.

As shown in figure 4.1, the channels used in this study consist of multiple rows of
6pm tall channels, allowing for cells to travel in straight line in one direction. Since the
typical diameter of an RBC is 6-8um, the channels are fabricated to be 5.5um tall. This

ensures that most cells flow lying flat, allowing a full top view of the cell to be captured.
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4.2.3 Image Reconstruction

The reconstruction process uses Fourier transform, phase unwrapping, digital
refocusing and segmentation algorithms to obtain single cell phase images from
interferograms?. Processing time is approximately 150ms/cell. Twenty-five morphological
parameters are derived from each single-cell image. Customized exclusion criteria are
applied to remove images of cell clumps and debris from the dataset. Normal cell images
with mean phase values below 0.4 rad and SCD cell images with mean phase values below
0.3 rad are excluded from the final dataset. In total, 1,981 SCD RBC images and 5,552

healthy RBC images were excluded from our analysis.

4.2.4 Sample Preparation
Table 4.1 Current Dataset Patient Demographics®

Type  Age Gender BMI  #Cells

Sample 1 SCD 39 Male 52.69 236,032
Sample 2 SCD 39 Male 24.09 235,760
Sample 3 SCD 39 Male 25.22 93,060
Sample4 Normal 53 Female 18.71 31,118

Sample 5 Normal 38 Male 32.61 192,409

Two healthy and three SCD fresh packed RBCs (pRBCs) samples (Table 4.1) were
purchased from an external vendor (BioIlVT, Westbury NY) for the purpose of this study.
50uL of pRBCs are suspended in 5mL of 20% bovine serum albumin (BSA) solution and
pumped into the microfluidic channel using a syringe pump. Archived RBC HC imaging
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data (Table 4.2) from the presented 2021 study, that were analyzed here, were also

processed under the same protocol™.

Table 4.2 Archive Dataset Patient Demographics®

TYPE AGE GENDER

Sample A Normal 35 Male
Sample B Normal 20 Female
Sample C  Normal 32 Male
Sample D Normal 56 Female
Sample E. Normal 65 Male

4.2.5 Selective search and training set refinement

To construct an automatically labeled ground truth training set with minimal
errors, a search criterion has been established. This criterion defines features that differ by
a ratio of 21:1, representing the percentage of the SCD RBC population that exhibits this
characteristic compared to the percentage of the normal RBC population above or below
the searched threshold value. Previous studies have demonstrated that the logistic
regression training reaches sufficiently high accuracy levels when trained with datasets
containing no less than 5000 images!. Thus, the cutoff ratio is determined to balance high
selectivity while maintaining a reasonable number of diseased cells (at least 5,000 cells) in
the final combined dataset. Cells extracted from the distribution tails beyond the cutoff
are termed critically sickled cells. The final training set consists of data from sample 1 and
sample 2, filtered using the established search criteria. A population-wide search is
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conducted for each morphological parameter, to find the histogram tail threshold where
the search criteria can be satisfied (Figure 14). As an example, 0.8118 radians is the

threshold calculated for the maximum phase histograms. Only one healthy cell would be

.
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Look for SCD:NOR = 21:1 Y all parameter tails 18,925 SCD cells

MaxPhase Histogram

Probability

Figure 4.2 Refinement of training set data by selection of morphological parameter
thresholds which are unique to the target cell population at a ratio of 21:1¢.

found below this maximum phase threshold, for every 21 sickle cells in the same range.
Numerous morphological parameters, such as maximum phase, standard deviation of
phase, top 25% optical path length, maximum phase gradient, eccentricity, and elongation
ratio, all exhibited tail distributions that satisfied the search criteria. These subsets were
combined, resulting in a collection of 18,925 SCD cell images for training purposes.
Additionally, 18,925 normal cell images were randomly selected from Sample 4 and
Sample 5 to complement the training set. The test datasets include all archived data
presented in Table 4.2 and SCD data from Sample 3. Figure 4.2 shows a graphical

overview of the tail selection process.
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4.2.6 Logistic Regression and Deep Learning

Two separate training sets were employed to develop two different versions of
both LR and CNN models. The LR-ALL and CNN-ALL models were trained using
unrefined data from SCD and normal samples, while the LR-SEL and CNN-SEL models
were trained with refined data obtained through the previously described selective search
process.

Morphological parameters from samples 1, 2, 4, and 5 were employed to train the
LR algorithms for differentiating between SCD and normal cells. The testing dataset
included morphological parameters from samples A-E and sample 3. The LR-ALL model
was trained using an unrefined dataset that included 2x100,000x25 parameters
(#classesx#cellsx#parameters), whereas the LR-SEL model utilized a refined dataset of
2x18,925x25 parameters.

Instead of initially extracting morphological parameters, single-cell images from
samples 1, 2, 4, and 5 were used to train deep learning neural networks. For testing the
performance of the neural networks, single-cell images from samples A-E and sample 3
were utilized. The CNN-ALL model was trained on an unrefined dataset comprising
2x100,000 (#classesxfcells) cell images, while the CNN-SEL model was trained on a

refined dataset of 2x18,925 cell images to analyze six unknown patient samples.
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4.3 Results
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Figure 4.3 Example morphological parameters box plots and histograms. p-values <
0.001 for parameters shown here. Eccentricity refers to the ratio of the distance between
the foci of the ellipse and its major axis length. Mean phase refers to the mean of the
phase values obtained from single cell phase image. SCD: samples from sickle cell
disease patients. NOR: samples from normal subjectss.

Figure 4.3 displays example box plots and histograms for two selected
morphological parameters. The data indicate that SCD samples typically have a higher
average eccentricity ratio and a slightly lower average mean phase compared to normal
samples. Although the histograms reveal considerable overlap in eccentricity and mean
phase between the two cell types, there is a statistically significant difference at the
population level (p<0.001). It is noted that only a small fraction of the morphological
parameter distributions from the SCD population does not overlap with those from the

normal dataset. Based on these differences in population distribution, a dataset
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refinement selection criterion has been developed. The following sections compare the
performance of machine learning models trained with a refined dataset and those using

an unrefined dataset, highlighting the differences.

4.3.1 Logistic Regression Training and Testing

Initially, the logistic regression (LR) model was trained using the complete dataset
of morphological parameters. All SCD and normal sample data were combined and
randomly mixed to create two distinct data pools. The model initially trained with 10,000
SCD morphological parameters and 10,000 normal morphological parameters, randomly
chosen from these pools. The performance of this initial approach, labeled as the LR-ALL
model in Table 7, achieved approximately 76% accuracy, with 77% sensitivity and 75%
specificity. In a subsequent approach, a smaller dataset containing only data that met the
selection criteria outlined in Section 4.2.5 was used to train the LR model. The training
performance of this refined approach, presented as the LR-SEL model in Table 7, achieved
99.28% accuracy, with 99.53% sensitivity and 99.03% specificity. To compute these
performance metrics, 90% of the input data was utilized for training the model, while the

remaining 10% was reserved for validation. Notably, the LR-SEL model significantly
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Table 4.3 Logistic regression — selected(LR-SEL) and logistic regression — all(LR-ALL)
training accuracy. Averaged training sensitivity, specificity and accuracy of 5 trained
logistic regression(LR) models, based on unrefined SCD datasets and refined SCD
datasete.

MODEL SENSITIVITY(%) SPECIFICITY(%) ACCURACY(%) TRAINING SIZE(%)

LR - ALL 77.01£0.21 75.14+0.39 76.08+0.20 200,000
LR - SEL 99.53+0.17 99.03+0.14 99.28+0.09 37,850

surpassed the LR-ALL model in terms of training sensitivity, specificity, and overall
accuracy.

To further assess the models' performance, a test dataset was created using
archived normal RBC data from a prior study' and morphological parameters from an
additional SCD patient sample not used in the training. This testing dataset includes the
morphological parameters of over 1.6 million cells, which were analyzed using both the
LR-SEL and LR-ALL models. The results of these tests are displayed in Table 4.3 and Table

4.4. While the accuracy levels for the LR-ALL model among normal subjects ranged from

Table 4.4 LR - ALL testing accuracy. LR model was trained using unrefined SCD
dataset and unrefined normal dataset. Ground truth of the cells are labelled under
column name “Type’®.

NAME TYPE PREDICTED: NORMAL (%) PREDICTED: SCD (%) #CELLS

Sample A Normal 99.64 0.36 483,975
Sample B Normal 92.43 7.57 337,440
Sample C  Normal 99.21 0.79 283,996
Sample D Normal 33.33 66.67 322,709
Sample E  Normal 56.75 43.25 133,990
Sample 3 SCD 59.16 40.84 93,060
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33.33% (sample D) to 99.64% (sample A), the LR-SEL model demonstrated consistently
higher accuracy, ranging from 83.77% (sample B) to 98.66% (sample A). The accuracy of
the LR-ALL model for the single SCD patient was comparable to that of normal subjects;
regrettably, the model predicted that sample D (66.67%) and sample E (43.25%) had higher
diseased cell counts than sample 3 (40.84%). In contrast, the LR-SEL model indicated that
sample 3 had significantly higher diseased cell counts compared to all healthy subject
samples, with predictions of normal cells exceeding 83% for all healthy samples, as
detailed in Table 10. Overall, the LR-SEL model achieves an average accuracy of 93.17%
Table 4.5 LR - SEL testing accuracy. LR model was trained using 18,925 selected SCD

cell images and 18,925 normal cell images. Ground truth of the cells are labelled under
column name “Type’®.

Name Type Predicted: Normal(%) Predicted: SCD(%) #Cells

Sample A Normal 98.66 1.34 483,975
Sample B Normal 83.77 16.23 337,440
Sample C  Normal 96.77 3.23 283,996
Sample D Normal 94.17 5.83 322,709
Sample E  Normal 97.46 2.54 133,990
Sample3 SCD 70.74 29.26 93,060

across samples A-E, with four out of the five normal subject samples exhibiting accuracy

rates greater than 94%.

4.3.2 Convolutional Neural Network Training and Testing

Table 4.5 summarizes the testing accuracy results of the convolutional neural

network (CNN), specifically the CNN-ALL model, which was trained on the entire
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collection of cell images from the unrefined SCD and unrefined normal datasets. For this
training, 100,000 SCD images and 100,000 normal images were randomly selected. Similar
to the LR-ALL model, the CNN-ALL model performed well in predicting normal samples
(92-95%) for samples A to C but struggled with samples D, E, and 3, achieving only 48-
53% accuracy.

In contrast, using a more selective dataset significantly improved performance.
Table 4.7 summarizes the testing accuracy of the CNN-SEL model, trained on the refined
SCD and refined normal datasets. The CNN-SEL model achieved high accuracy levels for
all normal samples (92-99%), with less than 8% of cell images from samples A to E
incorrectly classified as diseased. However, sample 3 had a diseased cell count of 25.96%.
This model slightly overestimated the number of normal cells in the SCD sample but still

maintained distinct predictions compared to the other samples.

45



Table 4.6 Convolutional neural network - all(CNN-ALL) testing accuracy.
Convolutional neural net-work(CNN) performance table shows the percentage of cells
predicted in different categories. The ground truth of the cells are labelled under
column name ‘Type’. CNN model was trained using an unrefined dataset consisting of
100,000 SCD cell images and 100,000 normal cell images®.

NAME TYPE PREDICTED: NORMAL (%) PREDICTED: SCD (%) #CELLS

Sample A Normal 95.53 4.47 483,975
Sample B Normal 92.40 7.6 337,440
Sample C  Normal 92.14 7.86 283,996
Sample D Normal 46.93 53.07 322,709
Sample E  Normal 47.72 52.28 133,990
Sample 3 SCD 51.13 48.87 93,060

Table 4.7 Convolutional neural network — selected(CNN - SEL) testing accuracy. The
ground truth of the cells are labelled under column name ‘Type’. CNN model was
trained using refined dataset consisting of 18,925 SCD and 18,925 normal cell images®.

NAME TYPE PREDICTED: NORMAL(%) PREDICTED: SCD(%) #CELLS

Sample A Normal 99.27 0.73 483,975
Sample B Normal 98.34 1.66 337,440
Sample C  Normal 98.96 1.04 283,996
Sample D Normal 92.62 7.38 322,709
Sample E Normal 94.37 5.63 133,990
Sample 3 SCD 74.04 25.96 93,060

It is observed that the dataset refinement process greatly improved the diagnostic ability
of the models when analyzed using a receiver operator curve (ROC). The area under
curve(AUC) increased from 0.84026(Figure 4.4A) for LR-ALL to 0.99897(Figure 4.4B) for

LR-SEL. Similarly, there is an increase in AUC from 0.9657(Figure 4.5A) for CNN-ALL to
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0.9996(Figure 4.5B) for CNN-SEL. The switch in training dataset to a more selective SCD

subset has significantly increased the models’ class separation capacity.
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Figure 4.4 Receiver operating curve (ROC) for logistic regression. A. ROC for LR-ALL.
B. ROC for LR-SEL. AUC: area under curve®.
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4.4 Discussion

Typically, machine learning models are effective tools for classification of different
cell samples. However, SCD patient blood samples are heterogeneous, displaying a
variety of cell shapes within a given sample. Some cells are sickle-shaped, while others
are biconcave, resembling a donut shape. Machine learning would result in high error rate
in classifying the individual cells of heterogeneous sample, due to the lack of accurately
labelled ground truth dataset. To address this issue, a set of selection criteria is defined to
aid in construction of ground truth labels, discussed in chapter 4.2.5.

The selection criteria generates a profile of the morphologies that are unique to
sickle cells. Since the majority of histogram analysis in this study shows significant
overlap between SCD and normal samples, extracting morphological parameters that
uniquely identify sickling cells is essential for constructing a meaningful and accurate
SCD ground truth data set. An accurately labelled ground truth dataset will ensure that
the machine learning models are trained to specifically identify diseased cells. Dataset
refinement results in near ideal ROC curves (Figure 4.4B and Figure 4.5B) for LR and CNN
algorithms, indicating that the algorithm practically predicted no false positives. Cells that
match the selection criteria are termed critically sickling cells. Overall, a group of metrics
have been developed that can delineate critically sickling cells in a heterogeneous SCD

sample.
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Dataset refinement brings substantial improvement in sensitivity, specificity and
accuracy in the classification performance of the machine learning models. The ROC
graph shown for refined dataset (Figure 4.4B and Figure 4.5B) shows a greater AUC
compared to unrefined dataset (Figure 4.4A and Figure 4.5A). This suggest that
implementation of the selection criterion greatly significantly enhances  the models’
class separation capacity for the two sample categories. The AUC for CNN-SEL(0.9996) is
greater than the AUC of LR-SEL’s (0.99897). CNN-SEL has an overall higher average
normal sample accuracy level than LR-SEL(96.71% > 93.17%). CNN-SEL produces higher
accuracy performance than CNN-ALL. Implementation of the search criterion puts the
heterogeneity of the sample into consideration and enhances training process of machine
learning models.

There are multiple ways to reach a classification decision on any given blood
sample. For example, histogram analysis coupled with selection criteria filtration can
provide a classification decision based on whether the number of deformed RBCs exceed
normal levels, however, filtering of the dataset based on the selection criteria is time
consuming and much slower than machine learning. Out of the 471,792 sickle cells
analyzed, only 18,925 cells matched the critically sickle cell criterion, equating to less than
5% of overall population. Therefore, histogram analysis is not ideal for classifying the
sample type if there are not large quantities of RBC data collected For faster classification

decisions on smaller sized samples, machine learning would be more suitable.
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Interestingly, deep learning found that more than 25%(table 4.7) of cell population
falls into diseased cell category, compared to the 29.26%(table 4.5) yielded from the
logistic regression model. Deep learning is less rigid and would recognize cells exhibiting
mild sickle deformation as well. Histogram analysis is not so flexible and will only
recognize the cells that surpass the defined threshold as diseased. In cases where
thresholding of histograms will only yield a small number of diseased cell count, the
machine learning algorithms presented in this chapter would result in a higher count of
diseased cells.

It is noted that the machine learning algorithms produced high accuracy levels for
healthy blood samples and low accuracy levels for SCD samples. This is reflective of the
heterogeneity of the SCD blood samples — likely, majority of the SCD blood samples
consist of healthy RBCs and only a small portion of the sample exhibit severe deformation.
Diagnostic decisions on patient blood samples as a whole can be reached by setting the
standard thresholds for diseased cell counts. Since the worst accuracy levels for healthy
blood samples is 92.62% (table 4.7) and the model inferred there to be almost 25% critically
sickling cells in the SCD sample, classification decision threshold can be set at 8-25%. For
example, the model may recognize blood samples that resulted in diseased cell count
above 8% to be SCD and those less than 8% to be healthy. Given the large range of the
decision range(8 — 25%), the diseased cell count percentage might provide insight into

evaluation of disease severity. Additional efforts are needed to include other types of
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morphology-altering blood diseases in the analysis to enhance the capabilities of the

machine learning models.

4.5 Summary

This chapter presents the findings in utilizing HC as a high throughput screening
tool for SCD based on analysis of single RBC images. Two models, one based on logistic
regression and one based on deep learning, have been developed and shown capable of
distinguishing normal patient sample from SCD patient samples. A method to identify
critically sickled cells in SCD samples is developed in this chapter, showing potential for
development into a metric for disease severity assessment or drug treatment response.
Future work should consider expanding the current RBC data library to include sickle cell

trait and other types of morphology-altering blood diseases.
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5 Compact and High  Throughput Interferometric
Microfluidic Chip for Sickle Cell Disease Detection

5.1 Introduction

Despite its caveats, the HC system also has disadvantages, such as susceptibility
to environmental vibrations and a bulky design. To address these issues, a series of
hardware developments have been undertaken to build a system with portability and
stability. This chapter introduces a novel InCh system as an alternative to HC, combining
the benefits of high throughput data biophysical profiling with the convenience of a
compact and portable design.

The previously developed InCh system* has certain limitations in its design that
hinders its practical use. Namely, the design inherently experiences issues with unwanted
reconstruction artifacts, which are caused by the mismatch in refractive index between the
materials used in constructing the sample holder. To address these issues, a novel prism
design is introduced in this chapter.

The study presented here targets to acquire five thousand single cell phase images
each from two SCD patients and two healthy donors. Morphological parameters extracted
from each single cell phase image are utilized to develop an automatic labelling algorithm
that separates all cells from all patients/subjects into two categories: sickled and
nonsickled. Machine learning algorithms trained by the automatically labelled dataset

provide an accurate depiction of the heterogeneity of diseased blood samples. InCh

52



system exhibits great potential for point-of-care applications, particularly in testing

cytological samples.

5.2 Methods
5.2.1 InCh Chip Fabrication

For the fabrication of PDMS prisms and microfluidic ramp, PDMS base polymer
and PDMS curing agent is mixed at 10:1 ratio and cured in 85°C oven for two hours. The
overall silicon wafer is placed to cure on a 10deg ramp. Two batches of coverslips are
coated in gold via electron beam evaporation, one with 7nm(63% transmission) and one
with 45nm(1% transmission) gold. The thickness of the gold coating ensures that the

reference field and sample field power result in 50/50 split at the detector. The overall
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Figure 5.1 Overall InCh assembly process. (A) PDMS components of the InCh chip are
moulded into desired shape. (B) An electron beam evaporator is used to coat gold
evenly and smoothly onto the surface of two batches of coverslips — one at 7nm and the
other at 45nm. (C) The bounding surfaces of glass, PDMS and gold are treated with
oxygen plasma or PDMS glue. (D) All components are clamped together.
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InCh chip assembly process is visualized in figure 5.1. Specific adhesion types are used
for different layers of materials, shown in figure 5.1.

The InCh chip design incorporates three types of adhesion mechanism to hold the
device together — uncured PDMS, plasma bonding, and mechanical force. First, PDMS
base elastomer and PDMS curing agent is mixed at 10:1 ratio to form PDMS glue which

would be used as an adhesive for attaching the PDMS ramp onto the 45nm gold coverslip.

Figure 5.2 PDMS ramp masked with scotch tape prior to application of PDMS glue.

PDMS glue is then spun evenly onto a blank coverslip at 5000RPM for 5min. Since the
laser source used in the design is highly coherent and susceptible to speckle noise, it is
crucial that the roughness of different material boundaries is minimized within the optical
path. Therefore, the channel patterns on the PDMS ramp are masked prior to being put in

contact with the coated blank coverslip, shown in Figure 5.2.
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PDMS glue is only applied evenly onto the unmasked regions of the PDMS ramp
and the combined PDMS ramp and 45nm gold coverslip is then cured in an 85°C oven.
Oxygen plasma treatment to the surfaces of PDMS mini prism and main prism enables
adhesion between the two components upon physical contact. Ensuring the top and
bottom surfaces of both the mini prism and main prism maintain high-quality smoothness

is essential to avoid disrupting the coherent light source during optical transit. Therefore,

glass and silicon are used as holders for uncured PDMS in the fabrication process. The
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Figure 5.3 Adhesion process. (A) Uncured PDMS glue is spin coated onto plain
coverslip. The channel region of the ramp is masked with scotch tape. PDMS ramp is
dipped onto the glue and the tape is removed. The PDMS ramp and gold coverslip are
then baked at 80°C to cure. (B) Close up view inside channels. Using tape to mask the
channel region during the glue application process is an effective method to ensure the
optical path remains clear of any residual PDMS. This technique helps to avoid speckle
noise by preventing any unwanted material from interfering with the optical path. (C)
The mini prism and main prism are attached via oxygen plasma treatment. (D) The
main prism, 7nm gold coated coverslip and PDMS ramp are clamped together.
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prisms and 7nm gold coated coverslip are then clamped down onto the PDMS ramp in
the final assembly. Overall adhesion process is shown in Figure 5.3.
The microfluidic channel used for InCh is shown in figure 5.4. Channel patterns

consist of multiple rows of channels followed by open spaces, alternating repetitively,

Figure 5.4 Photo of InCh channels attached to 45nm gold coverslip

allowing cells to alternate between flowing in straight channels and in varying directions
in open space. Additionally, this design facilitates the search for the location of the highest
concentration of cell flow for imaging, as it allows one to easily follow the cell flow in an
open space. The PDMS channels are fabricated to be 6pm tall, however, since the channels
are not attached to the bottom coverslip, the realistic chamber height where the cells have

freedom to roam to is above 6um.

5.2.2 Optical System Overview

The system comprises of four main optical components — collimating lens, beam

splitter, tube lens and microfluidic chip, shown in Figure 5.5. The InCh chip essentially
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serves as a second beam splitter that divides the illumination beam into reference field

and sample field. The system utilizes a 640 nm continuous wave laser pulsed by an

Cell flow

e
InCh Chip

Figure 5.5 System Schematic. (A) Photo of InCh System. (B) CAD model of InCh
system. Point source is collimated and passes through objective to illuminate InCh
chip. Illumination beam is reflected by InCh chip and collected by objective. L - Lens,
BS - Beamsplitter, OB] - Objective.

acousto-optic modulator (AOM) at 200Hz. The AOM is synchronized with the camera
frame rate through an Arduino based microcontroller, with a frame size of 1080x400.
The 50x objective has a 0.55NA and a working distance of 8.2mm, specifically chosen for
its long working distance to accommodate for the thick PDMS layers. The system has an
overall magnification of 23.44x.

Shown in figure 5.6 is the overview of the optical path. The reference field is

generated by top 7 nm gold coated coverslip while the sample field is generated by the
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bottom 45 nm gold coated coverslip. The two beams pass through a series of
magnification lenses and eventually overlap onto the camera, forming an interference
pattern. Further digital processing will reconstruct relative height map of the RBCs from

the interference pattern.
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Figure 5.6 Optical path overview of system. 1 - sample beam, 2- reference beam. Yellow
arrow depicts the direction of the reference arm collection beam and green arrow
depicts the sample arm collection beam. B: Resulting interference pattern on camera.

5.2.3 Prism Design

The main body of the InCh microfluidic chip consists of a PDMS ramp that has
two coverslips firmly attached on top and bottom, as shown in figure 5.1. Top coverslip
is configured with 7nm gold coating in contact with the top of the PDMS ramp and the
bottom coverslip is orientated with 45nm gold coating in contact with the bottom of the

PDMS ramp, shown in figure 5.1. Attached on top of the main body are two crucial
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components(main prism and mini prism) that guide the reference beam into the
objective.

The main prism is designed to ensure that the illumination beam enters the chip
at a normal angle and avoid unwanted refraction of the beam upon entry into the PDMS
ramp, shown in figure 5.7 B. When the illumination beam refracts upon entry into the
chip, the returning beam will pass through the imaging object at an angle, causing
discrepancies in the reconstructed image. Shown in Figure 5.7 A is an example image of
7um beads taken in the setup without any prisms, all beads in the image exhibit a
ringing artifact feature in the direction at which the returning beam travels. Shown in
Figure 5.7 B, with the addition of a prism, the illumination beam will interact with the
imaging object at a normal angle and eliminate the ringing artifacts. However, as the
reference beam is exiting the prism, refraction at the PDMS/air boundary bends the
beam away from the objective. Shown in figure 5.7 C, an extra mini prism is added to
the design to guide the beam into the objective, leading the reference beam to eventually
intersect with the sample beam on the camera, forming an interference pattern.

Considering that PDMS naturally has an average reflectance of 3% under 640nm
illumination, a small portion illumination beam reflects upon first contact with the main
prism. However, only interference patterns generated from reference field and sample
field at the focal plane of the channels will reconstruct focused cell phase images. Thus,

to avoid unwanted interference between the first reflection and reference field generated
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from the 7nm gold coating, the lengths of the optical paths in main prism and PDMS

ramp are specially tailored to ensure that the reference field is completely decorrelated

Figure 5.7 Optical beam path of different InCh chip designs. A: Design without prism
and mini prims. B: Design without mini prism. C: Design with prism and mini prim.
Length of optical path in main prism - h1, length of optical path in PDMS ramp - h2.

to the first reflection. The coherence length of laser source has been measured to be 8mm
in air. Therefore, the maximum allowed optical path difference between reference field
and sample field must be less than the coherence length of the laser(5.6mm in PDMS),
which would require that the height of the PDMS ramp to be less than half the laser
coherence length(2.8mm in PDMS) due to double passing. To conclude, in regions
within the system’s field of view, the main prism height must be taller than 5.6mm while

the PDMS ramp height must be smaller than 2.8mm.
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It is noted that there is a small window that limits the regions where the FOV can
reach, shown in Figure 5.8. Width of the FOV window is dependent on the thickness of

main prism.

Figure 5.8 Close up view of microfluidic design. Green highlights the region which the
FOV of objective can reach in the setup. w- width of the FOV area, h1- height of main
prism, h2- height of PDMS ramp.

5.2.4 Sample Preparation

Whole blood samples collected from patients are centrifuged and excess
components are removed, forming packed RBC (pRBC) pellets. 50uL of pRBCs is
suspended in 5 mL of 20% bovine serum albumin (BSA) in DPBS solution. The mixed
solution is put onto a vortex mixer for 10 seconds to ensure that RBCs are distributed
evenly inside solution. Subsequently, mixed solution is pumped into microfluidic

channel using a syringe pump, at a speed of 5uL/min.
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5.3 Results
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Figure 5.9 Example SCD sample single cell phase images
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Two healthy donor samples and two SCD patient samples were examined for
this study. Shown in figure 5.9 and figure 5.10 are the example healthy donor phase
images and SCD patient phase images. In total, 169,357 cell images were collected from
the two healthy donors and 50,459 cell images were collected from the SCD patients.
Since there are less SCD sample RBC images available, it is noted that a portion of the
SCD example images show elongated cellular structure resembling that of a sickle,
however, qualitative examination of montages of phase images would be inadequate for

a complete classification.
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Figure 5.10 Example normal sample single cell phase images
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5.3.1 Histogram Analysis
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Further morphological parameter analysis reveals the detailed differences in

biophysical morphology between the two sample types. The eccentricity is calculated as

the ratio of the distance between the foci of the ellipse and its major axis length, with

63

—k



Eccentricity Box Plot SRR Eccentricity Histogram

- . [ Elete]
0.9 7 : EHoR
\

0.8 i i N 0.03
| ! D.025

002

Prabatiity

0.015

oo

0.1 & 0.005

SCD MOR

Figure 5.11 Eccentricity boxplot and histogram. Wilcoxon rank-sum test was used to
calculate p-value, * refers to p < 0.05.

values between 0 and 1. An ellipse with eccentricity ratio of 0 would be a perfect circle
while an eccentricity ratio of 1 would indicate the shape of a line. As shown in figure
5.11, eccentricity of SCD population is on average higher than normal population. Other
subtle differences in morphological traits include the mean phase, variance in phase,
mean gradient, max gradient and top25percOPL. The mean phase is a measure of the
average relative cell height for each cell phase image. Shown in figure 5.12, the normal
cell population has a lower average in mean cell height compared to the SCD
population, indicating that many of the RBCs collected from healthy donors are thinner
than the RBCs collected from SCD patients. During the analysis process, cells with mean
phase values below 0.4 have been excluded to avoid inclusion of debris. Variance in
phase measures the local variations in the phase values within the cropped cell

boundaries. High variance would indicate that there are great height differences within
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Figure 5.12 Mean phase box plot and histogram. Wilcoxon rank-sum test was used to

calculate p-value, * refers to p < 0.05.

each single cell and that the cell is not smoothly dome-shaped. Shown in figure 5.13 is

the box plot and histogram of phase variation. The general population trend is that

normal RBCs have a lower phase variation compared to SCD RBCs, thus normal RBCs

tend to have a smoother surface with fewer height differences on the cell surface.
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Figure 5.13 Variation in phase box plot and histogram. Wilcoxon rank-sum test was
used to calculate p-value, * refers to p < 0.05.
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In order to calculate the mean gradient of each single cell phase image, the
numerical gradient of each single cell phase image is first summed and then averaged by

the number of pixels within the cell height map. Shown in figure 5.14, the mean phase
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Figure 5.14 Mean gradient box plot and histogram. Wilcoxon rank-sum test was used to
calculate p-value, * refers to p < 0.05.

gradient of the normal samples is lower than that of SCD samples, implying that the

normal sample RBCs are smoother on the surface while the SCD sample RBCs contain

sudden height drops.
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Top 25 percent of OPL(Top25percOPL) is defined as the top 25 percent optical
path lengths within a single cell phase images. It is calculated through summing all the
top 25% pixel values within a single cell phase image and finding its average. As shown

in figure 5.15, the top25percOPL of SCD samples tend to be higher than that of the
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Figure 5.16 Top 25 percent optical path lengths box plot and histogram. Wilcoxon rank-
sum test was used to calculate p-value, * refers to p < 0.05.
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Figure 5.15 Max phase box plot and histogram. Wilcoxon rank-sum test was used to
calculate p-value, * refers to p < 0.05.
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normal samples. This implies that the top 25% tallest regions of the SCD sample phase
images are generally taller than that of the normal phase images.

Max phase is another criteria that shows good separation between SCD and
healthy donor samples, shown in figure 5.16. The max phase is correlated to the
maximum height of the cell. It may be inferred from figure 5.16 that the normal blood
samples have a lower maximum cell height than the SCD blood samples. Morphological
parameters such as max phase, top25PercOPL, mean phase, mean gradient, variation in
phase and eccentricity all present statistically significant differences between normal

and SCD samples
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5.3.2 Convolutional Neural Network Results
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Figure 5.17 CNN training curves for model trained with dataset and untrained model.
AUC - area under curve.

The convolutional neural network(CNN) model used is based on Resnet?. Since there are
less SCD blood sample phase images than normal blood sample phase images, the
normal image stack is trimmed to a smaller dataset to ensure that there is no over
training in one category versus the other. In total, 100,918 images were used to train and
validate the classifier, half of which are normal and half of which are SCD. Among the
entire dataset, 10% of the dataset is used as a validation dataset while 90% of it is used
for training. The training accuracy of the network model reached 97.87%. The validation

accuracy is 92.07%. Shown in figure 5.17, the trained CNN model has a higher area
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under curve(AUC) than the untrained model, indicating that the trained CNN model is

significantly better at distinguishing between classes than the untrained model.

5.3.3 Logistic Regression Results

ROC for Classification by Logistic Regression
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Figure 5.18 Receiver operating curve(ROC) for classifying normal vs. SCD.
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Shown in figure 5.18, a trained logistic regression model can achieve an AUC of 0.7863
which is significantly higher than untrained model, indicating that the trained model
has a greater degree of separability between the two classes. The logistic regression

algorithm was trained 10 times. Shown in table 5.1, the overall mean accuracy of the

Table 5.1 Logistic regression training results, with 10 iterations.

25 Parameters Logistic Regression
Sensitivity | Std | Specificity | Std | Mean Accuracy | Std
Normal vs. SCD 68.98%  10.54%| 74.03% [0.64% 71.50% 0.50%

logistic regression model is 71.50%+0.50%. Mean sensitivity is 68.98%+0.54% and mean
specificity is 74.03%z2%0.64%. The training process has relatively consistent outcomes, with

little fluctuations.

5.4 Discussion

The main goal of this study is to design, build and validate a novel quantitative
phase imaging system, termed interferometric chamber, for the use of large-scale
sampling of blood samples for SCD. The Inch system utilizes a versatile PDMS
(polydimethylsiloxane) channel designed for multiple functions. This channel serves as
a microfluidic chamber where cells can flow and as a beamsplitter that delivers light for
both the reference arm and the sample arm. This dual functionality allows for efficient
integration of cell handling and optical measurement within a single system. The use of
PDMS, a flexible and transparent material, facilitates the creation of intricate

microfluidic structures and ensures effective light guidance. The fabrication process is
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repeatable and scalable, utilizing relatively cheap materials. This ensures that the
system can be produced consistently and in large quantities without significant cost,
making it accessible for widespread use in clinical applications. The choice of cost-
effective materials contributes to the overall affordability and practicality of the system,
facilitating its adoption in research and commercial settings. In section 5.3.1, many of the
histogram results presented exhibit statistically significant separation between SCD and
normal samples. Notably, variation in phase, mean gradient, max gradient and top 25%
OPL show more clear-cut difference between the two cell populations.

Further machine learning results reveal that both logistic regression classifiers and
CNN:s are effective tools for classifying heterogeneous RBC samples. Logistic regression
provides a straightforward and interpretable model that can handle binary classification
tasks efficiently. On the other hand, CNNs, with their ability to capture complex patterns
and features in data, offer a powerful approach for more nuanced and detailed
classification tasks, especially when dealing with images or spatial data of RBCs. These
findings underscore the potential of integrating machine learning techniques with the
Inch system for advanced biomedical analysis. Both logistic regression and CNN
produced decent validation accuracy levels, only 5% less than their training accuracy,
implying that they were well-trained. This small discrepancy between training and
validation accuracy suggests that the models have effectively learned from the training

data without overfitting, indicating robust performance on unseen data.
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The InCh system differs from the HC system in several aspects, including noise
characteristics, resolution, and hardware design. The orientation of cells flowing within
the microfluidics is also different. While the HC system utilizes 6um tall channels, the
InCh system features channels taller than 6um. As a result, cells flowing through HC
channels lie flat, whereas cells in InCh channels may lie sideways, causing differences in
the reconstructed single cell phase images. Thus, classifiers trained on the InCh system
are not fully compatible with datasets collected from HC system. The machine learning
results presented in chapter 5.3.2 and chapter 5.3.3 are preliminary, further work will be
needed to adapt data taken from InCh system to previously developed machine learning

models.

5.5 Summary

This chapter introduces a novel InCh design and presents the results of
validation for the design. The proposed InCh system produces single cell phase images
that can be fed into the machine learning algorithms developed in chapter 3 and chapter
4. Additionally, histogram analysis RBC samples imaged by InCh system reveal that
morphologies such as mean phase, eccentricity, variation in phase and top 25% OPL are
statistically different between SCD RBC population and healthy donor RBC population.
Further machine learning aid in providing potential diagnostic insights on the type of

sample passing through the system.
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6 Conclusion

The studies presented in the dissertation describe the development process of
compact and stable high throughput QPI for diseased single-cell screening. It is shown
that the InCh system is a powerful tool with clinical and commercialization potential.
Initial efforts in high-throughput QPI HC systems have proven effective in identifying
morphological changes in cells undergoing carcinogenesis and in providing
comprehensive biophysical profiling of SCD blood samples. Through a series of
hardware developments and algorithmic refinements, the portable, vibration-resilient
InCh system is introduced as a practical high-throughput QPI system for clinical
settings.

The initial study presented in this dissertation (Chapter 3) establishes
preliminary evidence that high-throughput QPI can detect subtle morphological
changes in cellular structures during carcinogenesis and perform single-cell screening.
High-throughput QPI can easily provide tens and thousands of single cell images within
just a few minutes of microfluidic flow. Biopsy samples are usually a heterogenous
population containing cells that lie on all grades of the spectrum — from healthy to
severely diseased. The study demonstrated that HC can detect intermediate changes
induced by carcinogens, suggesting that HC would be an excellent tool for testing

heterogeneous biopsy samples.
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Qualitative observation of the cell population histograms reveals the subtle
cancerous progression caused by heavy metal treatments, however, there is insufficient
basis for a quantitative definition of diseased versus non-diseased cells. Thus, the second
study, presented in chapter 4, focuses on building accurate biophysical profiles that give
clear quantitative definition of what extreme morphologies constitute diseased cells.
Accurate biophysical profiles assist machine learning algorithms in creating correctly
labeled datasets and preventing mislabeling. Additionally, these biophysical profiles
provide a clear breakdown of the constituents of a heterogeneous biopsy sample.
Overall, biophysical profiling helps determine the proportion of diseased or partially
diseased cells within a sample and by doing so, enhances the performance of machine
learning algorithms.

The first two studies provide supple evidence that high-throughput QPI coupled
with machine learning is in theory a label-free alternative to flow cytometry. However,
the previous HC system is inherently bulky, expensive, and susceptible to
environmental vibrations by design. Therefore, hardware innovation is essential to bring
high-throughput QPI into clinical settings. The new InCh system simplifies the
traditional Mach-Zehnder interferometry setup through combining the sample stage and
beamsplitter into one component. The sample holder effectively acts as both the
reference field generator and sample field generator. To offset small shifts in the beam

caused by refractive index mismatches between PDMS and air, PDMS prisms have been
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precisely fabricated to help direct the desired reference field towards the detector. The
introduction of the InCh PDMS chamber significantly reduces the amount of optics
needed for QPI interferometry setups. The InCh system is not only compact and
portable, with all components fitting onto a 12x12 optical breadboard, but it is also
highly resilient to environmental vibrations due to its near-common-path design. Its
portability, stability, compactness, alignment-free design, and low cost make the InCh
system suitable for clinical settings and hold significant commercialization potential.
Further development of the hardware is required to transform the InCh system
into a portable device featuring a plug-and-play interface that is user-friendly. All the
system's electronics should be encased in a clinical device. Additionally, more data from
various patients undergoing SCD treatment or no treatment must be gathered and
analyzed to train and refine the machine learning models. With this data, a more
effective machine learning model could be developed. Additional efforts are necessary
to optimize the manufacturing process, reduce material costs, decrease labor time, and

enhance production yield.
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