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Figure 1.1 Principle of coplanar impedasmssed sensors. (a) The cell traverses
through traditional coplanar impedargcased electrodes, and the
impedance of the detection volume is measured. (b) The impedance

signal is then analyzed for cell volume based si gnal amplitude
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Figure 3.2 Concurrent monitoring of mieconstrictions using paired electrical
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matching pair of code signals from entry aadt sensors. Cell transit
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can independently be determined from the amplitude of the sensor signal
based a the Coulter principle. 33

Figure 3.4 Image of the device. (a) An image Gdlaicated device filled with a red
dye for visualization purposes. (inset) A close up image of the device
showing the alignment of parallel microfluidic channels patterned in
PDMS with gold surface electrodes. (b) Photomicrograph of parallel
micro-constrctions with electrical sensor arrays positioned to log the cell
entry and exit time. Electrodes forming each sensor are distinctly
patterned such that when a cell is detected, they generate a unique
waveform that follows a-bit digital code exclusively aggned from a set
of mutually orthogonal codes. 34

Figure 3.5 Basic diagram illustrating the fluidic network of a parallel channel device
along with the equivalent electrical model under different occlusion
conditions. (A) No cell traversal, no occlusions (left), parallel resistors
present with current fle in the model (right). (B) Micraconstriction
occlusion, represented as open circuits due to a halt in current flow (left

and right). 36
Figure 3.6 Crossectional view illustrating the microfabrication process for creating
electrodes on a glass slide and the PDMS fluidic layer. 39

Figure 3.7 Video still shows three out of five channels that have been momentarily
occluded as cells transit through them. 44

Figure 3.8 lllustrating the fluidic network of the device and varying driving forces
under different occlusion conditions. (a) lllustration of a presdtiken



channel network with no channel occlusions, depicted as a network of
parallel resistors. Contrasted with a pressirreen channel network
featuring channel occlusions, where occluded channels are represented
by a resistor branch becoming an open cir¢ojtVisualization of a flow

driven channel network and its electrical equivalent circuit with a few
occlusions. The driving element is a current source, distinct from the
voltage source used in the pressdrneen system. 45

Figure 3.9 Contrasting the consequences of transient channel occlusions resulting
from moving cells in (a) an unobstructed pressimeen system, (b) a
pressuredriven system with occlusions, and (c) a fldwwven system.
Momentary halts in fluid flow tlough micreconstrictions lead to
fluctuations in pressure distribution across the device. Our hydraulic
design guarantees minimal (< 1%) pressure variations when operated
under constant pressure, unlike a fldiiven system that may experience
pressure sges as significant as 9x. 46

Figure 3.10 Schematic of the experimental setup for electrical measurement of cell
transit time. The electrical sensor network is excited by an AC signal and
the output signal ismeasured with a loeka amplifier. The demodulated
signal is composed of coded current modulations dictated by the detecting
sensor electrode pattern. 48

Figure 3.11 Capturing rapid microscopy images depicting a cell's passage through a
micro-constriction (left) alongside the concurrent recording of sensor
waveforms (right). Entry and exit sensor waveforms are distinguished in
blue and red, respectively. @hower schematic visually represents the
temporal distribution at various stages of the cell's transit through the
micro-constriction. 49

Figure 3.12 Signal processing scheme. (a) Image of coincident cells, each within the
sensing region of an entry network sensor. (b) Correlation plot showing
that template 4 has the strongest correlation (blue) with in a given
waveform, meaning that this weform was generated from a sensor
assigned to channel 4. All other correlation comparisons (red) result in
significantly smaller correlation coefficients. (c) Illustration depicting the
successive interference cancellation (SIC) process, outlining sieps t
resolve signals from coincident cells. The process begins with & cross
correlation between the detection waveform and all templates in the
library, identifying the strongest correlating template and its
corresponding channel. Subsequently, a scaledoverdi the template
waveform is subtracted from the detection waveform. This process is
iteratively repeated, with each step involving crosgelation on the
residual waveform, until no discernable code remains in the residual
waveform. 51

Figure 3.13 Determining transit time and cell size using the output signal of the
device. (a) Captured entry (blue) and exit (red) sensor signals featuring
distinct digital codes from sensors overseeing various constrictions.



High-speed camera images correlate the cell position at different time
points with the electrical signal. (b) The signals were classified by
correlating them with a template library of all waveforms corresponding
to all sensors in the device. Only matchtegiplates produced a strong
autocorrelation peak. Interfering signals could also be resolved by an
iterative interference cancellation scheme. (c) The duration between each
matched entry and exit signal was computed as the transit time and along
with thecell size from the correlation peak height. 53

Figure 3.14 Calibration data was established to associate electrical signal amplitude
with cell diameter measured through imaging. (a) Linear regression
correlated cubic root of peak signal amplitudes from MB-231 cells
with their corresponding diameterecorded simultaneously by a high
speed camera. The resulting linear fit was used to estimate cell size from
electrical measurements. (b) Comparative analysis of two experiments
with concurrent electrical and higdpeed camera recordings. (¢) Mean
cell dameter within signal amplitude bins showed consistent means
across observed cell sizes, with error bars representing standard
deviation. 55

Figure 3.15 The durations cells spend at different stages during transit. (a) Image
illustrating channel zones with assigned labels. (b) Calibration parameters
in the form of relative times were employed to determine the proportion
of transit time, encompaing both the deformation zone and free flow
zones, allocated to cell deformation. (i) MEMB-231 cell time in free
flow zone 1 relative to the time over the entry sensor. (ii) MDB-231
cell time in free flow zone 2 relative to the time over the exilsee
Given the absence of shear stress in the free flow zones, the cell speed in
these regions is largely independent of deformability, making the
calibration parameters universally applicable to different cell types. 57

Figure 3.16 Sources of error in transit time and cell size measurement. (a) Images
captured before and after the constriction of an MDB-231 cell,
demonstrating incomplete recovery of cell shape, along with the
associated entry and exit sensor signdis\V(sual representation of an
MDA-MB-231 cell cluster undergoing dissociation within the
constriction, leading to nematching entry and exit sensor waveforms.

(c) Images showcasing cell debris producing signals with a low dignal
noise ratio. 58

Figure 3.17 Comprehensive exploration of the influence of cell aspect ratio on signal
amplitude. (a) Histograms display cell aspect ratio distribution from high
speed microscopy footage via a specialized C++ program and the
OpenCV library, assuming it mors cell sphericity in an unconstrained
measurement site. (b) Detailed COMSOL finite element analysis
compares a cell (aspect ratio = 1) to channel and sensor electrodes (yellow
= reference source electrode, red = positive sink electrode, blue =
negative gk electrode). (c) COMSOL analysis demonstrates how aspect
ratio influences signal amplitude, flowing ellipsoids with varying ratios
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over an experimental sensor. This reveals a signal amplitude decrease
with higher aspect ratios due to reduced volume hindering electric field
lines. (d) Percentage error between maximum strain measurements is
calculated using major and minor axis diametérom highspeed
microscopy footage, with the larger error selected for reporting, capturing
a worstcase scenario. 60

Figure 3.18 Deformation time of MDMB-231 cells (a) Scatter plots that show the
relationship between measured constriction deformation time and cell
diameter for fixed, wildtype, and LatAtreated cells. (b) Mean
constriction deformation time with standadeviation is presented for
fixed, wild-type, and LatAtreated MDAMB-231 cells. MansWhitney
U-tests determine statistical significance in deformation times among
different drugged MDAMB-231 populations, revealing ***p < 0.001. 62

Figure 3.19 Density scatter plots illustrate the correlation between constriction
defor mat i o/ P nfeo ra-typdoanichchemicdllydtreated
MDA-MB-231 cells. The red line denotes the linear fit applied to derive
elastic modulus values for Latiheated, wildtype, and fixed MDAMB-

231 cells. 63

Figure 3.20 MDAMB-231 Cell Mechanical Characteristics: (a) Elastic modulus and
(b) fluidity values measured for Lattheated, wildtype, and fixed cells.
The provided values represent means with standard error derived from
three independent experimentsatitical significance was determined
through ManrAWhitney Utests on E values obtained from bootstrapped
sampl gag pPf ald deformation time dat a,
Brackets denote the samples subjected to the statistical tests. 64

Figure 3.21 Measured the mean peak channel utilization, along with the standard
error of the mean, based on data from three independent experiments per
cell line. This measurement provides insights into the percentage of
micro-constrictions occupied durirggcell's journey from entry to exit the
sensor. To assess statistical significance, Mafitney Utests were
applied to all recorded channel utilization measurements. The results
demonstrated significance with ***p < 0.001 and *p < 0.05. 65

Figure 3.22 Higkthroughput device for cell mechanotyping. (a) Schematic of the
multi-bank (3bank) mechanotyping device. (b) Pressure fluctuation
within individual banks with varying numbers of occluded channels. (c)
lllustration of a pressurdriven chanel network with no channel
occlusions, represented as a network of parallel resistors. 66

Figure 3.23 A diagram depicting the experimental configuration for enhancing cell
mechanotyping throughput through the simultaneous operation of
multiple coded sensor networksdifferent frequencies. 67

Figure 3.24 Multifrequency device and data aggregation. (a) Image of the device
with three coded sensor banks operating at different frequencies,
highlighted by red dye indicating fluidic channel locations. (b) Clgse

Xii



views of individual sensor banks, displaying signal streams and
histograms during wildype MDA-MB-231 cell analysis. Parameters k1
and k2 signify the shift in mean signal amplitudes at varying frequencies.
(c) Density scatterplot depicting constrictionfatenation time against
cell diameter, derived from data collected by individual sensor banks.68

Figure 3.25 Deformation time in human tumor cells: (a) Scatter plots illustrating the
relationship between constriction deformation time and cell diameter, as
recorded by sensor banks forBCLNCaP, and MDAVIB-231 cells. (b)
Mean deformation time with @&bhdard deviation for MDAVIB-231,
LNCaP, and P& cells. Statistical significance was assessed via Mann
Whitney Utests on deformation times across different cell line
populations, revealing ***p < 0.001. 70

Figure 3.26 Scatter plots illustrating the relationship between deformation time and
Ghad P for the analyzed cells. The red
providing elastic modulus values of 2026 Pa, 4686 Pa, and 5515 Pa for
MDA-MB-231, LNCaP, and PG cells, respectively. 71
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sensor banks: (a) Average deformation times of tumor cells with
corresponding standard deviations and (b) mean cell diameters with
standard deviations obtained from varidtsguency banks. Statistical
analysis, conducted via MaitWhitney U-tests on deformation times for
each sample from different frequency banks, revealed no significant
differences (*p < 0.05, n.s. = not significant). The mejection of the
null hypothess indicates that frequency does not induce a statistically
significant variance in the measured data. (c) Forest plot depicting
differences in bootstrapped elastic modulus values among different
frequency banks. Dots represent values, with 95% confideneevals
shown by error bars using the percentile method. The presence of the
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elastic moduli are not statistically significant. Comparisons H530D0,
E550E1300, and E9G&1300 refeto differences in bootstrapped elastic
modulus values between 550 kHz and 900 kHz, 550 kHz and 1300 kHz,
and 900 kHz and 1300 kHz banks, respectively. 72

Figure 3.28 Human tumor cell mechanical characteristics: (a) Quantified elastic
modulus and (b) fluidity metrics for MDMB-231, LNCaP, and PG
cells. The bars depict means from three independent experiments, with
error bars indicating the standard eroérthe mean. Statistical analysis
employed ManAVhitneyUt est s on E (el astic modul u
values derived frommbootPstamap pled os aap |
time data. Statistical significance is denoted by **p < 0.001. 73

Figure 4.1 A schematic illustrating the method for electronic immune cell analysis.
The drawing shows the placement of the antiblushetionalized capture
chambers on the microchip, the integrated barcoded sensor network that
performs the transduction ogit surface expression into electrical signals

Xiii



and the ultimate analysis of these signals to yield populéicei
insights based on their surface biomarkers. 79

Figure 4.2 A photograph of the fabricated microchip showing the microfluidic
features filled with red dye for visualization and the electrical sensor
network formed by micropatterned gold electrodes. Insets show a close
up microscope image of (top) onethe coded electrical sensors on the
device along with the inteshamber microfluidic passage it monitors and
(bottom) a group of micropillars within the capture chamber that cells
interact with as they flow through the device. 80

Figure 4.3 A comprehensive illustration highlighting the functioning of the
developed microchibased immunoassay system, showcasing each
integral component in action. 83

Figure 4.4 A flowchart describing our algorithm that extracted relevant events from
the signal stream and passed it along to the subsequent stage in the data
processing pipeline in reéime. 87

Figure 4.5 Sensor identification process. (ajefresentative portion of a sampled
signal stream produced at the output of the signal conditioning stage. (b)
Cell detection signals from three different sensors segmented from the
signal stream for further processing. Deep neural networks are used for
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functionalized with fluorophoreonjugated antibodies (FITC a@D4
(left) and APC antiCD8 (right)). Each chamber exclusively contained the
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pg/mL was selected as the optimal concentration as minimal
improvement in capture rate was observed for higbacentrations. All
the capture rate values were experimentally measured and are the average
of three repeat experiments. The error bars indicate the standard error
associated with the measured capture rate values. 92

Figure 4.9 Measured CD4+ T cell capture rate in a device functionalized with anti
CD4 antibodies as a function of cell flow speed. All the capture rate
values were experimentally measured and are the average of three repeat
experiments. The error bars indte the standard error associated with
the measured capture rate values. 93
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Figure 4.10 Measured false positive rate (i.e., rate ofspecific cell capture) as a
function of concentration of BSA solution used to block the device. All
false positive rate values were experimentally measured and are the
average of three repeat exjpnents. The error bars indicate the standard
error associated with the measured false positive rate values. 94

Figure 4.11 Schematics showing the functionalization layouts of analytical devices
that have only one of their two chambers functionalized with (a)CGIvi
antibody and (b) amCD8 antibody (top) and the measured specific (1st
chamber) and nesapecific nd chamber) cell capture rates in those
devices (bottom). All the capture rate values were experimentally
measured and are the average of three repeat experiments. The error bars
indicate the standard error associated with the measured capture rate
values 96

Figure 5.1 A schematic showing all of the components ddi¢vweloped autonomous
microchipbased immunoassay system and their interaction. 100

Figure 5.2 A block diagram showing the proportional controller implemented in the
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by the feedback gain parameter to produce the corrective drive pressure
value, u(t), used to updattee pressure pump. 103

Figure 5.3 Plot of cell speed showing the step response of the feedback control
system given different combinations of feedback gain (K) in which (a) K

=0.1, (b)) K=0.35, and (c) K=0.5. 104
Figure 5.4 A plot showing the measured cell flow speed as a function of the drive

pressure in our device. 105
Figure 5.5 A flowchart describing the feedback control algorithm. 105

Figure 5.6 A plot showing the target tracking performance of our feedback controller.
As the target cell speed was continuously ramped, the pressure updates
commanded by the feedback controller and the resulting cell speed were
simultaneously recorded astiown in the plot. 106

Figure 5.7 A plot showing the instantaneous cell immunocapture rates during both
the presence and absence of feedback control. Feedback control was
disabled, and drive pressure was increased to simulate an external
perturbation. The consequent dip in tiedl capture rate observed during
inactive feedback control recovered when the feedback was turned back
on. 107

Figure 5.8 A schematic of the device showing Hwgout of capture chambers
designed to capture CD4+ and CD8+ T cells and the sensors monitoring
cell capture. Insets show images of CD4+ (left) and CD8+ (right) cells
labeled fluorescently after they were captured on the device. Scale bar,
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Figure 5.9 A plot showing the time evolution of the cell flow speed under feedback
control modulating the drive pressure to reach the prescribed target of 60
pm/ms. 110

Figure 5.10 A plot showing the CD4+ and CD8+ T cell subpopulation frequencies
as reported by our system (cofdled bars) vs the nominal mix ratio
determined by hemocytometer (unfilled bars). 111

Figure 5.11 A plot (left) showing the results from fluorescesméssion based
classification of a sample made of equal parts CD4+ and CD8+ T cells
using flow cytometry. The other plot (right) shows the difference between
the subpopulation counts determdndy flow cytometry vs. our
microchipbased immunoassay. 112

Figure 6.1 Schematic representation of the micreblaged apoptosis assay.
Featured in the microchip are an-cmp micromixer to mix the cell
population with Annexin V solution and a functionalized capture
chamber to capture apoptotic cells that have underwent PS
externalization. An integrated barcoded sensor network detects cells
entering and exiting the capture chamber and produces the detections as
an electrical output. The signal stream is subsequernitepsed to match
each electrical barcode with the correspondingtup location of the cell
event, enabling computation of the total count of captured cells in the
capture chamber for apoptotic cell quantification. 117

Figure 6.2 Device Photograph. (a) Image of the fabricated microchip shown with its
fluidic pathway filled with red dye. The microchip is equipped with an
electrical sensor network comprising micropatterned gold electrodes.
Insets show closap microscopemages of the coded electrical sensors
on the device, along with the monitored microfluidic passages. (b)
Microscope images of the micropillars and their spacing at the three
different zones of the capture chamber, which interact with cells as they
flow through the device. 120
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apoptotic cells with biotinylated Annexin V solution before
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rate. All the capture rate values were experimentally measured and are
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Figure 6.4 (Left) The bright field microscope images showing the three types of
passive micromixers considered: Serpentine, Triangular, and Linear. The
images show a single mixing unit for each of these designs. (Right)
Performance comparison between thes¢ micromixer designs each
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positions. All the MI values were experimentally measured and are the
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average of three repeat experiments. The error bars indicate the standard
error associated with the measured MI values. 125

Figure 6.5 (Left) Bright field microscope images evaluating performance of the

triangular mixer design using color dyes. The images showcase the
mixing extent at the outputs of the 1st, 20th, 40th, and 50th mixing units.
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All the MI values were experimentally measured and are the average of
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associated with the measured MI values. 129

Figure 6.8 A schematic of the developed microdiaged apoptosis assay system,

highlighting the various components and their interactions in the
apoptosis detection process. 130

Figure 6.9 Signal processing and sensor identification scheme. (a) A representative

section of the signal stream output by the LIA before being used in the
subsequent signal processing stage. (b) Signal classification process
showing the correlatichasedmatching operation between the template
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Figure 6.10 Schematic showing the capture rate calculation process in the apoptotic
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Figure 6.12 The relationship between Annexin V concentration and capture rate of
apoptotic cells. As the Annexin V conc
10 g/ m, the capture rate increased f
the efficacy of the assay in dapng apoptotic cells. All the capture rate
values were experimentally measured and are the average of three repeat
experiments. The error bars indicate the standard error associated with
the measured capture rate values. 135

Figure 6.13 Comparison of capture rate performance for different flow rates,
demonstrating the relationship between flow rate and capture efficiency.
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SUMMARY

Cell phenotyping plays a vitable in understanding cellular status and behavior in
a variety of situations. This importance has given rise to the development of diverse
methodologies, including mechanotyping, immunophenotyping, and apoptosis assays.
Mechanotyping explores the mechaiproperties of cells, primarily providing insight
into the static and dynamic viscoelastic properties of thewhlle immunophenotyping
identifies specific cell population using the surface markers as the discriminating factor.
Additionally, gpoptosisassays, which detect cells undergoing or completed programmatic
cell death, provide valuable information on the cell health status. Despite their importance,
the traditional methods used to perform these characterization tests grapple with limitations
sudh as complexity, timeonsuming procedures, and necessitate labeling the sample prior

to the test itself.

In this thesis, we introduce three innovative microfluidic platforms, marking a
substantial advancement in cell phenotyping analysis to overcome these challbages.
platforms are designed to overcome existing limitations and cater to diverse applications
in clinical settings, cell manufacturing, and resodncagted environments.The first
platform, based on an electronic cytometer microchip, delivers-thiglughput cell
mechanotyping by leveraging CouHlesised snapshot sensors and polybased fluidc
channel construction. It performs biomechanical measurements of a cell population to
derive quantitative viscoelastic properties. The second platform perfomsnoanalysis
on a portable, lovwecost microchip, coupled witsupportinghardware and software to

operate autonomously. It adeptly processes unlabeled immune cells, streamlining the

xxiii



immunophenotyping process and positioning itself as an advanced tool for efficient, field
deployed analysis. The third platform, developed around an Annekias¥d apoptosis
assay, integrates an embedded electrical sensor network with estagéti micrdfiidic
biochip. Its capture chamber immobilizes cells based on phosphatidylserine (PS)
externalization without the need for gebeled samples, as the biochip has aitlop

mixer for seltsupervised sample labeling. Taken together, these microfluidionofes not

only overcome the limitations faced by traditional diagnostic assays, but also usher in a
new generation of versatile, scalable, and smart tools that operate at low costs while
delivering realttime measurements. They make-demand cell phenotypg analysis a

tangible reality, unlocking new capabilities in cellular research and diagnostics.
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CHAPTER 1. INTRODUCTION

1.1 Background and Motivation

Cell phenotyping, at its core, is an intricate exploration of the unique characteristics
that define individual cells within a population. It delves into the observable traits,
morphology, molecular signatures, gene expression, and functional behawelis [df],
aiming to unravel the complex tapestry of cellular diversity. Utilizing cuttidge
technologies, researchers in cell phenotyping employ tools like-raggtution
microscopy, flow cytometry, and advanced molecular assays to scrutinize cells at various
levels. This multidimensional analysis extends beyond mere cell identification, providing
insights into how cells respond to stimuli, interact with their microenvironment, and
contribute to broader biological processes. Cell phenotyping is not only relevemmal
cellular processes but also in disease contexts. highlight the role of phenotypic plasticity in
cancer initiation, progression, and therapy resistd@teThe dynamic nature of cell
phenotyping is particularly valuable in fields such as immunology, oncology, and

regenerative medicine, where understanding the intricacies of individual qelstisl.

By deciphering the unique fingerprints of cells, cell phenotyping opens avenues for
personalized medicine, targeted therapies, and a deeper comprehension of diseases at the
cellular level. It serves as a powerful lens through which scientists can unhnavel t
mysteries of cellular biology and translate these findings into meaningful advancements

for human health.



1.1.1 Microfluidic Devices for Cell Phenotyping

Microfluidic platforms stand at the forefront of transformative tools, reshaping cell
phenotyping with unparalleled precision and throughput in the analysis of individual cells.
Operating on the principles of microfluid@&snanipulating small fluid volumewithin
microscale channel8]d these platforms have ushered in a new era in cell phenotyping
by integrating microfluidic techniques with singtell analysis, allowing for huepth
investigations into cellular heterogeneity and the identification of distinct cell

subpopulation§4].

Microfluidic devices offer a notable advantage in their ability to exert precise
control over the cellular microenvironment. In particular, microfluidic siogléanalysis
revolutionizes our comprehension of cellular heterogeneity by crafting tailored
environments for individual cells, overcoming limitations present in traditional bulk
analysed3]. This unique capability empowers the examination of cellular responses to

distinct stimuli and the discernment of phenotypic variations within a cell population.

Moreover, microfluidic platforms offer another advantage in Higbughput
singlecell analysis, swiftly processing large numbers of individual cells, making single
cell screening not only feasible but efficient. The incorporation of -thighughput
multiphase microfluidics represents a significant advancement irdda&an biomedicine,
genomics, and transcriptomif4]. This innovation enables the efficient characterization
of cellular phenotypes and the identification of rare cell types within heterogeneous

populations.



Furthermore, integrated microfluidic platforms elevate cell phenotyping,
especially in the domain of rare cell analysis. The "digital Phenoplate (dPP)," an
ultrasensitive microfluidic platform integrating digital immunosen§slsexemplifies this

by enabling the detection of minute signals in cellular secretion with unparalleled precision.

Achieving a remarkable det elt,t itohne IdmMmA te noefr g

potent tool for delving into the realms of rare celpplations and inflammatory diseases.
Its integrated nature facilitates the simultaneous analysis of multiple cellular parameters,

including cytokine secretion, offering a holistic understanding of cellular phenotypes.

The application of microfluidic platforms for cell phenotyping extends beyond the
study of normal cellular processes, making significant strides in cancer research.
Microfluidics, alongside organnachip technologies, transforms cancer research by
offering advantages such as low sample requirements, high sensitivity, tunable flew, cost
effectiveness, higthroughput screening, and short processing time. In microfluidics,
circulating tumor cel(CTC) isolation, tumor cell characterization, metastatic ssidand
drug screening are revolutionized. Microfluidic separation techniques handle large fluid
volumes, enabling innovative tumor diagnostic and therapeutic approaches. The isolation
of CTCs using labébased or labefree methods provides crucial instghinto cancer
evolution and personalized treatment. Despite challenges that persist in realizing their full
potential[6], microfluidics and orgaon-a-chip technologies provide valuable tools for
studying cancer cell phenotypes, conducting drug testing, and exploring tumor
microenvironments. Moreover, microfluidic platforms find application in the study of

bacterial phenotyes and biofilm formatiofi7]. These platforms offer precise control over



the growth conditions and spatial organization of bacteria, providing a novel approach for

investigating bacterial phenotypes compared to traditional methodologies.

1.1.2 Electrical Detection of Cells

One of the most commonly employed strategies for the electrical analysis of
particles, such as cell counting and sizing, is the Coulter principle. This technique was
developed by Wallace H. Coulter in the 194@3. It relies on electrical impedance and
involves passing particles through a small opening in a conductive barrier. As particles
move through the opening, they disrupt the electrical current between electrodes, leading
to measurable changes in impedaides method has found applications in various fields.

In materials science, for instance, resistive pulse sensing (RPS) uses the Coulter principle
to count and size patrticles in electrolyte soluti¢®l It has also been employed in
industrial settings, such as monitoring wear debris in lubrication oil using a microfluidic

device based on the Coulter princifl®].

Furthermore, impedandsased sensors in microfluidics provide a practical method
for particle analysisThe utilization of impedanebased sensors in microfluidics enhances
the Coulter principle, making it a crucial technique for particle analRgisearchers use
spice simulation to design and analyze these devices, providing practical guidelines for
their development and understandidgd]. Moreover, various electrode configurations,
including coplanar electrode$ig. 1.1) facing electrodes, and liquid electrodes, are

investigated for impedandsased cytometrjl2].
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In medical applications, microfluidic devices inspired by the Coulter principle have
been used for leukocyte analysis and differentiation, showing correlation with conventional
blood analysis toold13]. These devices are also explored for pointare HIV

diagnostics, ensuring precise CD4+ counts through individual cell colyftihg

The Coulter principle, combined with microfabrication techniques, enables the

creation of compact devices applicable in materials science, industrial monitoring, and
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medical diagnostics. Ongoing research into their design and functionality continues to
advance particle analysis and characterizdfidéh Additionally, microfluidic systems for
particle counting using both electrical and optical methods offer versatility in particle

analysig15].

1.2 Thesis Flow

In this thesis, our objective is to develop portable and-fiejdloyable microchips
for cell phenotyping that enhance existing cell characterization and manufacturing
processes. This is achieved by integrating a sensor network for comprehensive cell
phenayping analysis, including cell mechanotyping, immunophenotyping, and apoptosis
assay analysis. To fulfill our overarching aim, we systematically addressed challenges and

progressed through three distinct goals:

Goal 1. Designing an a#lectronic microchip for measuring the mechanical
properties of cells in suspension. This objective was achieved by integrdaistglauted
electrical sensor network with parallel mieronstrictionbased channels, enabling precise

measurement of cell mechanical properties (Chapter 3).

Goal 2: Designing a scalable microciipsed immunoanalytical platform with an
electrical sensor network for labieée immunoanalysis. This objective was accomplished
by integrating an electrical sensor network with cell capture chambers, where tdrget cel
populations were captured through antib@ahigen binding (Chapter 4). Moreover, we
implemented realfime signal processing and a feedback controller to automate device

operation and minimize useased intervention errors (Chapter 5).



Goal 3: Designing a microchipased apoptosis assay platform using an electrical
sensor network for apoptosis analysis based on PS externaliZBtisnobjective was
achieved by entrapping apoptotic cells in the capture chamber, relying on Annr€8n V

binding (Chapter 6).



CHAPTER 2. METHODS FOR CELL PHENOTYPIC ANALYSIS,

A BRIEF REVIEW

In the dynamic field of cell phenotypic analysis, including cell mechanotyping,
immunophenotyping, andiability analysis, the methodologies of assays have been
foundational in unveiling the intricacies of cellular behaviors. Established protocols in
traditional approaches have played a crucial role in providing foundational knowledge
about the mechanical, immunologl, and apoptotic features of cells. Mechanotyping
techniques, whether through bulk rheological measurements or atomic force microscopy
(AFM), have provided researchers with the means to investigate the mechanical properties
of cells. Immunophenotyping, utilizing techniques like flow cytometry, has been
instrumental in understanding the complex landscape of cell surface mafiedigity
assays, relying on biochemical and morphological markers, have been crucial in
understanding programmed cell death. However, these traditional techniques face

challenges related to throughput, portability, and automation.

In response to these limitations, microfluidic technologies have emerged as
innovative alternatives, promising to revolutionize the landscape of cell phenotypic
analysis. Microfluidics capitalizes on the unique principles governing fluid behavior at the
microscale, introducing miniature channels and devices that enable more efficient,
controlled, and highthroughput experiments. This paradigm shift from traditional methods
to microfluidic approaches represents a transformative journey in cell phenotylggigna
offering solutions to the constraints faced by conventional techniques. The integration of
microfluidics holds the potential to propel cell phenotyping into a new era of precision,
scalability, and automation, fostering advancements in our unddirsganf cellular

behavior.



2.1  Evolution of Cell Mechanotyping Techniques

In the realm of cell mechanotyping, the journey fraranventional non
microfluidic techniques to microfluidics marks a transformative si@bnventional
methods, like AFM, set the foundation but grapple with limitations in throughput.
Microfluidics emerges as a revolutionary alternative, offering precision, higher throughput,
and automation potential. This evolution is not just about scale; it redefinepproach
to understanding cellular mechanics. Explore the strengths and limitations of these two

worlds as we navigate the dynamic landscape of cell mechanotyping.

2.1.1 NonMicrofluidic Approaches in Cell Mechanotyping

Conventional approaches, excluding microfluidics, encompass a spectrum of
techniqued8 AFM, magnetic twisting cytometry (MTC), micropipette aspiration, optical
tweezers, and traction force microscopy (TFM) and so on extensively employed for cell
mechanotypig. These methodologies furnish critical insights into the mechanical

intricacies of cells and their reactions to external forces.

AFM stands as a formidable instrument in exploring the mechanical intricacies of
biological materials, extending its reach to cellular studies. Operating at the nanoscale,
AFM facilitates the precise quantification of mechanical properties, generatirggtatr
high-resolution maps of cell mechani¢s6], [17]. Its application in singleell force
spectroscopy (SCFS) has proven instrumental in unraveling the complexities of cell
adhesion and interactions with the extracellular mgi®&{. The insights derived from
AFM have significantly contributed to understanding the development and progression of

diseases, particularly in the realm of car{d®j. Additionally, AFM provides a nuanced



exploration of cell elasticity, viscoelasticity, and plasticity, shedding light on the intricate
architecture of the cytoskeletg0]. Despite its popularity for probing the mechanical
response of cells, it suffers from both very low throughpif and the need for a highly
trained operatdi22]. Additionally, caution is advised in interpreting AFM measurements,
particularly in conditions with soft substrates, as significant substrate deformations may

result in an underestimation of cell stiffn¢23].

Moving on toMTC, this technique introduces twisting torques to the cell surface
through liganecoated magnetic microbead24]. MTC's applications extend to the
investigation of micrerheology in lung epithelial cells, encompassing both alveolar and
bronchial variants, as it measures their stiffness and viscoela$f86ity This method
involves the application of a field perpendicular to the magnetic dipole of microbeads,
generating a mechanical torque at the partiele interface[26]. Notably, the optical
variation, Optical Magnetic Twisting Cytometry (OMTC), utilizes optical methods to
gauge cell stiffness, providing valuable insights into force transmission mechanisms across
the cell membranR7]. OMTC's oscillating magnetic twisting methodology facilitates the
measurement of viscoelastic properties of the cytoskeleton across various scales, from
whole cell populations to local sites in the cytoskel¢2&). MTC and OMTC have found
utility in diverse research areas, including respiratory physiology, cell mechanics,
mechanearansduction, and stem cell differentiati@7], [29]i [32], thereby enriching our
understanding of cellular responses to mechanical stimubweder, one major
disadvantage of MTC and OMTC is their low throughput, which leads to poor statistics
[33]. These techniques require individual manipulation of cells, which can be time

consuming and limit the number of cells that can be analyzed. This low throughput hinders
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the ability to obtain comprehensive data and may limit the generalizability of the results

[33].

Another widely embraced technique in cell mechanotyping, micropipette
aspiration, affords the measurement of mechanical properties in living cells. The process
involves applying suction to a cell through a micropipette, observing resultant
deformations, amh extracting diverse mechanical properties such as cortical tension,
Young's modulus, and viscoelastic{i§4]. This technique's versatility is evident in its
application across various cell types and biological materials, from neutrophils and
endothelial cells to erythrocytes, chondrocytes, and cellular aggreftgs[35].
Additionally, micropipette aspiration delves into the mechanical behavior of cell nuclei,
adding another layer to its utilitf86]. One of its compelling advantages lies in its
simplicity and accessibility, making it a straightforward technique easily implemented in
laboratory setting$37]. Recent applications in cell biology research, focusing on cell
mechanical properties, responses to mechanical stimuli, and-seiglmanipulation,
underscore its continued relevance and significg®®} While micropipette aspiration is
a widely used method for evaluating cell viscoelastic properties, it has several
disadvantages. One major drawback is its low throughput, attributed to the slow manual
operation involved[39]. Additionally, micropipette aspiration necessitates skilled
operators and manual manipulation, introducing variability and potential errors in
measurements. The technique relies on the operator's precise control of aspiration pressure

and micropipette mapulation [40].

Transitioning to optical tweezers have emerged as indispensable instruments in the

realm of manipulating single biological cells and conducting sophisticated biophysical and

11



biomechanical characterizationgll]. These versatile tools enable the trapping,
manipulation, and displacement of living cells without causing dané®je Widely
integrated into molecular and cell biology reseaj48], optical tweezers have been
instrumental in studying protejorotein interactions and cell mechanosen$#dj. Their
applications extend to noninvasive micromanipulation of living cpls], offering
advantages like high accuracy, singdl-level manipulation, and neinvasive
measurements of biological tissyé6]. Moreover, optical tweezers find utility in particle
manipulation in biological contexts and precise patterning of ¢éll$ Commonly
employed to handle and probe the properties of liposomes and cells, such as membrane
elasticity and deformability48], optical tweezers have also contributed to assessing the
deformability of red blood cells in diseases like diabetes mellitus and diabetic retinopathy
[49]. In essence, they provide a lighased method for the retaine manipulation of single
molecules and cells, facilitating the measurement of their intera¢giOhsiowever, there

are several disadvantages associated with the use of optical tweezers, one such is the
potential for damage to fragile objects such as biological cells. Optical tweezers typically
require high working powej51]. This high power can cause thermal damage to cells,
leading to cell death or altered cellular behavior. Another disadvantage is the limited
manipulation area of optical tweezers. While they offer high resolution for trapping single

particles, they havedht focusing requirements that restrict the manipulation[a&a

Moreover, TFMs apotent techniquthatplays a pivotal role in cell mechanotyping
by measuring the forces exerted by cells on their surrounding envirofs3nTFM
allows for the quantification and mapping of these forces, providing valuable insights into

cell-matrix interactions and cell behavié#]. The method employs soft elastic substrates,
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such as polyacrylamide gels, which deform in response to cellular {6&jeg\nalyzing

the deformation patterns of the substrate allows the determination of traction forces exerted
by cells[56]. TFM's extensive applications include studying the invasive and contractile
properties of carcinoma cellS7], investigating forces exerted by cellular collectives in
both 2D and 3D setting®8], and exploring cell migration and ceflatrix interactions

[54]. While TFM has been widely used and has provided valuable insights into cell
mechanics, there are several disadvantages associated with this technique. One
disadvantage of TFM is the reliance on measuring substrate deformation to infer cellular
forces. Thisapproach assumes a linear elastic behavior of the substrate, which may not
accurately represent the complex mechanical properties of the cellular microenvironment
[59]. Furthermore, TFM requires the use of specialized equipment and complex
computational procedures to convert substrate deformation into traction ss€$s€his

can make TFM timeonsuming and technically challenging, limiting its widespread

adoption.

In summary, the conventional nomicrofluidic approaches, including AFM, MTC,
Micropipette Aspiration, Optical Tweezers, and TFM, play a crucial role in unraveling the
mechanical intricacies of cells. These widely utilized techniques provide complementary
insights into cell mechanics and responses to external forces, contributing to a
comprehensive understanding of cell mechanotypivigile each method boasts distinct
advantages, such as higksolution mapping and nenvasive manipulation, they are not
without inherent limitations, including low throughput, the necessity for skilled operators,

lack of automation, and being expensive and buRgsearchers exploring microfluidic

13



based solutions aim to address these challenges by exploring integrated platforms that offer

enhanced control over experimental conditions and improved throughput.

2.1.2 Advancements in Microfluidic Approaches for Cell Mechanotyping

In the drive to establish methods that are high throughput, automated, and portable
for characterizing cell mechanics, researchers are increasingly harnessing the capabilities

provided by microfluidiebased technologies.

One technique involves hydrodynamic approaches prioritize throughput by
imposing momentary compressive forces on cells suspended in continuously flowing
streams, and then capturing the hydrodynamigatiyiced cell deformation using high
speed imaging60], [61]. One such approach directed cells into a eflosg junction,
where two opposing flow streams applied a pinching force for a few microseconds,
appreciably deforming the cell82]. Another technique flowed the cells into a drastically
reduced channel crosgction, where the rapid increase in flow velocity induced high shear
forces that led to cell stra[B3]. In both cases, image processing techniques were used to
guantify cell deformation. While these techniques have achieved throughput performances
in the order of 1000 cells per second, they incur significant overhead expenses due to the
necessary equipmenhigh-speed cameras, microscopes, and computers for processing
[64]. This cost increases when réiahe analysis is desired; it demands camera interfaces
and computing capabilities powerful enough to handle such loads. Such costs mean these
systems are less likely to be used in situations where skilled personnel awthree

not readily available.
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In an effort to develop portable, lewost techniques for mechanical
characterization of cells while still offering reasonably high throughput, researchers have
turned to microchigbased technologies. These technologies typically drive cells through
photolthographically definednicro-constrictionsand measure the time individual cells
take to deform and compress to pass through these constrje&dn&6]. While some of
these microchips still require microscopy for measuremi@ls others use standalone
platforms with integrated sensing to directly provide quantitative [@&fa In one such
approach, a microfluidic channel with a miaonstriction was embedded within an
oscillating cantilever beam. To measure cell transit time throughmitm@-constriction
researchers measured changes in the beamds
on the cantilever beaf®9]. Another technique placed tin@icro-constrictionbetween a
pair of electrodes and used the Coulter principle to measure the cell transit time as an

indicator of [MOh[ell.cell sd stiffness

While microfluidic approaches have facilitated groundbreaking research,
distinguishing the metastatic potentials of cancer € and conducting studies in
singlecell proteomic$73], it is crucial to acknowledge fundamental limitations, including
low throughput, low resolution, and the need for bulky instruments such asgegh
cameras and optical microscopes for measuremeotsequently, researchers are actively
exploring strategies to overcome this limitation, particularly by investigatitegrated
microfluidic-based solutions that could enhance throughput without compromising the

precision and sensitivity of cell mechanical characterization.
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2.2  State-of-the-Art Methods for Cell Immunophenotyping

Cell immunophenotyping techniques have transitioned tonventionamethods
like flow cytometry and microscopy to microfluidic approach@enventional methods,
renowned for their robustness and broad applicability, are being complemented by
microfluidicsd a realm of miniaturized systems designed for precise cell manipulation,
reduced volumes, and enhanced throughput. While traditional teesnithrive in
established protocols and largeale studies, microfluidics steps in to address challenges
like sampe consumption and analysis speed. This dynamic interplay ensures a more
controlled environment, fostering efficiency and high throughput immunophenotyping.
This evolution reflects a synergy between traditional and microfluidic approaches,

enhancing the versatility of cell immunophenotyping methodologies.

2.2.1 ConventionaMethodsfor Cell Immunophenotyping

Cell immunophenotyping, a critical facet of cellular analysis, intricately involves
the characterization of cell populations based on their surface markers, internal
components, and functional attribut€anventionaimethods in cell immunophenotyping
have served as foundational pillars in advancing our understanding of cellular biology and
immune responses. This arsenalkofiventionaltechniques encompasses a spectrum of
approaches, spanning from flow cytometry and immunohistochemistry to microscopy and
molecular assays. Each method stands out with its unique advantages, offering insights into
distinct aspects of cell characteristics and functions. In this exploration, we delve into the

nuanced world ofconventionalmethods in cell immunophenotyping, unveiling their
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underlying principles, applications, and substantial contributions to deciphering the

intricacies of cellular behavior and immune function.

Flow cytometry stands as the gold standard for cell immunophenotyping, involving
the identification and characterization of various cell types based on their surface markers
[74], [75]. This method facilitates rapid and myparametric analysis of individual cells
in a liquid solutior{76]. The operational principles of flow cytometry hinge on using lasers
to excite fluorochromdabeled antibodies that are bound to specific cell surface markers.
In this process, cells are first gadbeled with specific antibodies that have been conjugated
with fluorochromes and then interrogated under laser illumination as they flow in a single
file through an apertuf@7]. Flow cytometry distinguishes itself with the ability to swiftly
and accurately analyze a large number of cells, allowing forthiglughput analysig 8].
Additionally, it enables the simultaneous analysis of multiple parameters, such as cell size,
granularity, and the expression of various surface markers, providing a holistic profile of
cell populationg79]. This versatility positions it as a valuable tool across a spectrum of
applications, including cellulammunophenotyping, higthroughput screening, and rare
cell analysis and sortirf@8]. Furthermore, flow cytometry boasts several advantages over
alternative techniques for cell immunophenotyping, manifesting as a sensitive method
capable of detecting minute fluorescent molecules, even down to single fluorescent
molecules, facilitating thedentification of rare cell populationf80]. It also yields
guantitative data, enabling the determination of the percentage of cells expressing specific
markers[81]. While flow cytometry boasts significant strengths, it is not without its
limitations. This specialized and laborious technique is primarily confined to centralized

research and clinical laboratory setting®], [83]. Justification for its use in such
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environments is rooted in factors like assay complexity, high operational costs, a

substantial instrumental footprint, and the need for skilled ope{8#js

On the other hand]uorescence microscommerges as a powerful technique in
cell immunophenotyping, enabling researcherglémtify specific proteins or molecules
visually and preciselpn both the cell surface and within the c@lS]. Operating on the
principle of utilizing fluorescently labeled antibodies binding to specific target molecules,
this technique renders them visible under a fluorescence microg®&jpé&-luorescence
microscopy offers a direct overview of the entire cell, allowing the study of numerous cells
simultaneously86]. Moreover, it enables the quantification of qudpulations of cells in
high-resolution 3D using antibody fluorescern&¥]. Renowned for localizing proteins
with low abundance, as loas approximately 100 molecules per cell, immunofluorescence
microscopy excels in offering detailed insights into cellular structures and their spatial
distribution [88]. This technique's versatility extends to its compatibility with other
methods, such as electron microscopy, enhancing the depth of information about cellular
structure$86]. However, fluorescence microscopy grapples with limitations, including the
potential for norspecific binding of antibodies leading to falsesitive results86].
Moreover, its penetration depth is constrained in heterogeneous samples, limiting the
visualization of proteins in deeper tissue lay86. Additionally, the technique demands
specific antibodies for each target molecule, translating into adomsuming and costly

aspec{85].

In conclusion, traditional methods in cell immunophenotyping, encompassing
techniques like flow cytometry and fluorescence microscopy, stand as indispensable tools

that have significantly advanced our comprehension of cellular biology and immune
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responses. Thesmnventionalapproaches, each offering distinct advantages, enable the
characterization of cell populations based on surface markers, internal components, and
functional attributes. As the landscape of immunophenotyping evolvescthrasntional
methods lay the groundwork for understanding cellular behavior and immune function.
Looking forward, the integration of emerging technologies, including microfluidics, holds
promise in addressing some of the limitations associated with tradit@pabaches,
offering enhanced precision, miniaturization, and improved control over cellular

interactions for more comprehensive studies.

2.2.2 Microfluidic Approaches for Cell Immunophenotyping

Microfluidic devices, at the forefront of cell immunophenotyping, have evolved
into powerful instruments tha¢define the landscape of cellular analysis with unparalleled
precision and throughpy®0], [91]. Typically, such systems drive a cell suspension
through an antibodjunctionalized microchip which in turn screens the cell population
constituents using immunoaffinity as the discriminatory mechaf8giin[94]. A standout
feature is the ability to conduct immunophenotypic analyses without the need for cell
labeling, a significant leap in efficiency and resource utilizaf@®]. This not only

expedites the process but also eliminates the need for additional steps and reagents.

Efficiency is a hallmark of microfluidic devices, dramatically reducing assay times
in comparison to conventional methods. For instance, an integrated microfluidic platform
designed for in situ cellular cytokine secretion immunophenotyping achieved an
impressive assay time 8f5 hours, a substantial improvement over the considerably longer

times required for conventionahzymelinked immunosorbent assalgl(ISA)-based cell
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stimulation assayg96]. The integration of diverse analytical techniques within
microfluidic devices further amplifies their capabilities in cell immunophenotyping.
Anotherintegrated microfluidic device that combines particle manipulation and antibody
conjugated microbead7]. This innovative approach facilitates the isolation, purification,

and functional immunophenotyping of immune cell subpopulations directly from
unprocessed blood specimens. The result is a comprehensive characterization of immune

cell subsets and theirriational responses.

However, a notable drawback in current microfluidic immunoassays is their
reliance on external instrumentation, like microscod8$8], [98], for readout,
compromising the inherent cesffectiveness and portability of microfluidic chips. To
address this challenge, researchers have explored alternative techniques that integrate
sensing elements within the microchip, enablingcbip quantificéion of population
constituentg99]i [103]. One such work reports a microfluidic device that electrically
counts CD4+ and CD8+ lymphocytes present within a whole blood sample after lysing the
erythrocytes on the chipl4]. Another approach, known as the electronic antibody
microarray, utilizes a set of microfluidic capture chambers that have each been
functionalized against different antigens present on target subpopulations of a given
sample. The capture statistics ardemted using an embedded electrical sensor network
for combinatorial analysis of multiple antigens at the population IgM@2]. While
successfully achieving portability, these miniaturized microfluidic systems require user
intervention during runtime to keep the operational conditions within favorable bounds

[104], [105]
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Another persistent challenge in microfluidic approaches involves scaling up for
screening against multiple antibodies. The complexity arises from the need to integrate
numerous electrical sensors without increasing overall complexity. Additionally, gelecti
functionalization of different regions of the microfluidic device to create a multiplexed
microarray format poses challenges. Addressing these hurdles is crucial to unlock the full
potential of microfluidic devices for immunoassays, promising enhancalhbdlity,

efficiency, and multiplexing capabilities.

2.3  Assessment Techniques foCell Viability

Cell death is a fundamental, mudtiep process that has profound effect on the
function of multicellular organisms and occurs in nominal physiological states in addition
to pathological conditiond.06], [107] Cell death can be classified into several main types,
each with distinct characteristics and underlying mechanisms. Necrosis is characterized by
cell swelling, plasma membrane rupture, and the release of cellular contents, often leading
to inflammation andissue damage. Autophagy, on the other hand, is a process that
involves the degradation and recycling of cellular components in response to stress or
nutrient deprivation. Additionally, emerging types of cell death, such as ferroptosis and
necroptosishave been identified and recognized as distinct forms with unique molecular
mechanisms. Among the various types of cell death, apoptosis is -&kneelh and
extensively studied form. Unlike necrosis, apoptosis is a controlled and regulated process
that ocars in response to specific physiological cues or pathological s{ibdd]. It plays
a crucial role in variousiological processes, including embryonic development, tissue
homeostasis, and immune system regulatldnderstanding and accurately assessing

apoptosis, a fundamental process in cellular biology, is crucial for unraveling various
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physiological and pathological phenomena. From conventional methods to -adtjag
microfluidic approaches, a spectrum of assessment techniques has evolved to scrutinize
apoptosis at different scales and resolutioftss exploration encompasses traditional
assays like the TUNEL Assay (Terminal deoxynucleotidyl transferase dUTRemick
labeling), Caspase Activity Assays, DNA Fragmentation Assay, Mitochondrial Membrane
Potential Assay, and Annexin V assay. Each ofdhessays necessitates labeling with
specific antibodies or proteins, and their execution typically involves instruments such as
flow cytometers, fluorescence microscopes, or regular microscopes. Each of these methods
offers distinctive insights into the intricate processes associated witkoagow/ith the

advent of microfluidic technologies, a paradigm shift has occurred, promising enhanced

precision, scalability, and cesffectiveness.

2.3.1 Conventional Techniques for Apoptosis Analysis

Traditional methods for apoptosis assessment have long rested upon established

techniques such as flow cytometry, fluorescence microscopy, and-bbaagd cytometry.

The pinnacle in detecting apoptosis involves fluorescence labeling of Annexin V, coupled
with processing the cell sample through a flow cytomgté®]i[111]. However, this
approach encounters limitations in providing immediate insights into early apoptotic cells
due to the time required for fluorescent staining proceduiey. Additionally, fluorescent
labeling introduces potential drawbacks, including compromising protein activity through
chemical croséinking reactions during the staining procd443]. Another challenge
emerges in the potential for falpesitive results, where Annexin V penetrating necrotic
cells via openings binds to PS, diminishing the overall reliability and necessitating

supplementary staining methgd4.4j.
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Recent strides in technology have fueled the development of apoptosis detection
techniques, with fluorescence microscopy and irtzaged cytometry at the forefront. A
study, for instance, utilized a novel tetrahedral DNA probe (TEMMBP) for simultaneous
imaging of intracellularcytochrome cand telomerase, providing a comprehensive
visualization of the apoptotic procegkl5]. Imagebased cytometry, amalgamating the
strengths of fluorescence microscopy with the ability for quantitative analysis of cellular
events, proves instrumental in assessing apoptosis by quantifying changes in cellular
morphology, nuclear condensation, oembrane integrity116], [117] This approach
delivers both visual and quantitative data, positioning it as a powerful tool in apoptosis
researchApoptosis assays utilizing fluorescence microscopy and irhaged cytometry
have gained widespread application across diverse research domains, spanning cancer
biology, immunology, and drug discovef¥10], [118], [119] These methods serve a
multifaceted purpose, studying the effects of different treatments on apoptosis, screening
potential anticancer drugs, and evaluating the cytotoxicity of immune dédsertheless,
these approaches come with inherent limitatidriee subjective nature of microscopy
introduces variability in result interpretatiofll7]. Additionally, reliance on
morphological features for apoptosis definition, while characteristic, is not exclusive and
may occur in other forms of cell death, potentially leading to misinterpretptR].
Recognizing and addressing these limitations becomes pivotal for a nuanced and accurate

understanding of apoptosis through these traditional methodologies.

2.3.2 Microfluidic Innovations in Apoptosis Detection

Microfluidic-based platforms have emerged as versatile tools for apoptosis assays,

presenting several advantages over traditional platforms such as precise control of fluid
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volumes, higkhthroughput analysis, and integration with complementary techniques. These
platforms operate at the forefront of apoptosis research, allowing for investigations at both
the singlecell and molecular levels. The intrinsic capabilities of micidfc systems
provide invaluable insights into the intricate mechanisms and dynamic processes governing
apoptosis, paving the way for the development of innovative therapeutic strategies targeted

at this crucial cellular phenomenon.

An exemplary microfluididbased platform designed for apoptosis assay is a
networked microfluidic channel system featuring automated sample staining capabilities.
This system facilitates flow cytometric analysis of protein expression and apoptosis in
humanprimary cells, showcasing the potential for highoughput analysig21]. Another
work introduces a microfluidic array for reime screening of anticancer drugs on single
cells, offering a highethroughput screening method with statistical precision comparable
to traditional flow cytometry122]. Another study explores microfluidic devices in PDMS
for in vitro sensitivity testing of breast cancer cells, demonstrating static culture and
induction of apoptosis, providing insights for potential development in personalized

chemosensitivity testinfd.23].

A microfluidic cell trap device is presented for riale monitoring of apoptosis,
providing insights into programmed cell death dynamics, with successful analysis of
chemically induced apoptotic cells but challenges in distinguishing stages in eleltdric f
mediated cell deafli24]. Another study introduces a microfluidic device for simultaneous
cell capture and induction of apoptosis, utilizing 4095 antibody coating, allowing
reattime observation and loAgrm analysis of apoptosis dynamj&&5]. A microfluidic

hydrodynamic trapping system for digital singlell assays achieves a trapping efficiency
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of approximately 90%, enabling the evaluation of half maximal inhibitory concentration
(IC50) for clinically established chemotherapeutic reagents, serving as a valuable tool for

cell apoptotic analysis and drug evaluatib6].

The labona-chip, equipped with miniaturized optical instrumentation, enables
supravital examination of single embryos without compromising developmental
competence. This facilitates the recovery and maintenance of embryos' developmental
capacity post lalon-a-chip analysig127]. In another study, thresolor confocal imaging
is utilized to monitor cell death induced in human leukemic U937 cells, providing insights
into apoptotic dynamics with different inducejs28]. Additionally, a microsystem
integrates a scanning thermal lens microscope detection system with a cell culture
microchip, allowing secure cell stimulation and reade in vivo observation of responses.

This demonstrates high sensitivity and spatial ltggm for monitoring cytochrome ¢

distribution during apoptos{d29].

A labetfree microfluidic method is presented for separating cancer cells based on
cellular stiffness reveals distinct molecular mechanisms of drug resistance, including
altered apoptosis sensitivity and enhanced drug extr{88]j. In the development of a
fully automated microfluidic platform, over 60,000 droplets are monitored irtinea)
revealing dynamic variations in cytotoxicity, including apoptosis within the Natural Killer
cell population during a *Bour incubation. Thignables detailed screening and analysis

of individual cellular interactiongl 31].

An integrated microfluidic device is developed to characterize doxordibidiuced

apoptosis in human hepatocellular carcinoma (HepG2) cells, generating a continuous drug
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concentration gradient for investigating multiple apoptotic events with soegjle
resolution[132]. Another integrated microfluidic cedlulture platform, CellmicroChip

(Celle Chi p) , all ows parall el analyses of micr
cells and their responses to external stimuli. This involves conducting parallel culturing

with a focus on testing drumnduced apoptotic responsgs33]. Developed within a
microfluidic device, a quantum dot signaltbgsed cell assay demonstrates efficient drug
screening, establishing a clear correlation between drug dose and the number of cells

undergoing apoptos[d34].

Another noteworthy example involves a microfluidic chip for isotope labeling,
coupled with electrospray ionization mass spectrometry-fESL This innovative chip is
instrumental in both qualitative and quantitative analyses of-ididigced apoptosis in

MCF7 cells, operating at the molecular level to unravel intricate signaling patfi@ys

Microfluidic systems have further extended their utility to the detection of
apoptosigelated biomarkers. Electrophoresis chips, for instance, have been developed to
detect biomolecules such as glutathione and hydrogen peroxide. Additionally, these chips
enable the sorting of mitochondria and the analysis of Cyt c distribution, ensuring high
sensitivity and specificity for accurate quantification of apoptodeted biomarkers
[136].

Moreover, the integration of microfluidic platforms with other techniques has
substantially enhanced the analysis of apoptosis. A notable approach involves the
integration of a fluorescence resonance energy transfer (HRESEl caspase sensor into
an in vtro microfluidic circulatory system, as well as zebrafish circulation and mouse lung

metastatic models. This integrated system facilitatestireal detection of apoptosis in
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circulating tumor cells, providing a comprehensive understanding in diverse physiological
contextq137].

Another approach developed a microfluidic multicellular coculture array (MCA) to
integrate multiple celbased assays, one of which was apoptosis detection, into a unified
system[138]. Alternatively, several electrochemical approaches have also emerged,
including an Annexin Ymodified biosensor that usesealrctricalimpedance spectroscopy
(EIS) scheme to identify early apoptotic cdlis39] and a differential pulse voltammetry
(DPV) based measurement of caspasectivity that is used as an indicator of apoptotic
activity [140]. Another work introduces an electrochemical method for apoptosis detection
using a gold electrode modi fied wil[idi a hel i
All these sensingnethods, however, all suffer from low portability and high cost due to

their instrumentational and operational complexity.

In conclusion, while microfluidic approaches offer advantages for apoptosis assays,
such as precise control over fluid manipulation and-tigbughput analysis of single cells,
there are limitations that need to be addressed. These limitations incluthatia
constraints, difficulty in recovering cells for offline analysis, complexity of microfluidic
systems, and the need for specialized equipment. Overcoming these limitations will be
crucial for the wider adoption and application of microfluidic apprees in apoptosis

assays.
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2.4 Conclusions

In summary, traditional methods of cell phenotypiraydifferent modalitieshave
played pivotal roles in advancing our comprehension of cellular biology. Thestettad
techniques have provided crucial information about cell structure, function, and responses,
shaping our understanding of diverse cellular phenomena. Howar, utility is
accompanied by inherent challenges, such as cost implications, the need for specialized

equipment, and limitations in throughput.

The challenges associated with traditional methods, such as cost implications, the
requirement for specialized equipment, and limitations in scalability, have paved the way
for innovative solutions. The integration of microfluidic platforms wvdistributed sensor
networkrepresenta paradigm shift in cell phenotyping. These advanced platforms provide
control over fluid dynamics, enabling highroughput analyses and the potential for
automation. Their costffectiveness and portability address criticalieas, democratizing
access to sophisticated cell phenotyping tools and expanding their reach across diverse
research settings. The integration s#fnsor networkmicrofluidic platforms not only
mitigate existing challenges but also introduces unprecedented opportunities. The
precision, scalability, and accessibility offered by these integrated platforms are poised to
revolutionize cell phenotyping, impacting fields ranging from basic research to
personaked medicine and diagnostics. The transition fraaditronal methodologies to
integrated platforms signifies a significant leap forward, unlocking the full potential of cell

phenotyping to decode the intricate behaviors of cells in health and disease.
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CHAPTER 3. MULTIPLEXED SENSOR NETWORK IN
MICROFLUIDIC CYTOMETRY FOR CELL MECHANICAL

PROFILING

As part of developing analytical platforms for cell phenotygl@g APTER 1) our
initial effort focusedon designinga highthroughput and portable microfluidic platform
for cell mechanical profiling. Within the realm of cell phenotyping, cell mechanotyping
emerged as a pivotal component, delving into the mechanical intricacies of cells. This
approach, exploring physicaroperties like elasticity and fluidity, aims to decode the
distinctive characteristics and behaviors of individual cells. In the braadéext of cell
phenotype analysis, mechanotyping provides crucial insights, enriching our
comprehension of cellular functions and contributing to advancements across various

scientific domains.

Assessing cellmechanical profileinvolves employing various techniques to
decipher the mechanical properties of cells, shedding light on their structural and functional
aspects.Expanding upon the array of techniquesplainedin CHAPTER 2 for cell
mechanotypingthe field of cell mechanical measurements presents a huanced spectrum of
methodologies. Beginning with AFM, a technique known for its precision in quantifying
cell elastic modulus, it comes with inherent limitations. AFM exhibits a slow processing
rate, clocking in at less than one cell per minute, and poses the risk of cell damage due to

the application of forcéhrough highlylocalized forcq142].
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On the other extreme, highroughput hydrodynamic methods emerge as
formidable contenders, achieving impressive rates of up to 1000 {@8k/E54]. In these
methods, cells are subjected to forces induced by fluid flow, leading to rapid deformations.
Despite their efficacy in handling large cell populations, the practicality of hydrodynamic
methods is hampered by the need for sophisticated and expeqgsipment, including
high-speed cameras. This renders them less feasible in resammsteained environments
where financial constraints and limited technical infrastructure prevail, limiting widespread
adoptionMoreover, these techniques offer a s@uantitative approach for evaluating cell

mechanics.

In addressing challenges posed by both precisased and higthroughput
mechotyping methods, in this chapter, we introduce a quantitative technique to measure
the mechanical properties of cells in suspensianmeasure mechanical properties of
cells, we adopted a micro constrictibased approach, leveraging its versatile design and
scalability through parallelization. As cells navigate through the micro constriction, they
undergo deformation and compressiare do the smaller crossection compared tthe
cells. The key advantage lies in the correlation between cell deformation time and inherent
stiffness: stiffer cells require more time to traverse the constriction, while softer cells
exhibit quicker transit times. Consequently, the deformation timeeseas a reliable
indicator of cell stiffness in our approachunlike traditional transit timdvased
mechanotyping methods discussed in CHAPTER 2, ourthigiughput approach doesn't
require continuous monitoring of each cell throughout its transitnceo-constriction.
Instead, ousurface micromachined electric#nsos captureelectrical snapshots of cells

before and after the mictmonstriction, significantly reducing the necessary measurement
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bandwidth while still measuring transit time effectiveljhis sampling approach opens

avenues for data multiplexing and employs parallelizatiohifgit throughputeffectively

overcoming the delay inherent i-constridians cel | 6
(Fig. 3.1).
- PDMS Channel ,
N /- . Constriction

NN S /~_Electrical Sensor

Figure 3.1 A schematic of the device showing coded electrical sensors strategically
placed to timestamp each cell immediately before and after it traverses any of the
parallel micro-constrictions.

Finally, these electrical snapshots are combined to calculate specific mechanical
properties, namely the elastic modulus and fluidity. These properties describe the
compliance of the cell and the cell's thtlependent response behavior when strained by a

force or reovering after its removal, respectively.

3.1  Operational Principles of The Mechanotyping Device

To facilitate highthroughput cell mechanical profiling, we designed our platform
by integrating parallel micrgonstrictive channels with an electrical sensor netwbinle.
electrical sensor network is based on the Microfluidic CODES platfo48], [144] in

which micromachined electrodes generate locasjpecific signature waveforms to
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multiplex the cytometry data into a single electrical waveform. With this scheme, each
micro-constriction on the device is simultaneously monitored via a pair of electrical sensors
formed of distinctly micropatterned electrodes. Each time a cell enters or exits a micro
constriction, the distinct electrode patterns sandwiching each-gcocrgtriction generate
unique electrical signatures due to changes in electrical impedance. These sighatures
effectively label each cell event with a pair of digital ideat#iin the output signal (Fig.

3.2). These digital identifiers can then be recognized through signal processing, allowing
each event to be uniquely mapped to the specific ruonstriction on the device.
Therefore, we can not only measure the transit time for each cell (by calculating the time
delay between entry and exit signals), but, due to the Coulter prificd@g [146] we can

also use the amplitude of the sensor signal to independently determine cell size. Both of

these parameters are then utilized to estimate the mechanical properties of cells

b
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Figure 3.2 Concurrent monitoring of micro-constrictions using paired electrical
sensors with unique micropatterned electrodes. Distinct electrical signatures are
generated during cell entry or exit, indicating changes in impedance for precise
monitoring.
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To achieve the desired high throughput, our technique overcomes the inherent time
delay in constrictiorbased analysis of cells by 1) taking rapid snapshot measurements and
2) leveraging sensor idle time to monitor multiple constrictions. First, by degebe cell
only before and after the constriction, brief measurements are performed when the cell is
flowing at a high speed, avoiding the significant slowdown that occurs when the cell
traverses the microonstriction. By compressing the most theensuning aspect of the
process into two brief signals in the sensor output, the transit time measurement for each
cell is performed in a fraction of the bandwidth required for the cell to pass the constriction,
thereby opening up possibilities for multiplexirgecond, we utilize the sensor idle time
by simultaneously running measurements on multiple constrictions with the same sensor.
Electrically labeling cell entry and exit events with coded electrodes allows us to
computationally search and match eventsasponding to the same cell, and to calculate

the transit time and size of each cell (B@).

1 Entry sensor signal
O Larger cell transit time Exit sensor signal i
[} @ Normal cell transit time
o
2 @ Softer cell transit time
[=%
£ 11)0 10 0 1|01 1]0/1 1100 110
Z |
| | 1 [l L
Flow dir. I l I I I Time
Channel 110 ZI@=CIIC i< Je-elr ID-er el
Channel 100 I o= Oo=<C Jo=ar 0 J<dE
Channel 101 = = = I=<CTe _=TlTe

Entry Exit
sensor sensor

Figure 3.3 The transit time for each cell is determined from the delay between a
matching pair of code signals from entry and exit sensors. Cell transit times depend
on both the cell size and mechanical properties, with larger and stiffer cells taking
longer to traverse a micro-constriction. Cell size can independently be determined
from the amplitude of the sensor signal based on the Coulter principle
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Figure 3.4 Image of the device. (a) An image of a fabricated device filled with a red
dye for visualization purposes. (inset) A close up image of the device showing the
alignment of parallel microfluidic channels patterned in PDMS with gold surface
electrodes. (b) Pbtomicrograph of parallel micro-constrictions with electrical sensor
arrays positioned to log the cell entry and exit time. Electrodes forming each sensor
are distinctly patterned such that when a cell is detected, they generate a unique
waveform that follows a 7bit digital code exclusively assigned from a set of mutually
orthogonal codes.

3.2  Device Design

Our mechanotypinglevice integrates parallel micomnstrictive channels with an
advanced electrical sensor netwdFig. 3.4). This integrated functionality provides a
holistic approach to studying cellularechanicabehavior, allowing for both controlled

mechanical interventions and quantitative assessments.

3.2.1 Fluidic Design forMechanotyping

We designed the fluidic layer, incorporating nine parallel mwoastrictionbased
channels with precisio(Fig. 3.4a) The thoughtful planning of our microfluidic channel

geometry aimed to alleviate pressure fluctuations caused by intermittemdceléd
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occlusions in the channels. Specificallye designed the parallel micomnstrictive
channels with a notably higher hydraulic resistdid@] compared to other microfluidic
channels. This strategic engineering ensures that the majority of the pressure drop occurs
within the parallel channels, minimizing pressure fluctuations caused by channel occlusion

due to the parallel configuration.

Initially, to calculate the pressure changeg, modeled the fluidic path as an
electrical resistonetwork, with series resistorsffand R2) representing regions between
the inlet/outlet and parallel channels. Each branch, encompassing ecomstaction and
its channel, was modeled as a parallel channel resisi)r IfiRcases of channel occlusion,
fluid flow halts, equivalent to zero current flow and infinite resistafiig. 3.5) To
analytically assess the proportional pressure change across acomnstadction resulting
from occlusions in other microonstrictions, we calculated it using ttherived formula

- WY Y -
w &Y Y (3.1)

, Where Beccudedand Riear are pressures across a micamstriction when some or
none of other channels are occluded, respectivelig. tRe combined hydraulic resistance
of microfluidic channels external to the parallel micanstrictive channels. Ris the
hydraulic resistance of one of the parallel micomstrictive channels and n is the number

of parallel micreconstrictive channels simultaneously occluded.
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(a) : (b) o

Figure 3.5 Basic diagram illustrating the fluidic network of a parallel channel device
along with the equivalent electrical model under different occlusion conditiongA)
No cell traversal, no occlusiongleft), parallel resistors present with current flow in
the model (right). (B) Micro-constriction occlusion, represented as open circuits due
to a halt in current flow (left and right).

The hydraulic resistance values were 2.4813* RQ.s.i¥ for the parallel micre
constrictive channels and 1.6610 ¥24Pa.s. for the remaining microfluidic channels,
providing an effective solution to pressure regulatidine hydraulic resistance of
microfluidic channels was calculated using the analytic expression for channels with

rectangular cross section,

Y- PCU"' (3.2)
®» p T 0O
,where €€ is the fluid viscosity, L is

w is the channel widthrinally, to achieve minimal pressure fluctuation, the microfluidic

channel s, measuring approximately 25 &m
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were precisely molded in polydimethylsiloxane (PDMS). Each channel featured a

constriction measuring 5 e€m in width and 7

3.2.2 Multiplexed SensadretworkDesign

The second design consideration involves the electrical sensors, employing a code
multiplexing strategy based on the Microfluidic CODES schii8], [144] Our sensor
network was constructed to monitor 9 parallel micomistrictions, featuring 9 uniquely
coded electrical sensors before the constrictions and the same 9 coded sensors after the

constrictions, totaling 18 coded electrical sengbig. 3.4b).

The codemultiplexed electrical sensors were designed based -bi @old
sequence$l48], [149] Gold sequences were specifically chosen due to their ability to
maintain orthogonality under arbitrary time delays due to random cell arrival. The specific
codeset used in this work was generated following the process described by L[iA&].al.
Specifically, nine 7bit Gold sequences were created using two lHheadback shift
registers implementing 3rd order polynomiatst»x? + 1 and X + x + 1 with initial states
of AO0OO010 and ATallel3d) Therassigned @otdisegenhcgs were encoded
in the physical sensor design as follows: Each sensor was composed of three electrodes:
positive, negative and reference electrode
electrodes followed the assignbd sequence, while the referenelectrode was placed
meandering in between the two electrodes. All sensors in the network were designed to

share the same three electrodes and were therefore electrically connected.
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Table 3.1 7-bit orthogonal Gold code sequences for mechanotyping platform

Sensor Code Sequence (7 bit)
Sensor 1 0110100
Sensor 2 0001011
Sensor 3 1000000
Sensor4 1011101
Sensor5 1100111
Sensor6 0010011
Sensor7 1111010
Sensor8 0101001
Sensor9 0001101

To create the sensor network, we employed micromachining techniques on a gold

film deposited on a (¢l-wideslectsodels.sThe seris@ pairsr e s u |

flankingeachmicrce onst ri cti on were deli berately sep

purpose: 1) preventing electrical crosstalk via the conductive buffer and 2) allowing cells
leaving the micreconstrictions sufficientime to recover their morphology. This design
ensured that the prand postconstriction sensor signals were similar, enabling efficient

signal matching in the output.

3.2.3 Fabrication

The devices were fabricated by employing a combination of surface
micromachining and soft lithography. Briefly, the electrical sensor network was created by
micropatterning electrodes on a glass substrate usingaflifft pr oc e stsick A 1.
negativephotoresist (NRA500PY, Futurrex) was patterned using optical lithography
followed by ebeam deposition of 20 nthick Cr and 480 nrthick Au film stacks. The

lift -off process was performed by soaking the glass substrate in acetone for 120 mins. Once
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sacrificial photoresist was removed, the glass substrate was washed with isopropyl alcohol

(IPA) and deionized (DI) water to complete the process.

PDMS fabrication
|
Electrode fabrication / Final Device

Wﬁﬁj ™ =

Silicon SU-8 PDMS

Glass NR9-1500 Au

Figure 3.6 Crosssectional view illustrating the microfabrication process for creating
electrodes on a glass slide and the PDMS fluidic layer.

Separately, the microfluidic component of the device that included the conduits and
microconstrictions was fabricated out -of PDM
thick SU-8 photoresist film was patterned on a silicon wafer using optical lithography to
fabricate the mold. The PDMS prepolymer and crosslinker (Sylgard 184, Dow Corning)
were then mixed at a 10:1 ratio and poured on the mold, degassed in a vacuum desiccator
and cured in an oven at 65°C for 4 hours. The cured PDMS was then peeled dffédrom
mold, shaped with a scalpel and subjected to oxygen plasma for surface activation for 30
secs together with the glass substrate. Finally, the two parts were aligned under a

microscope and bonded on a hot plate set at 65 °C to create the final(EBeyiGe6)
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3.3  Experimental Methods

3.3.1 Cell Culture

MDA-MB-231 (ATCGHTB-26) and LNCaP (ATCE&CRL-1740) cell lines were
purchased from the American Type Culture Collection (ATCC), while th8 Pélls were
initially obtained from Prof. John F. McDonald of Georgia Institute of Technology. The
MDA-MB-231, LNC®# and P€3 cel |l s were cultured in Dul
medium (DMEM, Corning), Roswell Park Memorial Institute (RPMI 1640, Corning) and
F-12K Medium (ATCG30-2004) (ATCC), respectively. All culture media were
supplemented with 10% Fetal Bovine Ser{fBS, Seradigm) and cells were grown in 5%
CO2 atmosphere at 37 °C until they reached 80% confluence. To create suspensions, cells
were trypsinized for two minutes, pelleted with a centrifuge, resuspended in Phosphate
Buffered Saline (PBS) and pipettechglg to dissociate cell clusters that may have formed.
Finally, the suspension was diluted with PBS to a cell concentration of £.6eli€ImL
for experiments. To manipulate cell stiffness for device characterization,-MB&31
cells were treated eith&iith Latrunculin A (LatA, SigmaAldrich) or with formaldehyde
(SigmaAl dr i ch) . For the LatA exposur e, 100 ¢€g
reconstituted in dimethyl sul foxide (DMSO)
solution. The trypsiized and pelleted MDAB-231 cells were then suspended in 1 mL
of 1 &M LatA solution, incubated at 37 AC
and resuspended in PBS. For celll fixation,
diluted in 4 mL of PB. The trypsinized and pelleted MBEMB-231 cells were suspended
in the 4% PFA solution, incubated at 37 °C for 10 mins. The fixed cells were then pelleted

and resuspended in PBS.
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3.3.2 Sample Processing

Cell suspensions were loaded into sealed laboratory tubes with 2 mL volumes and
pneumatically driven through the microfluidic device using a softwargrolled pressure
regulator (MFCSEZ, Fluigent). For all experiments in this work, the driving pressae
set at 100 mbar. For the electrical read, the sensor network was excited with a 1200
mVpp sinusoidal signal at a frequency of 550 kHz. The current signals from the entry and
exit sensor networks were first converted into voltage signals usingntpsdance
amplifiers(TIA) and then subtracted from each other using a differential amplifier to create
a bipolar code signal. The repteansquare (RMS) amplitude of the bipolar signal was
measured using a logk-amplifier (LIA) (HF2LI, Zurich Instruments) by demodulating
the signal to the baseband (1.5 kHz bandwidth). The RMS amplitude signal was sampled
into the computer for signal processing. For experiments that focused on the
characterization of the device operation, theraiigidic device was imaged using an
inverted optichmicroscope (Eclipse W, Nikon) equipped with a highpeed camera

(Phantom v7.3, Vision Research).

3.3.3 Powerlaw Rheology for Cell Mechanical Properties Measurement

We employed a powdaw rheology(PLR) model[150], [151] to quantify cell
mechanical propertieb this model, the time it takes for a cell to deform into a constriction
(tee) rel ates to the cell 6s elastic magul us (
as well as the pressure difference that drives the cell through theen@no s t r i ct i on

as:
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0 > (3.3)

We derived the cell deformation time from the electrically measured transit time.
Additionally, we determined cell strain by utilizing the measured cell size, known-micro
constriction dimensions, and the system's set drive pressure, which created the pressure

difference across microonstrictions.

3.3.4 Calculation of Elastic Modulus Estimation Errobue to Maximum Strain

Measurement Error

To derive the error introduced into the cell elastic modulus calculations as a result
of an error in cell size measurements, &@&.is transformed into a lelpg relation used

for linear regression as:

- s 3.4)
e Sl (
f 0 f Q
Following the linear slopéntercept forme d o c weletw 11 & ;

sloped — @ 1 |-6— and yintercept®d -1 1 Q. If we letd be the maximum

strain ¢ ) error percentage due the cell size estimation error, the linear regression

equation can be written as:
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T_] I % ; a|5, TTp & (3.5)

Again, following the linear slopitercept forma @ o @ we let &
I T & ;slopedee — @ 1 16— and yinterceptaze —1 1@ p & . Since
both Eg.3.4and Eq3.5have identical variabladandq it follows that the same regression

model with identical coefficients apply. Therefore, we conclade & and hencs,

I aand® casvhich leads to:

o -2 (3.6)

3.3.5 Statistical Analysis

The reported elastic modulus and fluidity values are the means of three independent
repetitions + standard error of the mean. The reportealyes were determined by first
performing 100 bootstraps on the /30 and deformation time data and computiBg
and values for all 100 samples, then performing unpaired M&hitney U-tests on these
Oandf values of each cell or drug treatment type. To show that frequency does not play
a statistically significant role on the measured elastic modulus, 100 bootstraps of the
- /30 and deformation time data were first generated for each frequency bank. For each
pair of banks, percentleased 95% confidence intervals were determined on the difference
between their bootstrapped data and the existence of zero within the intervals was

evaluated.
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Figure 3.7 Video still shows three out of five channels that have been momentarily
occluded as cells transit through them.

3.4  System Workflow

3.4.1 Fluidic Driving System

In our approach to addressing pressure fluctuations during channel occlusion, we
selected a constaptessuredriven sample flow system. This decision aimed to maintain
a consistent force across miaronstrictions, even when faced with fluctuating sample

flow rates resulting from cell compression (refer to Fig. 3.7).

The use of a pressutiven system, as opposed to a floantrolled system like a

syringe pump, was crucial for ensuring a stable driving force for cells moving through
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parallel micreconstrictions. This choice becomes patrticularly relevant when evaluating

the impact of pressure on cell mechanics.

Drive Configuration Equivalent Electrical Circuit

(a)

A2 L Pmax Patm
S [ —
Regulator
Rcn1-9
id
Pressure source
AN S Pmax Patm
as [
Regulator Rs1
Po
CD Rchi-9
O Rs2
Pressure source )
Pmax Palm
H=t_ = [
. Rs1
Syringe
pump Fo
C) Rch1-9

O

Figure 3.8 lllustrating the fluidic network of the device and varying driving forces
under different occlusion conditions.(a) lllustration of a pressure-driven channel
network with no channel occlusions, depicted as a network of parallel resistors.
Contrasted with a pressuredriven channel network featuring channel occlusions,
where occluded channels are represented by a regr branch becoming an open
circuit. (b) Visualization of a flow-driven channel network and its electrical
equivalent circuit with a few occlusons. The driving element is a current source,
distinct from the voltage source used in the pressurdriven system.
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Figure 3.9 Contrasting the consequences of transient channel occlusions resulting
from moving cells in (a) an unobstructed pressur@riven system, (b) a pressure
driven system with occlusions, and (c) a flowdriven system.Momentary halts in fluid
flow through micro-constrictions lead to fluctuations in pressure distribution across
the device. Our hydraulic design guarantees minimal (< 1%) pressure variations

when operated under constant pressure, unlike a flowlriven system that may
experience pressure spikes as siicant as 9x.

In our comparative analysis of networks with and without occlusions, we
considered two scenarios: one employing a pressure pump and the other a syringe pump,

taking into account the optimized hydraulic resistance of our device (Fig. 3.8). With the
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pressure pump, where the majority of the pressure drop occurred across parallel channels,
fluctuations in sample flow minimally influenced the cell driving force, maintaining a
remarkably low variation of less than 1% (Fig. 3.9khe pressure variation was calculated

based on the Eq. 3.1.

On the contrary, the use of a syringe pump resulted in intermittent pressure spikes
associated with occlusions, reaching up to 800% fluctuation. This posed a challenge in
accurately assessing cell mechanical properties during constriction transit tir 4€)g
This nuanced understanding highlights the importance of our chosen driving force system
in achieving reliable and consistent results in the face of occhisiiieced fluctuations,
showcasing the robustness of our microfluidic platform for precede mechanical

profiling.

3.4.2 Experimental Parameters

The specific experimental parameters for driving pressure (100 mbar) and cell
suspension concentration (1.52t@lls/mL) were selected to optimize transit time contrast
and sample processing throughput, respectively. Too high a driving pressure reduces the
difference between the transit times of soft and stiff cells and consequently results in a
lower resolutionn the measurement of cell mechanical properties. Therefore, we drove
the cell suspension at 100 mbar, a pressure low enough to produce disabtpitransit
time profiles, yet high enough to maintain a favourable sample processing throughput.
Similarly, the cell suspension concentration of 1.%xddlls/mL was chosen to be high

enough such that the resulting sample processing throughput was not unnecessarily
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lowered, but not so high that the sensors would become saturated and prevent reliable

transit time measurements due to interference.

Lock-in amplifier

Entry sensor network .
signal path Excitation signal
Exit sensor network Freq = fex

signal path

~&-5h

—Entry sensor signal
—Exit sensor signal

] @ Time

'« Transimpedance
amplifiers

Pressure
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Figure 3.10 Schematic of the experimental setup for electrical measurement of cell
transit time. The electrical sensor network is excited by an AC signal and the output
signal is measured with a lockn amplifier. The demodulated signal is composed of
coded current malulations dictated by the detecting sensor electrode pattern.

3.4.3 ExperimentalSetup

To detect cells at the entry and exit of each maoostriction, we excited the
electrical sensor network and recorded changes in the electrical curreBt1BjigAs cells
flowed over the coded electrodes, they modulated the amplitude of the excitation signal
according to both the underlying electrode pattern and their size. These amplitude
modulations, containing all the codes generated by each sensor, wetgetiassng a
LIA, and the amplitude data was sampled into a computer for subsequentrsigessipg

(Experimental methodsBecause identical electrode patterns were used to encode both the

48



entry and exit of each micrwonstriction, entry and exit sensor waveforms recorded from

the same cell showed similar waveform patterns @if).

E 800 Sensor unavailable 30 g
S Sensor available , - V. =
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8 400 A jii » ‘1'.!"" . =
= e 5 Vil .o
G 200) ;M 8
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Figure 3.11 Capturing rapid microscopy images depicting a cell's passage through a
micro-constriction (left) alongside the concurrent recording of sensor waveforms
(right). Entry and exit sensor waveforms are distinguished in blue and red,
respectively. The lower schmatic visually represents the temporal distribution at
various stages of the cell's transit through the micraonstriction.

Importantly, code signals (i.e., timestamps) occupied only a fraction of the entire
durati on of the <cell 6s transit t hrough

abundantly available to register measurements from other constriction3.(Hjg.

3.5 Multiplexed Electrical Measurement of Cell Mechanical Properties

To estimate cell mechanical properties from the electsigglal we decoded the

signalwaveform to determine the constriction transit time and size for each cell. We then
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employed a powelaw rheology mode(Eq. 3.3)to estimate elastic and viscous cell

properties from these measuremditsperimental methods)

3.5.1 Signal Processing

The demodulated signal from the leickamplifier was sampled into a computer
at a rate of 115 kHz. Sampled data was processed using an algorithm developed in
MATLAB. First, a template library was generated to be used downstream for code pattern
recognition. The recorded data stream was partially correlated with digital templates (i.e.,
square waves) constructed based on the designeesebdé 7bit Gold sequences. Once
> 20 cell signals with amplitudes > 0.1 mV for each sensor in the network weré&edenti
these waveforms were normalized in power and time and averaged to create a template
library. While constructing templates, we addressed interfering signals arising from
coincident cells (Fig. 3Za) by prioritizing the waveform's correlation with digital
templates. Any waveform where the second strongest correlation peak exceeded 80% of
the strongest peak was omittétbxt, thesetemplates were used to match the recorded cell
signals to their corresponding templates, and therefore, channels, and then pertinent
information on the identified cell signals such as the timestamp, peak signal amplitude,
correponding constriction ID and excitation frequency were aggregated. In this process, a
template was only scored a match if the estimated signal (generated from the correlation)
had an amplitude that was > 0.1 mV. Cell signals which could not be matcheanyith
template were discarded. The peak signal amplitude was measured from the autocorrelation

peak as the templates had power normalized(kogl 3.12b)
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Figure 3.12 Signal processing schemda) Image of coincident cells, each within the
sensing region of an entry network senso(b) Correlation plot showing that template

4 has the strongest correlation (blue) withn a given waveform, meaning that this
waveform was generated from a sensor assigned to channel 4. All other correlation
comparisons (red) result in significantly smaller correlation coefficients.(c)
lllustration depicting the successive interference cancellation (SIC) process, outlining
steps to resolve ignals from coincident cells. The process begins with a cress
correlation between the detection waveform and all templates in the library,
identifying the strongest correlating template and its corresponding channel.
Subsequently, a scaled version of theemnplate waveform is subtracted from the
detection waveform. This process is iteratively repeated, with each step involving
crosscorrelation on the residual waveform, until no discernable code remains in the
residual waveform.
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The signal interferences due to coincident cells were resolved using the successive
interference cancellatiof8IC). When signal interferences occurred, particularly in cases
of coincident cells, necessitating the recovery of cell data, we implemented an iterative
strategy. This involved extracting individual sensor signals sequentially, beginning with
the strongest siwal. Leveraging the mutual orthogonality of the waveforms, we initiated
the process by estimating the sensor signal using the templatxtiiaited the highest
correlation. Subsequently, we subtracted this estimated signal from the input. The residual
waveform was then correlated with the templates, and the iteration continued until no
template could be reliably matched to the waveffig. 3.12c¢) Once all cell signals were
identified, the time difference between matching templates were computed to find the
transit time for each cell. During this process, we identified signal artifacts such as entry
signals with no matching exit signalstin a set time interval (120 ms) and \vieersa
that occurred due to severely malformed cells or interference that rendered the distorting

signals unrecoverable.

3.5.2 Transit Time Measurement

After decoding the signal waveformgewneasured the transit time for each cell by
searching the device output signal for matching signal patterns, pairing the entry and exit
times for every cell processed. Specifically, we matched coded waveforms in the output
signal to specific micr@onstrictions by correlating individual code waveforms with each
of the computegenerated templates corresponding to all coded sensors on the(Beyice

3.13a)
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Figure 3.13Determining transit time and cell size using the output signal of the device.
(a) Captured entry (blue) and exit (red) sensor signals featuring distinct digital codes
from sensors overseeing various constrictions. Highpeed camera images correlate
the cel position at different time points with the electrical signal.(b) The signals were
classified by correlating them with a template library of all waveforms corresponding
to all sensors in the device. Only matching templates produced a strong
autocorrelation peak. Interfering signals could also be resolved by an iterative
interference cancellation scheme.c} The duration between each matched entry and
exit signal was computed as the transit time and along with the cell size from the
correlation peak height.

From that data, we determined the matching template with the highest correlation.
Because sensor codes were specifically designed to be orthogonal to each other, only the
matching template produced a strong enough correlation to identify the waveforms.
However, since sensors monitoring different constrictions shared the same electrical output

in our device, coincident cells detected by the sensor network occasionally resulted in
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interfering waveform patterns. To retrieve cell data in such cases, we employed the SIC
scheme discussed in the previous section. Once the coded waveforms were all labelled with
constriction IDs and timestamps, events in the entry and exit data were dnatchéhe

cell transit time was calculated from the time delay between the cell entry and exit (Fig.

3.13band i

3.5.3 Cell Size Measurement

To measure cell sizall calculations were based on signals obtained from the entry
sensor network, specifically before the cell passed through a-poosiriction. This
approach aimed to eliminate potential distortions in cell size and shape induced by the
viscoelastic response of cells, changes that often couldn't be fully resolved in the brief

timespan following micreconstriction.

At first, we determined the amplitude of the corresponding code waveform from
our correlation results (Fi@.139 and calibrate the amplitude for cell size measurements.
To calibrate the amplitude of the electrical signals, we matched the sensor signals with the
simultaneously recorded higipeed microscopy footage of MBEMIB-231 cells. The
signal amplitude is expected to be proportional to the cell volume due to therCoulte

principle[152] and can be described as:
0 @Y (3.7)

, Where Aig is the measured signal amplitudeeMs the cell volume assuming a
perfect sphere and is the linear coefficient relating the signal amplitude to the cell
volume. It follows then, that by assuming the cell to be a perfect sphere, the relationship

between cell diametekd4l and signal amplitude #y is given by:
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Figure 3.14 Calibration data was established to associatelectrical signal amplitude
with cell diameter measured through imaging. (a) Linear regression correlated cubic
root of peak signal amplitudes from MDAMB-231 cells with their corresponding
diameter, recorded simultaneously by a higkspeed camera. The redting linear fit
was used to estimate cell size from electrical measurements. (b) Comparative analysis
of two experiments with concurrent electrical and highspeed camera recordings. (c)
Mean cell diameter within signal amplitude bins showed consistent mea across
observed cell sizes, with error bars representing standard deviation.
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Then, we performed linear regression analysis between the optically measured cell
diameter and the cubic root of the measured signal amplitud&(E#yto find the constant
o that relates the cell diameter to the cubic root of the measured signal amplitude. The
calibration parameters obtained from MEMB-231 cells were also applied to calibrate
electrical signals from other cell lines and the results were validated usingnddefg

collected highspeed microscopy data.

Once calibrated, the amplitude of the code waveform, which is proportional to cell
volume [152], was used to calculate cell diameter. The accuracy of our cell size
measurements was inherentlynited by the common variation in physical and
measurement processes that could not be captured by our linear regression model. To
determine the cell size measurement resolution, we calculated the residual standard error
of the regression model used falibration. Over a population of 442 cells with a mean
di ameter of ~20 em, the standard error in

e m(Fig. 3.149.
3.5.4 Analyzing Cell Elastic and Viscous Properties

We used a powdaw rheology mode(Experimental methods) testimate cell
mechanical properties from electrically measured constriction transit time and cell size To
derive deformation timeid;, we estimated the portion of the transit time spent by the cell
in free flow before and after the mieconstriction using the measured sensor dwell time
and subtracted it from the transit time. The estimation was based on an experimentally

determined relationship between time spent in free flow and sensor awes[Fig. 3.15.
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Figure 3.15 The durations cells spend at different stages during transit(a) Image
illustrating channel zones with assigned labels. (b) Calibration parameters in the form
of relative times were employed to determine the proportion of transit time,
encompassing both the deformation zone and free flow zones, allocated to cell
deformation. (i) MDA -MB-231 cell time in free flow zone 1 relative to the time over
the entry sensor. (i) MDA-MB-231 cell time in free flow zone 2 relative to the time
over the exit sensor. Giverithe absence of shear stress in the free flow zones, the cell
speed in these regions is largely independent of deformability, making the calibration
parameters universally applicable to different cell types.

We cal gxas:at e U
Q Q

) (3.10)
Q

, Where denis the diameter of the undeformed cell aadid the constriction width.

Finally, we logarithmically transformed the data to obtain a linear relationship

betweenlog(tee) a n dnadl og@R)U and perfor med-itingthol near
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( MATLAB 2019b, Mat hWor ks) to vyi eMaduaelt and

bivariate error weighting algorithm and the least absolute residuals criterion.
3.5.5 Assessing Measurement Accuracy

In our pursuit of ensuring the precision and reliability of our measurements, we

conducted a comprehensive assessment of various potential sources of error inherent in our

measurement technique.

S— Eniry sensor signal
=== EXit sensor signal

Voltage («V
Voltage («V)
o

0 5 10 15 20 0 10 20 30 40
Time (ms) Time (ms)

2
3
]
()}
©
=
< 100
0 10 20 30 40 50 60
Time (ms)

Figure 3.16 Sources of error in transit time and cell size measuremen(a) Images
captured before and after the constriction of an MDAMB-231 cell, demonstrating
incomplete recovery of cell shape, along with the associated entry and esénsor
signals. p) Visual representation of an MDAMB-231 cell cluster undergoing
dissociation within the constriction, leading to noAamatching entry and exit sensor

waveforms. €) Images showcasing cell debris producing signals with a low sigrak-
noise ratio.
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At first, for the successful registration of transit time and diameter measurements,
two crucial conditions must be met: successful signal matching with a code template and
the identification of a corresponding pair of entry and exit codes for eachiteeluse of
correlationbased pattern matching proved effective in resolving even noisy signals arising
from variations in cell morphology and the distance between the cell and the sensor (Fig.
3.16a).In situations where we couldn't detect a correspondit@eent for an entry signal,
we took a cautious approach and discarded that specific entry event. A thorough analysis
of the discarded signals, cresferenced with simultaneously acquired heggleed camera
footage, provided valuable insights. It rexsshthat unpairable code waveforms were often
associated with cell aggregates, such as doublets, dissociating within the constriction (Fig.
3.16b). Additionally, contaminant particles or debris resulting from cell lysis due to

mechanical compression weremdified in certain cas€§ig. 3.16c¢).

Secondly, an error in cell size estimation can lead to a misinterpretation of cell
stiffness, as both the cell elastic modulus and the amount of cell strain affect the cell
deformation time. For instance, an overestimated cell size would result in umdatiest
the elastic modulus for a given deformation time. To assess the impact of a cell size
measurement error, we considered a 95% confidence interval for measured cell size based
on the standard error of the cell size estimate previously derived. Weadlaeilated the
effect of deviations in measured cell size within that confidence interval on the cell strain
(Experimentaine t hods ) . -diameter eell, thé® coreesponding error in estimated
cell strain was found to be < 7% based on E§0 Assuming a systemic error of this
magnitude for all cells in the sample, the corresponding error in elastic modulus estimation

was < 7.3% Experimentamethods).
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Figure 3.17 Comprehensive exploration of the influence of cell aspect ratio on signal
amplitude. (a) Histograms display cell aspect ratio distribution from highspeed
microscopy footage via a specialized C++ program and the OpenCV library,
assuming it mirrors cell sphericity in an unconstrained measurement site. (b) Detailed
COMSOL finite element analysis compares a cell (aspect ratio = 1) to channel and
sensor electrodes (yellow = reference source electrode, red = positive sink electrode,
blue = negative sink electrde). (c) COMSOL analysis demonstrates how aspect ratio
influences signal amplitude, flowing ellipsoids with varying ratios over an
experimental sensor. This reveals a signal amplitude decrease with higher aspect
ratios due to reduced volume hindering elecic field lines. (d) Percentage error
between maximum strain measurements is calculated using major and minor axis
diameters from high-speed microscopy footage, with the larger error selected for
reporting, capturing a worst-case scenario.

Another potential source of error in our estimation of cell mechanical properties
was our model's assumption of perfect spherical symmetry for cells, even though they

exhibited varying aspect ratios (Fig. 3.17a). Given that our seret@rork primarily
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detected changes in cell volume, the amplitudes of code signals were expected to be
relatively insensitive to differences in cell shape (Fig. 3.17b and c). However, converting
a measured volume to a spherical diameter introduces errors in cell straiaticalsy
particularly for norspherical cells in the powdaiw rheology model. To quantify this error,

we compared t he m#compotedirornadcttically abtained sphetical
diameter with the one calculated using thajor/minor axes measured from higbeed
microscopy of cells. Analyzing 1018 cells with aspect ratios ranging from 0.5 to 1, we
found the average error in strain estimations to be < 2%, even for highly aspherical cells
(with aspect ratios of 0.50.7), resulting in ~10% error (Fig. 3.17d). A systemic 10% error

in cell strain measurements for the entire sample would translate into an < 11% error in

elastic modulus calculations (Experimental Methods).

3.6  Analyzing System Behavior with Controlled Modifications to Cell Mechanics

To validate our approach, we examined three distinct populations of-MBA
231 (human mammary adenocarcinoma) cells with vargieigrmability: a wildtype
population, a population treated with the softening agent Latrunculin A (Ja&9),

[154], and a population treated with the fixative paraformaldehyde to increase stiffness.

In each experiment, we measured constriction deformation times and cell diameters
for over 1000 cells (Fig3.183. Since the data across different cell populations were
acquired under consistent driving pressure and electrical excitation, we could directly
compare constriction deformation times. Notably, stiffer cells exhibited longer constriction

deformation time®n average (Fig3.18h.
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Figure 3.18 Deformation time of MDA-MB-231 cells (a) Scatter plots that show the
relationship between measured constriction deformation time and cell diameter for
fixed, wild-type, and LatA-treated cells. (b) Mean constriction deformation time with
standard deviationis presented for fixed, wildtype, and LatA-treated MDA-MB-231
cells. MannWhitney U-tests determine statistical significance in deformation times
among different drugged MDA-MB-231 populations, revealing ***p < 0.001.

In assessing cell populations, unmodified VHMB-231 cells displayed an average
transit time of 11 ms, softened samples exhibited an average of 10 ms, and-fieatied
samples demonstrated the largest change, averaging 16 ms for complete deformation.
While comparing average deformation times provides an initial estimate of cell population
stiffness, it's crucial to consider the influence of size on deformation time. Notably, within
a narrow range o0#%20celm) ,h ditahnee toehoesatigiviietds comn d e r
aligns with expectations: fixed cells have the longest deformation times, followed by wild

type cells, and then softened samples.
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Figure 3.19 Density scatter plots illustrate the correlation between constriction
def or mat i o pal tgiPmd oa n-thpe @ind cheniichllg treated MDAMB -
231 cells. The red line denotes the linear fit applied to derive elastic modulus values
for LatA -treated, wild-type, and fixedMDA -MB-231 cells.

To quantitatively assess cell mechanical properties, we applied the previously
described powelaw rheology model (Fig3.19. Wild-type MDA-MB-231 cells showed
a mean elastic modulus of 2163 + 259 Pa, consistent with previously reported&ajues
LatA-treated MDAMB-231 cells exhibited a mean elastic modulus (1172 + 269 Pa)
approximately half thatofwild y pe cel |l s, i ndicating cytosKk:e
effects on actirfilaments(Fig. 3.209. Fixed MDA-MB-231 cells displayed the highest
mean elastic modulus (7439 + 438 Pa) among the three groups, reflecting decreased

compliance due to fixativernduced protein crosslinking. Additionally, cell fluidity values
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Figure 3.20 MDA -MB-231 Cell Mechanical Characteristics: (a) Elastic modulus and
(b) fluidity values measured for LatA-treated, wild-type, and fixed cells. The provided
values represent means with standard error derived from three independent
experiments. Statistical significance was determined through MankVhitney U-tests

on Evaluesobta ned from bootstgasdpPedndampelf ® mat i

data, indicating ***p < 0.001. Brackets denote the samples subjected to the statistical
tests.

To assess the effectiveness of our raedimstriction approach in enhancing cell
processing throughput, we quantified the channel utilization factor. This metric, reflecting
the efficiency of parallel constrictions, depends on cell properties, the nufreatel
constrictions, and cell suspension density. Processing three distinct cell populations on
identical devices at the same concentration (1.5&dls/mL), we observed an increase in
the channel utilization factor with rising cell stiffness (F@®1). For fixed MDAMB-231
cells, the peak utilization factor reached 6 out of 9 constrictions simultaneously occupied,

while the LatAtreated population, the most compliant, showed only 4 out of 9 constrictions
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occupied. Stiffer cells occupied constrictions for longer periods, increasing the likelihood
of other constrictions being traversed by incoming cells. It's worth noting that maximizing
the channel utilization factor for a sample involves increasing cetlezdration up to the

point where coincident cells generate high error rates, offsetting gains in sample processing

throughput.
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Figure 3.21 Measured the mean peak channel utilization, along with the standard
error of the mean, based on data from three independent experiments per cell line.
This measurement provides insights into the percentage of mici@nstrictions
occupied during a cell's jaurney from entry to exit the sensor. To assess statistical
significance, MannWhitney U-tests were applied to all recorded channel utilization
measurements. The results demonstrated significance with ***p < 0.001 and *p <
0.05.

3.7  Scaling Up for High-Throughput Mechanical Analysis

To demonstrate the scalability of our multiplexed cell measurement approach, we
combined frequency multiplexind55], another technique used in communications, with
our codedivision multiplexed electrical sensors. Mtiitequency approaches for electrical
sensors have been commonly used for impedance spectroscopy fifs#lss well as for

multiplexing of Coulter countefd.57].
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Figure 3.22 High-throughput device for cell mechanotyping.(a) Schematic of the
multi-bank (3-bank) mechanotyping device. (b) Pressure fluctuation within
individual banks with varying numbers of occluded channels. (c) Illustration of a
pressuredriven channel network with no channel occlusions, represented as a

network of parallel resistors.

3.7.1 Design and Operational Principles of thiggh-ThroughputDevice

In our approach, we developed three distinct banks with-cadeplexed sensor

networks to monitor the entry and exit points micro-constrictions.Expanding our

device's channel capacity required careful attention to pressure stability and equal

distribution. With the addition of two more banks (18 channels), the design prioritized
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minimizing series hydraulic resistances and maximizing parallel hydraulic resistances (Fig.
3.22), achieving a 1:1000 ratio. This analytical approach ensured <1% pressure fluctuation
even in a worstase scenario of 26/27 occluded channels (Fig2b3.2ZTo maintain
hydrodynamic stability, symmetry across the fluidic network was preserved by duplicating

a prototypical bank and rotating it by +120°, resulting in-prédhged network with a

common inlet and separate outlets.
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Transimpedance Data sink (computer)
— amplifiers

Figure 3.23 A diagram depicting the experimental configuration for enhancing cell
mechanotyping throughput through the simultaneous operation of multiple coded
sensor networks at different frequencies.

In devising the sensor network, the nmubléink configuration adhered to the
principles of the singkérequency device, expanding it to encompass three banks featuring
a total of 27micro-constrictionsEach bank functioned at distinct frequencies to oversee
the entrances and exitsrafcro-constrictiongFig. 3.23. The entry sensor network of each
bank was combined into a singular electrical output, subject to essential signal conditioning
before entering thélA. Within the amplifier, the signal was demultiplexed into its

constituent frequencies. Simultaneously, a parallel process unfolded for the exit sensor
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network output, encompassing every frequency. Each resultant signal stream underwent

processing in alignment with the procedures outlined in the signal processing section.
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Figure 3.24 Multi -frequency device and data aggregation. (a) Image of the device with
three coded sensor banksperating at different frequencies, highlighted by red dye
indicating fluidic channel locations. (b) Closeup views of individual sensor banks,
displaying signal streams and histograms during wildype MDA-MB-231 cell
analysis. Parameters k1 and k2 signifthe shift in mean signal amplitudes at varying
frequencies. (c) Density scatterplot depicting constriction deformation time against
cell diameter, derived from data collected by individual sensor banks.
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3.7.2 Standardizing Cell Sizéhrough Frequency Normalization

For highthroughput measurement experiments, we used a device with three code
multiplexed networks, all with identical electrical and fluidic parameters @&&f). To
aggregate measurements from individual sensor networks operating at different
frequencies (550 kHz, 900 kHz, and 1.3 MHz), we normalized the size data acquired at
different frequencies to account for differences in cell spectral respdisSé$
Specifically, we calculated the mean peak signal amplitude for all code waveforms in each
sensor network and, using the 550 ké¢nsotbank mean as the reference, determined a
scaling factor with which to normalize the waveform amplitudes from the seetworks
operated at other frequencies (RBgR4h. Based on the large number of cells processed,
we assumed that each sensor network received a representative fraction of the cell
population,and the resultant data should therefore all converge tathe siean cell size.
Working from that assumption, we aggregated the data from all sensors on the€kigvice

3.24c)

3.7.3 Mechanical Profiling of Human Tumor Cells

Finally, we employed ouhigh throughpuimethod to scrutinize the mechanical
characteristics of three distinct human cancer cell lines:3P@uman prostate
adenocarcinoma), LNCaP (human prostate carcinoma), and -MBA&31 (human
mammary adenocarcinoma) (FB259. Despite their close size resemblance, these cell
lines displayed varying deformation times (250 and were effectively distinguished

based on their mechanical attributes.
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Figure 3.25 Deformation time in human tumor cells: (a) Scatter plots illustrating the
relationship between constriction deformation time and cell diameter, as recorded by
sensor banks for PG3, LNCaP, and MDA-MB-231 cells. (b) Mean deformation time
with standard deviation for MDA -MB-231, LNCaP, and PC3 cells. Statistical
significance was assessed via Ma#Whitney U-tests on deformation times across

different cell line populations, revealing ***p < 0.001.

7C



The elastic modulus ranking obserdeBCG3 > LNCaP > MDAMB-231 (Fig.
3.260 coincided with established reports on these tumor ¢ei§ [158] To ensure
uniformity in measurements across the multibank device, we rigorously examined the
consistency of readings among identical banks. This involved aggregating three subsets of
deformation time measurements within each bank and conducting statstadgbes
(Experimental methods) for all possible pairs of subsets. The same process was repeated
for various cell lines, including MDMB-231, LNCaP, and PG, and for measured cell
diameters. The results consistently showed no statistically signifidéatences in cell
diameters across different banks for all cell lines. To further verify the absence of biases in
computed deformation time, cell diameter, and elastic moduli measurements, we

segregated the data into subsets based on the correspoadingflmeasurement (Fig.

3.27).
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Figure 3.26 Scatter plots illustrating the relationship between deformation time and

Ghax P for the analyzed cells. The red |line
modulus values of 2026 Pa, 4686 Pa, and 5515 Pa for MID/B -231, LNCaP, and PC

3 cells, respectively.

Across repeated experiments,-BCells (E= 5510 + 235 Pa) consistently exhibited
greater stiffness than LNCaP cells (E= 4569 + 217 Pa) and-MBA231 cells (E= 2106
+ 230 Pa), with MDAMB-231 cells being the most compliant (F&283. In terms of

viscosity, PG3 cel Il s (b= 0.25 N 0.01) demonstrated
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by LNCaP cell s (5280 Dhe soer MDAMB-D3L]) d e&lilgs (b

0.03) were significantly less viscous, supporting potential implications for cancer

metastasis given their high metastatic proper6gy.
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Figure 3.27 Comparing deformation times, cell diameters, and elastic modulus across
sensor banks: (a) Average deformation times of tumor cells witltorresponding
standard deviations and (b) mean cell diameters with standard deviations obtained
from various frequency banks. Statistical analysis, conducted via Mankvhitney U-
tests on deformation times for each sample from different frequency banks, reaked

no significant differences (*p < 0.05, n.s. = not significant). The nemejection of the
null hypothesis indicates that frequency does not induce a statistically significant
variance in the measured data. (c) Forest plot depicting differences in bottspped
elastic modulus values among different frequency banks. Dots represent values, with
95% confidence intervals shown by error bars using the percentile method. The
presence of the zeralifference value in all instances suggests that the disparities i
elastic moduli are not statistically significant. Comparisons E55&900, E556E1300,
and E90GE1300 refer to differences in bootstrapped elastic modulus values between
550 kHz and 900 kHz, 550 kHz and 1300 kHz, and 900 kHz and 1300 kHz banks,
respectively.
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At a concentration of 1.5x%@ells/mL, these measurements achieved a throughput
of ~150 cells/s. This rate accounts only for successful measurements, excluding data
discarded due to occasional debris or damaged cells. Notably, the fraction of discarded data
as debris and damaged sellas < 7% for MDAMB-231, < 9% for LNCaP, and < 15%
for PG3. The higher discard rate in FCcells may be attributed to their stiffness,
potentially increasing the likelihood of cell damage during raaoostriction traversalt's
worth mentioning that throughput could be further increased by employing extra banks at
additional frequencies within the reliable range of the Coulter technigédidioto 1¢
kHz). Theoretically, any number of frequencies can be used as long as tHeeouency
separation is sufficient for correct signal demodulation by the conditioning electronics

[159].
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Figure 3.28 Human tumor cell mechanical characteristics: (a) Quantified elastic

modulus and (b) fluidity metrics for MDA -MB-231, LNCaP, and PC3 cells. The bars

depict means from three independent experiments, with error bars indicating the

standard error of the mean. Statistical analysis employkeMann-Whitney U-tests on

E (elastic modulus) and b (fluiditym val ue:
P and deformation time data. Statistical
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3.8 Conclusions

The benefits of measuring cell mechanical properties are broadly accepted within
biomedicine, despite current limitations preventing more widespread use. Not only do cell
mechanical properties serve as a complement to established chemical biomarkeey, but t

are particularly useful in that they allow for latiete analysis of cells in their native state.

To enable rapid profiling of the mechanical properties of cell populations and
facilitate their broader use, we have developed a cell deformability assay that combines an
array of micreconstrictions with an electrical sensor network monitoring cell transi
through those microonstrictions. The device, which records concurrent data from
multiple cells squeezing through parallel mio@nstrictions, makes higthroughput cell
mechanotyping possible in a traditionally throughpastricted context: mechanica
assessment of cells based on constriction transit times. Moreov@ripo@oulter sensors
distributed across the device perform spatiotemporal measurements and directly report
results in an electrical format, eliminating the need for external imagstgiments and
making the system a standalone platform. Finally, the device archit@giohgmerbased
microfluidic features together with a micropatterned metal layer on a glas$ slide
comprises a disposable assay that can be practically employed for igi@inesting in

research, clinical, or resourtimited settings.

To scale the sample processing throughput, we leveraged information multiplexing
techniques commonly used in wireless communications in order to manage the data we
generated from a network of distributed@mip sensors, thereby maximizing the capacity

of the electrical interface for our deformability assay. The combination of our multiplexing
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strategy and our sensor architecture allowed us to both rapidly log cells outside the slowing
micro-constrictions and computationally discriminate concurrent signals coming from a
multitude of sensors. At the fundamental level, our barcoded sensorsubth\erat the
tradeoff between measurement throughput and the time spent by a cell within a micro
constriction and 2) enable the design of parallel momastrictive channels, which,
independent of their lengths or widths, collectively match the througbpuan
unconstrained microfluidic channel. Moreover, running individual coded sensor networks
at different frequency bands adds an extra layer of multiplexing that offers further

scalability to the sample processing throughput of our assay.

Using our cell size and transit time measurements, we computed two valuable
biomechanical parameters of the cell population: elastic modulus and fluidity. The ability
of our technique to perform a quantitative, htphoughput assessment of cell viscoatast
behavior is key as it is linked to certain biological processes or cell fi&@s [161]
Arguably most important is that our mieconstrictionbased technique can be utilized to
obtain information beyond the cell mechanotyping demonstrated in this paper. This same
approach can be adapted to increase the throughput of any technique wieshcetts by
subjecting them to precisely defined migonstrictions. Specific future applications
might include studies of frictional forces in eslirface interaction®9] or cell membrane
poration for drug delivery[162]. Irrespective of the specific area of study, this
mechanotyping technique offers a double benefit: speed of measurements traditionally only
achievable with noncontact techniques, as well as the ability to perform measurements that
are not possible with mezontact techniques that rely solely on hydrodynamic stretching of

cells.
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Ultimately, the value of the tool introduced here lies not just in its specific
applications, but also in the opportunities it presents to those who have thus far been locked
out of leveraging cell mechanical biomarkers as research and diagnostic tasls. Th
electronic microchigbased cell deformability assay can quantitatively probe cell
mechanics at rates currently only achievable by larger, more complex instrumentation.
Such instrumentation often requires substantial financial and human resourcesataown
operate, which has significantly limited its use outside of large, established labs. A
portable, affordable, higthroughput tool for quantitative mechanical assessment of cells
will make cell mechanotyping much more widespread, enabling it to mowndeiie
walls of wellequipped, welktaffed research laboratories. Not only will this shift
democratize and accelerate research on mechanical biomarkers, but it can facilitate
practical utilization of cell mechanics at the point of care, enhancing diagoagabilities

for diseases ranging from blood disorders to cancers.
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CHAPTER 4. A MICROCHIP FOR REAL -TIME, LABEL -FREE

IMMUNOANALYSIS

After developing an alélectronic cell mechanotyping platfof@HAPTER 3) our

goal was to design a microcHgased immunoassay platform utilizing a distributed
electrical sensor network. Cell immunophenotyping is a critical component of cell
phenotyping, centering on characterizing and identifying cell populations basedron the
unigue surface markers. This technique harnesses the specificity of antibodies to target
proteins expressed on the cell membrane, offering valuable insights into the composition
and diversity of cellular communities. Through immunophenotyping, researchers can
distinguish distinct cell types, unravel intricate signaling pathways, and explore the
dynamic interactions within complex biological systems. This approach is pivotal in
advancing our comprehension of cellular functions, contributing to developments in

diagnostics, therapeutics, and broader biomedical research.

Immunophenotyping employs various techniques to characterize and identify cell
populations based on their surface marksrmentioned iICTHAPTER 2. Flow cytometry,
a common method, utilizes fluorescently labeled antibodies to target specific proteins on
cell membranes. Another approach involves immunohistochemistry, where tissues are
stained with antibodies and visualized under a microscbpese methods provide a
comprehensive understanding of cell types, their functions, and their roles in biological
processes, contributing to advancements in diagnostics, therapeutics, and biomedical

research.
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Despite offering valuable insights into cell populations, these techniques have
drawbacks. Flow cytometry, while powerful, is limited by factors such as portability,
requiring specialized equipment and skilled operators. Additionally, it involves significa
costs in terms of instrumentation and fluorescently labeled antibodies. Micrdsasge
immunophenotyping methods often demand extensive sample preparation time, skilled
personnel, and may face challenges related to portability. These limitationsaandehe
need for ongoing advancements in immunophenotyping technologies to address these

concerns and enhance accessibility across diverse settings.

This chapter addresses challenges posed by conventional immunotyping methods
by introducing an immunoanalytical platform designed for electronic quantification of the
immunophenotypical composition in a cell suspension. The microfluidic device comprises
anarray of microfluidic cell capture chambers, each functionalized with distinct antibodies
to recognize target antigens. A strategically positioned multiplexed sensor network
guantifies the fraction of the cell population captured in each chamber. The fyotp
the sensor network undergoes fiale analysis using custebuilt deep learning
algorithms, providing insights into populatitevel data. The technique interprets
electrical data to furnish cell capture statistics across the device based qedliie s
antibody sequence encountered by each cell. This enables the calculation of subpopulation

prevalence within a given sample.

Furthermore, the electrical encoding of cell capture data condenses statistics from
the entire device into a singular electrical output, ensuring the preservation of all
information. The chapter culminates in a practical demonstration of the microchip's

functionality on immune cells, specifically highlighting its application on CD4+ and CD8+
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T cell subpopulations, all achieved without the need for labéeling.demonstrated ability

to quantitatively analyze immune cells without the need for labels not only bodes well for
the development amicrochip-based immunoassays suitable for remote testing but also
offers opportunities for integration into existing cell development and manufacturing
processes, introducing adaptive quality control measures for enhanced efficiency and

accuracy across various applications.
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Figure 4.1 A schematic illustrating the method for electronic immune cell analysis.
The drawing shows the placement of the antibodjunctionalized capture chambers
on the microchip, the integrated barcoded sensor network that performs the
transduction of cell surface expression into electrical signals and the ultimate analysis
of these signals to yield populatioftevel insights based on their surface biomarkers.

4.1 Device Design

Our microchipbased immunoassay platform consisted of a microchip and a signal
processing schemeThe microchip itself was composed of fluidic and electrical
components (Figd.2). Themicrochip fabrication followed a process like the one detailed
in CHAPTER 3 for the immunophenotype device, employing soft lithography and surface

micromachining techniques.
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Figure 4.2 A photograph of the fabricated microchip showing the microfluidic

features filled with red dye for visualization and the electrical sensor network formed
by micropatterned gold electrodes. Insets show a closg microscope image of (top)
one of the coded lectrical sensors on the device along with the intechamber

microfluidic passage it monitors and (bottom) a group of micropillars within the

capture chamber that cells interact with as they flow through the device.

4.1.1 Fluidic Design for Immunocapture of T Cells

The microfluidic layer was made out of PDMS that accommodated the cascaded
cell capture chambers. The cells flowed through those chambers sequentially and interacted
with the different types of antibodies, resulting in the target cell subpopulation of each
chamber getting immobilized on contact. The dimensions of the microfluidic pathways
were optimized based on the target cell population, which in this case were naive T cells
that have an average diameter of ~7 um. The capture chambers measured 7 rgth in len
and 5 mm in width and featured 60 um diameter pillars patterned with a 72 um pitch (Fig.
4.2). The channel height over the capture region was designed to be 15 um. The pillar

dimensions and pitch were optimized to maximize interaction between the cell and the
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antibody coated pillars while still allowing sufficient clearance to prevent clogging. The
pillars also served as a secondary function of structurally supporting the ceiling of the
chamber against collapse. The capture chambers also featured a set iafyauxil
functionalization ports and channels located close to the inlet and outlet of each chamber.
Each of these auxiliary channels featured a dianstraghed, micropillar arralgased
particulate filter to prevent pollutants entering the capture chambergydbha multistep
functionalization process. This setup allowed exclusive delivery of functionalization
reagents to the desired chamber. Following the functionalization process, the auxiliary
ports were sealed to prevent leakage during the assay opeaaibthe microchip was

interfaced via a single fluidic inlet and outlet.

4.1.2 Electrical Sensor Network Design

For monitoring cell flow within the immunoassay microchip, an integrated
electrical sensor network based on Microfluidic COOE&3], [144]strategically placed
at key locations. Specifically, a count was kept of every cell that entered the microchip,
exited the first chamber to enter the second, and exited the second chamber to leave the
microchip. Using these counts in a mass balance eguatiealed the antigguositive cell
count in each capture chamber. A sensor was defined as a series of interdigitated electrode
pairs, comprised of positive and negative output electrode fingers, which served as current
sinks, and a common input electepdavhich served as the current source, that meandered
throughout the length of the sensor and formed pairs with the output electrodes. All of the
electrode fingers were 5 um wide and were spaced apart by 5 und Figzach sensor
in the network had 15 pai(3able 4.1)and generated a waveform with as many peaks of

varying polarities effectively producing a unique code for each sensor. The specific
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sequence of these polarities followed the prescribed physical ordering ofourtput
electrode finger pairs, and ultimately determined the unique shape of the generated
waveform. Our system used the uniqueness of each waveform during signal processing to

determine from which sensor a particular waveform originated.

Table 4.1 Spreading sequences used for microchipased immunoassay platform.

Sensor Spreading Sequence (15 bit)
Sensor 1 1110110001100112
Sensor 2 1010011100101012
Sensor 3 101101100101001

4.2  System Operation

In theoperational phase, as cells traverse through the microchip, they interact with
individual sensors embedded in the channel floor. This interaction generates a unique
differential electrical waveform. To enhance sensitivity, the waveform undergoes initial
anplification through a pair of TIAs. The amplified signal is then subjected to further
refinement using a LIA to extract pertinent information. Subsequently, this refined signal
is converted into a digital format by an anatogdigital converter (ADC). Th digital

representation is then transmitted to the computer fdepth analysis.

The heart of the analysis lies in the rgale processing of the digitized sensor
waveform, accomplished through a deep learning model. The objective is to precisely
compute the fractions of different cell subpopulations present in the sample. For a
compehensive understanding of subpopulation distribution, the frequencies are

guantitatively determined by examining the differential cell counts at both the entry and
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exit points of each chamber. This methodical approach ensures accurate insights into the

composition of diverse cell subsets within the analyzed sample (Fig. 4.3).
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Figure 4.3 A comprehensivellustration highlighting the functioning of the developed
microchip-based immunoassay system, showcasing each integral component in
action.

4.3  Experimental Methods

4.3.1 T Cell Isolation from Whole Blood

30 mL blood samples were collected from healthy donors according to an IRB
approved protocol. All blood samples were collected in BD EDTA tubes in order to prevent
coagulation and placed on a rocker at room temperature. Blood samples were always
processedvithin 4 h of the blood withdrawal. To successfully separate naive CD4+ and
CD8+ T cells from whole blood sample, peripheral blood mononuclear cells (PBMC) were
first isolated from whole blood using density gradient medium (Lymphoprep, STEMCELL

Technologis). Then, naive CD4+ and CD8+ T cells were isolated from PBMC using the
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immunomagnetic negative selection process. This procedure involves labelling unwanted
PBMC cells with antibody complexes and magnetic particles (EagyJtyman Naive

CD4+ T Cell Isolation Kit I, EasySép Human Naive CD8+ T Cell Isolation Kit II,
STEMCELL Technologies) and then separating the magnetically labelled cells using a
magnet (EasyS&p Magnet, STEMCELL Technologies) followed by pouring the desired
cell population (naive CD4+ and CD8+ T cell) into a new tube. The entire process of

isolating T cellfrom whole blood took ~2.5 h.
4.3.2 Preparationof Commercial TCell Samples for Processing

First, frozen human naive CD4+ T cells (STEMCELL Technologies) and naive

CD8+ T cells (STEMCELL Technologies) were thawed using manufacturer protocol in
~30 mins. The initial concentration of both cell samples was Sedi/mL. Then, both

cell samples were diluted to obtain stock samples each with a concentration &f 1x10
cells/mL. If a heterogeneous sample that contained both T cell types was required for an
experiment, a final volume and mixing ratio were first determined, then the appropriate
volumes 6 cells were taken from the previously prepared CD4+ and CD8+ stock solutions
and mixed in the same sample tube. For the BSA concentration experiment, the final

volume was 400 pL with a 1:1 mixing ratio.
4.3.3 Experimentaletup

The cell suspension was loaded into a reservoir, which is a 1 mL syringe barrel
sealed with a custoimade airtight cap. This cap is ported to accept a 1.5 mm diameter
tube running from the pressure pump. The electrical sensor network is excited witp a 2 Vp

sinusoidal wave at 550 kHz through the input pads, and the output currents at the positive
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and negative pads were amplified Vi& before being sampled by theA (HF2LI, Zurich
Instruments). Th&lA output was sampled into a computer using a standalone analog to
digital converter (PCK6361, National Instruments) to be passed on to the algorithm suite

for reattime analysis of cell events on the microchip.

4.3.4 Measurement of False Positive Capture Rate

To minimize false positive capture in the capture chamber, bovine serum albumin
(BSA) and glycine were used. To find the false positive capture rate, a-shagieer
microchip was assembled and functionalized the capture chamber wvi@lahaintibody,
BSA and glycine. Then, a mixed population of CD4+ T cells and CD8+ T cells were driven
through the functionalized device at optimal flow speed. The false positive capture rate
was calculated as (a) the total number of CD8+ T cells immobilized in th&€Bnti
functionalized chamber divided by (b) the total number of cells processed through the
microchip. To determine (a), the microchip was pabtled with FITC antCD4 antibody
to first distinguish the correctly captured CD4+ expressors in the chambecothisvas
then subtracted from the total captured cells to determine the population of incorrectly
captured, CD4expressors present in the chamber. To determine (b), the sum of the total
number of cells captured in the chamber and the total number ofturezhpells present

in the liquid ejected from the microchip were computed.

4.4  Reattime Determination of Cell Immunocapture Statistics

We developed a redime signal processing technigu® quantify the

immunocapture statistics of omicrochip, The signaloutput from the microchip's sensor
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network is analyzed using our proprietary deep learning algorithms, allowing the

computation of insights at the population level.

4.4.1 Realtime Signal Processing

To process electrical signals produced by the microchip, we designed a data
processing pipeline that amplified, digitized and analyzed the waveform in real time (Fig.
4.4). The frontend of this system was comprisedTof that conditioned the signal and
passed it onto a loek amplifier (Experimental methodsyvhich in turn produced the raw
signal stream (Fig4.59 and provided it to a digitizer connected to a computer. Once
digitized, the signal was processed by a suite of algorithms written in Pgtadimg with
automatically extracting valid cell events from the raw signal stream which included
undesired idle sensor signals as well. This was done by continuously running a sliding
window on the raw signal stream, computing the signal power withinvihéow and
saving the windows that exceed a threshold. This threshold was determined using the first
5 seconds of program runtime by aggregating several thousand windows, identifying 100
windows with the lowest powers, and computing their average. Thesager was
designated as the noise floor power, and an empirically determined threshold of 14 dB
relative to this noise floor power was used as the threshold for all signals processed. The
detected cell event segments were then subject to a boundary ezftrentine, where the
minor extraneous idle sections of the signal on the leading and trailing ends of the segment
are discarded. This routine first identifies the first and last peaks of the signal, then follows
outer halves of these peaks until theistfiinflection points. The segment is trimmed to

start and end within these new points.
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4.4.2 Sensoiddentificationwith Convolutional Neural Networks

The refined segment was passed to our deep learning [h0dgI[163]to identify
sensors (Fig. 4.5bYhe deep learning model could extract the information embedded in
the cell signals at a processing throughput exceeding 700 cells/s, a rate that allows real
time operation in practice. Briefly, our model is comprised of two cascaded convolutional

neural névorks, which are deep learning structures commonly used in signal processing.
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Figure 4.4 A flowchart describing our algorithm that extracted relevant events from
the signal stream and passed it along to the subsequent stage in the data processing
pipeline in real-time.

(a)

(b)

=1 —> Sensor=

Figure 4.5 Sensor identification process(a) A representative portion of a sampled
signal stream produced at the output of the signal conditioning stage. (b) Cell
detection signals from three different sensors segmented from the signal stream for
further processing. Deep neural networks are usefibr localization and classification.
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The first stage, the region proposal network (RPN), designated the temporal
location of each cell event by estimating a bounding box for each signature waveform
identified in addition to reporting the cell speed. The second stage, the sensor classification
network (SCN), performed classification on every bounding box produced by the RPN that
preceded it and reported the class, or sensor ID, that corresponds to the waveform. While
the functions of these two networks differ, their structure is similar. To#yfbatured 4
convolutional layers expecting input waveforms normalized to 200 samples. The output of
the SCN contained three nodes, each of which represented one of the three sensors
embedded in the microchip. The two outputs of the deep learning madwstly the cell
event sensor ID and cell speed were used by the chamber capture counting routine and the

feedback control algorithm, respectively.

4.4.3 The Computational Process for Calculating Capture Rates

In the final stage of the data processing pipeline, we mapped each aggregated cell
event sensor ID to its corresponding sensor on the microchip and computed the capture rate
(Fig. 4.6).Each of the three sensors represented counts of a different cell population. The
first sensor located nearest to the inlet counted the total population of the processed cells,
while the second sensor located at the exit of the first chamber countedpbpidaton
that was not immobilized in the first chamber and was fberea negative expressor of
that target antigen, and finally the third sensor located at the exit of the second chamber
counted the subpopulation that was not immobilized in the second chamber. In a microchip
where the first and second chambers have hewtionalized with antCD4 and antCD8
antibodies, respectively, the count difference between the first and second sensor

represented the CD4+ fraction of the population, the count difference between the second
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and third sensor represented the €08+ fraction of the population and the count
difference between the first and third sensor represented the @8t fraction of the

total population.

Sensor =1 Sensor =1 Sensor=1

CD4*: 34% CD8*: 62%

Figure 4.6 A schematic depicting the process to compute the capture rates in
individual chambers. All the sensor ID outputs of the classifier network were
timestamped and matched to the physical sensor location they were sourced from.
This was used to calculate how many cells entered a chamber, and how many exited
from it, and ultimately the capture rate of both chambers.

4.5  Optimization of Immune Cell Capture Parameters

To enable comprehensive immunoanalysis on our microchip, strategic
modifications to the surface chemistry became essentigarget different subpopulations
of T cells, aniCD4 and antiCD8 antibodies were immobilized in different cell capture
chambers through avidipiotin chemistry via the auxiliary functionalization ports. To
accomplish optimal immune cell capture, we fineed factors such as antibody

concantration, cell speed, and BSA concentration to minimizespatific bindingThese
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adjustments were crucial to enhance the microchip's interaction with biomolecules,
ensuring optimal performance and accuracy in capturing immunological data.
Subsequently, the specificity of our microclipgsed immunoassay was rigorously

validated in a multchamber configuration through optimization of cell surface chemistry.

45.1 Surface Modification

Our microchip was functionalized using avidiotin functionalization protocol.
The center auxiliary ports of the microchip were used to infuse the reagents common to
both chambers, namely, -@ninopropyl)triethoxysilane (APTES) glutaraldehyde,
neutravidn, BSA and glycine. Then, through the outer two auxiliary ports, the chamber
specific antibodies were infused into the corresponding chambers simultaneously at the
same laminar flow rate. First, the microfluidic device was wetted with ethanol within 10
mins of the oxygen plasma assisted PDi&s bonding. Then, APTES with ethanol (3%
v/v) was introduced to the device. Following 1 h incubation at room temperature, the
microchip was washed with ethanol and incubated at 110°C in a vacuum oven. Next, the
microchip was washed with DI water and infused with a glutaraldehyde solution in DI
water (3% v/v). After 1 h incubation at room temperature, the microchip was washed with
DI and PBS before introducing a 1 mg/mL solution of neutravidin in PBS into the
microchp and incubating for 4 h. The microchip was then rinsed with PBS and incubated
with a solution of 3% BSA blocking buffer and 1.5 mg/mL glycine for 1 h to block

nonspecific binding sites. Once complete, the microchip was washed with PBS and capture
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chambers were incubated with biotin conjugated antibodies for 2 h. Finally, the microchip

was washed with PBS to remove unbound antibodies.

Figure 4.7 A fluorescence microscope image showing a device whose chambers were
functionalized with fluorophore-conjugated antibodies (FITC antiCD4 (left) and
APC anti-CD8 (right)). Each chamber exclusively contained the intended capture
antibody.

The symmetric design of the chambers ensured the chambers were infused equally
and neither antibody solution overflowed its chamber and mixed with the other. To
investigate the immobilization specificity of the capture antibodies in their designated
captue chambers, we first functionalized capture chambers with antibodies conjugated
with fluorophores of dissimilar colors (FITC a@D4 antibody and APC ar@€D8
antibody). Fluorophoreonjugated antibodies were concurrently delivered to different
capture bambers and fluorescence emission was analyzed with fluorescence microscopy.
Our results confirmed that each capture chamber was successfully coated with the desired
antibody and that the fluorescence signal was uniform across each chamber, suggesting an
even coating throughout (Fig. 4.7). Furthermore, each antibody was confined to their target

chambers and had not leaked into adjacent chambers.
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Figure 4.8 Plot of CD4+ T cell capture rates measured in microfluidic chambers
functionalized with different anti-CD4 antibody concentrations. 25 pg/mL was
selected as the optimal concentration as minimal improvement in capture rate was
observed for higher concentrationsAll the capture rate values were experimentally
measured and are the average of three repeat experiments. The error bars indicate
the standard error associated with the measured capture rate values.

4.5.2 Optimizing Antibody Concentration

We then aimed to determine the optimal antibody concentration for surface
functionalization. In this process, we functionalized different microfluidic capture
chambers by incubating with ar@€iD4 antibodies at different concentrations5Qug/mL)
and measured the resulting immunocapture efficiencies for CD4+ T cells as a function of
incubation antibody concentration (F&8). We found the cell immunocapture efficiency
to be highly dependent on antibody concentration when it isigAfiL, while the gaing
immunocapture efficiency being minimal for antibody concentrations of pgZiL,

which suggested a saturation of the functionalized surface. Based on these results, 25
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png/mL was chosen as the optimal antibody concentration for surface functionalization and

was employed for the rest of the experiments in this work.
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Figure 4.9 Measured CD4+ T cell capture rate in a device functionalized with ari
CD4 antibodies as a function of cell flow speedll the capture rate values were
experimentally measured and are the average of three repeat experiments. The error
bars indicate the standard error associated with the measured capture rate values.

4.5.3 Calibrating Cell Flow Speed

Next, we investigated the effect of cell flow speed on the immunocapture
efficiency. The cell immunocapture efficiency, a performance metric we sought to
maximize, is primarily dictated by the antibedgtigen interaction time in addition to the
affinity between the two. Too high a flow speed leads to an inadequately low interaction
time, resulting in false negatives in the form of uncaptured target T cells. Conversely, too
low a flow speed causes ngpecific binding, resulting in false positives due to-terget
cells adhering to chamber surface. To determine the optimal flow speed, we processed a

homogeneous naive CD4+ T cell population, under different driving pressures and
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measured the percentage of the total incoming cells that were arrested in the capture

chamber functionalized with ar@iD4 antibody to calculate capture efficiency.

We achieved a 93% capture rate at flow speed of 30 um/ms while increasing the
flow speed to 150 um/ms led to a reduction in capture rate to 80%(BjigThe selected
operating flow speed was 60 pm/ms as it exhibited a relatively high (92%) capture rate
while crucially avoiding norspecific adhesion artifacts and sedimentation issues that the

slower flow speeds were prone to.
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Figure 4.10 Measured false positive rate (i.e., rate of nespecific cell capture) as a
function of concentration of BSA solution used to block the deviceAll false positive
rate values were experimentally measured and are the average of three repeat
experiments. The error bars indicate the standard error associated with the measured
false positive ratevalues.

4.5.4 Optimizing BSA Concentration to Mitigate Nspecific Binding

Additionally, to reduce nospecific adhesion and enhance assay specificity, we
explored blocking the microchip with bovine serum albumin (BSA) and glydine.
identify the optimal BSA concentration for blocking, we assessed-c¢alsiire rates

(Experimental methodof nontarget cells (CD8+ T cells) in devices functionalized with
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the antiCD4 antibodyln conjunction with 1.5 mg/mL of glycine, we explored the impact

of various concentrations of BSA in this analysisr samples processed at the optimized
cell flow speed of 60 pum/ms, we found that BSA concentrations of < 3% ledtspeaific
capture of CD8+ T cells, leading to false positive results of up to 42%. Increasing BSA
concentration to 3% reduced nspecific adhesion to < 3% and was chosen as the optimal

concentration for studies in this paper (MdL0.

4.6 Characterization and Specificity Assessment of the Immunoassay Platform

using T Cells

In the final phasef our platform developmenive subjected our microchipased
immunoassay platform to comprehensive characterization and specificity testing.
Employing a multichamber setup, we selectively functionalized microchips with either
anttCD4 or antiCD8 antibodies, confining them to thfrst capture chamber.
Simultaneously, the second chamber was deliberately kept unfunctionalized to gauge non
specific capture. When processing homogeneous populations of naive CD4+ and CD8+ T
cells, sourced &m commercial vendors and detailed in the experimental methods, at a
velocity of 60 um/ms, we observed a substantial capture of T cells in the chamber equipped
with the corresponding antibody (~92% of CD4+ T cells and ~87% of CD8+ T cells) (Fig.

4.11a an).

Across different microchips, the average napecific capture rate was ~3%.
Notably, these results account for impurities inherent in the processed samples, as indicated
by vendofprovided datasheets (CD4+ T cell sample purity: 94% and CD8+ T cell sample

purity: 88%). Ths robust performance underscores the efficacy of our optimized device in
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capturing nearly all T cells expressing target antigens, achieving minimaipeaific

capture.
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Figure 4.11 Schematics showing the functionalization layouts of analytical devices
that have only one of their two chambers functionalized withd) anti-CD4 antibody
and (b) anti-CD8 antibody (top) and the measured specific (1st chamber) and non
specific (2nd chamber) cell capture rates in those devices (bottordll the capture
rate values were experimentally measured and are the average of three repeat
experiments. The error bars indicate the standard error associated with the measured
capture rate values.

4.7 Conclusions

In this Chapter, wpresente@ microchipbased immunoassay to screen T cells for
discriminating between different subpopulations based on cell surface markers. Our
approach presents several advantages over existing immunophenotype techniques. First,
unlike traditional approaches whicequire the sample to be prelabeled with fluorophore
conjugated antibodies, our microchip accepts unlabeled immune cells directly isolated

from whole blood. Not only does this shorten assay time, but also makes
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immunophenotyping available for applications where sampldapeding is not feasible.
Second, our fully electronic sensing scheme allows the use efdety commercially
available components and circuits which reduces system cost and complexity. érile o
electronic assays use cell size and electrical properties to indirectly perform cytometry,
ours can also access and utilize vestablished and specific biochemical markers. This
brings with it more reliability and compatibility with existing techumeg for cell
interrogation.Third, onrchip multiplexing of electrical data allows for the streamlined

acquisition, storage, transmission, and-teak analysis of assay results.

Moreover, the inherent electronic nature of our microchip’'s measurements not only
provides a robust platform for reliable data but also facilitates a high degree of automation.
This feature enables integration with various cell manufacturing processegnglfor
reaktime monitoring and precise control of critical procedural parameters. The adaptability
of the platform makes it a valuable tool for enhancing the efficiency and reproducibility of

cell manufacturing, ensuring optimal conditions for theréipeaell production.

While we have demonstrated a pradfconcept implementation that targets two
surface markers, the scalable nature of our immunocapture scheme enables a
straightforward application of our approach to target a multitude of surface markers by
simply adding bambers to the design and functionalizing them accordingly. Furthermore,
the measurement throughput can be further increased by revising the fluidic design to lower
the hydraulic resistance. We believe that our -tmst platform that delivers
immunophenotying capabilities in a disposable package will be invaluable to clinical

applications, cell manufacturing, and resource limited settings at the point of care.
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CHAPTER 5. AUTOMATING THE MICROCHIP -BASED

IMMUNOASSAY PLATFORM

The challenges associated with manual techniques in cell analysis, specifically flow
cytometry and microscopgeased immunophenotyping, stem from the inherent variability
introduced by operator interventions as mentioned in CHAPTER 2. Manual operations are
susceptible to inconsistencies in sample preparation, staining procedures, and data
interpretation, leading to measurement variations. Opedagoendent factors, such as
experience, skill level, and even subjective biases, can impact the accuracy and
reproducibility of results. Flow cytometry, a powerful tool for cell analysis, often involves
complex protocols and intricate instrumentation, making it prone to human errors. Manual
adjustments, such as gating and compensation, introduce variability anceacayol
discrepancies in results. Similarly, microscdy@esed immunophenotyping relies on visual

inspection, making it susceptible to subjectivity and operator bias.

The importance of addressing these challenges lies in the quest for reliable,
standardized, and reproducible cell analysis. Automation emerges as a solution to mitigate
operatordependent variations. Automated systems not only streamline processes but also
ensure consistency in sample handling, data acquisition, and analysis. By reducing human
intervention, automation contributes to the generation of more robust and comparable

results, fostering advancements in research, diagnostics, and therapeuticndentdop

In an effort to overcome limitations associated with manual immunophenotyping

techniques, this chapter introduces the automation of our previously developed microchip
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based immunoassay platform (Chapter Zhis autonomous system operates with
continuous observation, dynamically updating parameters irtinealto ensure optimal
conditions for cell immunoanalysis. The orchestrated process involves driving the sample
through the microchip using a pressure pumphitoang cell speed through signal
conditioning, and sampling electrical output into the computer. At the core of this
processing pipeline is the feedback control algorithm, a pivotal component continuously
overseing events on the microchip. This algorithm evaluates the proximity of cell speed
to the preset target, a critical factor in our binary immunocapture process. Cell speed
regulates the interaction time of antibodptigen pairs, where higher speed mayltan

false negatives due to insufficient binding time, and lower speed may lead to false positives
due to nonspecific binding, impacting the success of immunocapture. If the cell speed
deviates from the desired pace, the feedback control algorithm angsvpromptly,
adjusting the drive pressure to align with optimal cell flow conditions for immunocapture.
This dynamic interplay ensures a responsive system, guaranteeing precision and accuracy

in immunoanalysis without the need for manual intervention.

5.1  Process Flow of TheAutomated Microchip-based Immunoassay Platform

Our autonomous microchipased immunoassay integrates a microchip, a signal
processing scheme, and a feedback control loop. The operational sequence initiates with
cells driven through the microchip by a pressure pump at an initial flow rate. Subsequently,
the devicé output signal is sampled into the computer via acquisition hardware, as
described in CHAPTER. This signal undergoes retiine processing through our custom
built, deeplearningbased algorithnfCHAPTER 4, providing simultaneous insightstin

cell speed and subpopulation fractions.

99



J. l 1 I_[>_ Signal Conditioning Signal Stream
._’

_/B8\ /oo QM
8%,/ 1\ 600 »>
1t

IIT|_D .
f— ]

Feedback Analytics <f+ Classification <+ Segmentation
- Control
SR gl
« «—
o | Ll
Setpoint HHHH HHHHI‘IFI
Pressure Pump Signal Processing

Figure 5.1 A schematic showing all of the components of the developed autonomous
microchip-basedimmunoassay system and their interaction.

The continuous computation of cell speed from sensor network data serves as a
dynamic process parameter. This parameter informs the feedback control system in real
time, offering insights into the microcl@pinstantaneous operational status. Leveraging
this information, the feedback control system actively adjusts the drive pressure in a closed
loop (Fig. 5.1). This sophisticated feedback control scheme empowers the efficient
immunocapture of cells, elimiriag the need for prior knowledge about deviceetisions

and channel fluidic resistance.
5.2  Experimental Methods
5.2.1 SamplePreparation

The process of obtaining stock samples, each with a concentration of®1x107
cells/mL, for human naive CD4+ T cells (STEMCELL Technologies) and naive CD8+ T

cells (STEMCELL Technologies) from cryopreservation was mentioned in CHAPTER 5.
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In scenarios where a heterogeneous sample containing both T cell types was necessary, the
final volume and mixing ratio were methodically determined. Subsequently, the required
volumes of cells were drawn from the earlier prepared CD4+ and CD8+ stodkrsolut

and blended in a shared sample tdlmespecifically analyze heterogeneous subpopulations

in the experiment, essential preparations were carriedlote samples were crafted, each

reaching a final volume of 400 uL and exhibiting mixing ratios &f 1:2, and 2:1.

5.2.2 ExperimentalSetup

The sequence initiated with the introduction of the cell suspension into our
microchip via the pressure pump at an initial flow rate, as outlined in CHARTHRe
microchips electrical output was conditioned and sampled into the computer. The real
time data processing pipeline continuously monitored events on the microchip, ensuring
uniform transmission of data to the algorithm suite forteak cell event analysis. The
algorithmic insights informed the feedback controller logic, facilitating necessary
adjustments to the cell flow speed for optimal operational conditions, thus completing a

closedloop system.

5.2.3 Flow Cytometry Validation

The experimental results were verified by analyzing the sample processed by our
microchip in a flow cytometer. The sample was labeled with FITGGDY antibody
(OKT4 clone, Biolegend) and APC a@D8 antibody (SK1 clone, Biolegend). This
labeled samplavas introduced into the flow cytometer (L$R BD Biosciences) and
subsequently, the laser power values were configured for optimal measurement (FSC: 275

V, SSC: 250 V, FITC: 390 V and APC: 390 V). The processing was halted after 10,000
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events were recorded for every sample. Finally, FlowJo (FlowJo, LLC) software was used

to analyze the flow cytometry data.

5.3  Automated Control for Optimal Antibody -Cell Interaction

To autonomously manage the optimal antibadgigen interaction time for a
specific cell population, we developed a feedback control algorithm. This algorithm
dynamically adjusts the drive pressure of the pressure pump responsible for moving the
cell sample, guided by the continuously measured cell speed across the sensor network
Realtime quantification of cell speed is achieved through our custaihconvolutional
neural network(CNN)-based signal processing algorithm, as extensively explained in

CHAPTER 4.

5.3.1 Feedback Control System

We abstracted the control routine into a plant and feedback controller scheme (Fig.
5.2). The programmable pressure pump, sensors and signal processing components
comprise the plant and produce the measured process variable, the average cell speed (y(t)).
The operational target of the feedback control system was to modulate the inpw, in thi
case the pump drive pressure, such that the average cell speed approaches the target

setpoint (r(t)).

To accomplish this, the discrepancy between the measured cell speed and the
setpoint is computed as the error (e(t)) and the feedback controller continually attempts to
minimize this value by executing an adequate correction value (u(t)) to the contitol inp

Here, we implemented a proportional controller, which adjusted the control input based on
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a weight applied to the error. As such, the adjustment value passed to the pressure pump

was given by:

00 0 ' (5.1)
r(t) e(t)
Cell flow .
—> speed error > K'e(!)
u(t l
y()
Pressure
controller

Figure 5.2 A block diagram showing the proportional controller implemented in the
real-time feedback control algorithm. The error term, e(t), was multiplied by the
feedback gain parameter to produce the corrective drive pressure value, u(t), used to
update the pressure pump.

, Wwhere K was the feedback gain. K was determined heuristically to be 0.35,

avoiding excessively low values that resulted in prolonged time before converging on the

target, and excessively high values which led to overshooting5B)g.
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Figure 5.3 Plot of cell speed showing the step response of the feedback control system
given different combinations of feedback gain (K) in which (a) K = 0.1, (b) K = 0.35,
and (c) K=0.5.

We were able to directly use the cell flow speedrasess variabla the feedback
control system to modulate the drive pressure since these two parameters exhibited a linear,
monotonic relationship with the proportionality constant determined by the microchip
hydraulic resistance (Fig. 5.4). Every time the averagespeled was updated, which

occurred at every cell event detection, the error between the measured and targeted cell
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speed wasomputed, and the feedback controller sent an update to the pressure pump if

needed.
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Figure 5.4 A plot showing the measured cell flow speed as a function of the drive
pressure in our device.
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Figure 5.5 A flowchart describing the feedback control algorithm.

5.3.2 Implementation of Feedback Controller

The control algorithm ran in real time, concurrent with the capture statistics
algorithm, and continuously factored in new cell measurements while making necessary
adjustments to the pressure pump ovenigersalserial bus (USB) connection (Fig. 5.5).

The control algorithm received a segmented cell event that has been baseline removed and
determined the signal length. The cell speed is then computed using the known physical

dimension of the sensor and signal sample rate. Evety &ll speed measuremewas
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added to a moving average of 9 cell events. If this average exceeded the target by 10%, the
drive pressure was reduced. Conversely, if this average was below the target by 10%, the

drive pressure was increased.
5.3.3 Evaluating the Responsiveness of the Feedback Control System

In a detailed analysis aimed at gauging the dynamic responsiveness of the feedback
control loop, we implemented a ngtatic setpoint and conducted a scrutiny of the

controlleés output (Fig5.6).
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Figure 5.6 A plot showing the target tracking performance of our feedback controller.

As the target cell speed was continuously ramped, the pressure updates commanded
by the feedbackcontroller and the resulting cell speed were simultaneously recorded
and shown in the plot.

This involved the intricate programming of the cell speed setpoint, designed to
follow a predefined patteéna linear ramp that progressively increased from 35 pm/ms to
60 um/ms. Across a comprehensive dataset encompassing more than 350 cell events, the

feedback control algorithm demonstrated remarkable proficiency, seamlessly tracking and
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adhering to the programmed pattern. This extensive evaluation serves as a compelling
validation of the robustness and precision inherent in the feedback control algorithm,
unequivocally showcasing its adaptive prowess and its ability to respond effetbively

dynamic changes within the microchip environment.

5.3.4 ThekEffect of Feedback Controller on Immunocapture Efficiency

In a conclusive evaluation, we assessed the repercussions of deactivating the

feedback control algorithm on the capture rate (&ig).
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Figure 5.7 A plot showing the instantaneous cell immunocapture rates during both
the presence and absence of feedback control. Feedback control was disabled, and
drive pressure was increased to simulate an external perturbation. The consequent

dip in the cell capturerate observed during inactive feedback control recovered when
the feedback was turned back on.

The experimental setup involved running the system with a sample comprising
homogeneous CD4+ T cells, and the instantaneous capture rate was diligently calculated

for every 16 cell events. Following the stabilization of the average instantaneous capture



rate at ~88%, the feedback control algorithm was intentionally disabled. This led to a
perturbation in the system state, achieved by abruptly elevating the drive pressure to 950
mbar. Consequently, the capture rate experienced a significant drop to ~63%. |
compelling demonstration of the feedback control algorithnefficacy, it was
subsequently renabled, autonomously restoring the average instantaneous capture rate to
its prior ~88%. These results serve as a functional testament to thé asgagbity to
operatecontinuou$y under optimal conditions, showcasing resilience and adaptability in

the face of external perturbations.

5.4  Automated Analysis of Heterogeneous T Cell Populations

Furthermore,d assess the efficiency adir fully integrated autonomous microchip
based immunoassay platform, comprising both the developed hardware and software, we
processed and analyzed heterogeneous samples containing mixed T cell populations. Our
microchip was specifically tested with commeligiacquired naive CD4+ and CD8+ T

cells.

5.4.1 Autonomous Microchip Configuration

Initially, our microchip was designed to distinguish various T cell subpopulations.
The functionalization ensured that the first chamber exclusively captured CD4+ T cells,
the second chamber captured CD8+ T cells, and any cells or particles expreshigrg neit
were subsequently removed from the device (Fig. B&ause CD4 and CD8 are rarely
co-expressed by T cells in peripheral bldaé4], [165] our cascaded capture chambers
effectively separated the two T cell populations through immunocapture. In fact, we

confirmed that both capture chambers were capturing their intended target cell populations
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by labeling captured cell population on the microchip with diffecared fluorophores
(FITC anttCD4 antibody and APC ar@D8 antibody) and imaging them with

fluorescence microscopy (Fi§.8).

Captured
CD4* T cells

‘Captured ' f
CD8* Tcells

Figure 5.8 A schematic of the device showing the layout of capture chambers designed
to capture CD4+ and CD8+ T cells and the sensors monitoring cell capture. Insets
show images of CD4+ (left) and CD8+ (right) cells labeled fluorescently after they
were captured on he device. Scale bar, 50 pm.

Next, we tested the feedback controll er ¢
upon startup. The program was first provided with a cell speed target and the allowed
tolerance about this target, then launched with an initial drive pressure of 500Timbar.
average cell speed was continuously computed as the first few cells passing through the
microchip were detected. The feedback control algorithm gradually reduced the drive
pressure until the average cell speed met the target and fluctuations sthyetheitarget
bounds. The optimal drive pressure was reached after acquiring signals from observing 31

cell events and the target cell speed of 60 um/ms was met, after which cell capture statistics



collection began (Figh.9). The whole process of analyzing ~12,006€lls and computing

the capture statistics required ~30 mins.
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Figure 5.9 A plot showing the time evolution of the cell flow speed under feedback
control modulating the drive pressure to reach therescribed target of 60 pm/ms.

5.4.2 Accuracy Testing with Calibrated T Cell Suspensions

In our efforts to assess the accuracy of our system, we conducted a thorough
examination using calibrated suspensidrtseese suspensions were carefully prepared by
mixing commercially acquired naive CD4+ T cells and naive CD8+ T cells at distinct ratios
of 1:1, 1:2, and 2:1 (Experimental methodsext, we processed each mixed sample

through microchips designed with identical specifications.

Upon conducting an extensive analysis, our observations revealed a striking
alignment between the immunophenotype composition ratio reported by our system and
the implemented mixing ratios, as vividly illustrated in Fig. 5.10. However, some

deviations betwen our results and the nominal mixing ratio were discerned. These
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discrepancies were primarily attributed to impurities in the prepared T cell populations,
stemming from factors such as lysed or dead cells, the presencetafgetrparticles, and
inherent impurities in the source samples. To fortify our conclusiongyakento account

the manufacturereported purities of the employed CD4+ T cell and CD8+ T cell samples,
standing at 94% and 93%, respectively. This comprehensive evaluation underscores the
systends precision in faithfully reflecting the intended immuhepotype composition,

even in the face of challenges posed by impurities in the T cell populations.
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Figure 5.10 A plot showing the CD4+ and CD8+ T celsubpopulation frequencies as
reported by our system (colorfilled bars) vs the nominal mix ratio determined by
hemocytometer (unfilled bars).

5.5 Benchmarking Autonomous Immunoanalytical Platform Against Flow
Cytometer

Finally, we benchmarked our autonomous immunoanalytical system against a
commercial fluorescendeased flow cytometer. For flow cytometry analysis, samples,
prepared by mixing CD4+ and CD8+ T cells at a 1:1 ratio, were labeled with fluorephore

conjugated atibodies against the same set of target antigens for flow cytometry analysis
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(Experimentaimethods). Flow cytometry measurements were then gated based on surface
expression for T cell classification to calculate the frequency of each T cell subpopulation
(Fig. 511). The percentage of CD4+Cb#% cells, CD4CD8+ T cells, and CDLD8&
expressors were 48.3%, 46.8%, and 4.1% respectively as per flow cytometry results. These
results were in good agreement with those from our immunoanalytical system, which
reported 49.3%, 43.8% and 6.9% as the frequencies of aforementioned
immunophenotype Considering the flow cytometry data as the ground truth, these results
amounted to an average of O 6% error rate
>94% for our biosensor (Fig.11). We attributed our measurement errors to several
factors: 1) our immunocaptutEsed technique is a completely different sensing modality
from the lasesscatter technique that a flow cytometer is based on. This difference leads to
dissimilar discriminabn criteria and will inevitably not match perfectly, 2) thalti-step

sample preparation process will unavoidably lead to cell loss and inclusion-tdrgen

cell particles, e.g., lysed residues and dead cells.
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Figure 5.11 A plot (left) showing the results from fluorescenceemission based
classification of a sample made of equal parts CD4+ and CD8+ T cells using flow
cytometry. The other plot (right) shows the difference between the subpopulation
counts determined by flow cyometry vs. our microchip-based immunoassay.
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5.6 Conclusions

In this chapter, we presented a comprehensive analysis of our fully electronic,
autonomous immunoanalytical microc@lig pioneering platform for the quantification of
immune cell subtypes insample. A notable hallmark of our approach is the incorporation
of autonomous operation through a sophisticated feedback loop, effectively mitigating
errors inherent in conventional cytometry. These errors typically arise from variations in

operators, lab@tory conditions, and the interpretation of results.

Our platfornts versatility extends beyond the parameters demonstrated in this
chapter, such as drive pressure modulation. For instance, the adaptable feedback control
algorithm can be firduned to utilize measured subpopulation ratios, allowing modulation
of process arameters like sample concentration. While initially engineered for
immunophenotyping, the foundational componérntxluding the sensor network,
algorithm suite, microfluidic channel, and feedback scléem® abstracted enough to

adapt to a myad of applications with diverse process parameters.

Furthermore, the platforée inherent adaptabilitppensdoors for deployment
beyond the confines of central laboratories. This positions our system as a frontrunner for
the next generation of fieldeployed analysis tools, leveraging its ability to conduct
autonomous, labdtee, and realime analyses. The pential applications extend not only
to immunophenotyping on the go but also to a broader spectrum of scenarios where rapid,

precise, and portable analytical capabilities are crucial.
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CHAPTER 6. AN ELECTRONIC MICROCHIP FOR ON -CHIP

APOPTOSIS ASSAY

Cell viability assays serve as integral components of cell phenotyping as mentioned
in CHAPTER 2, allowing researchers to delve into the functional aspect of cells by
assessing their ability to survive and thrive under specific conditions. In the broader
landscape of cell viability assessments, apoptosis assays play a key role in deciphering the
delicate balance between cell survival and controlled elimination. Understanding apoptosis
within the context of cell viability provides critical insights into tegulatory mechanisms
governing cellular dynamics, response to stimuli, and overall health. The importance of
apoptosis assays extends across various scientific domains, from fundamental biology to
clinical research. By delving into the molecular markerd pathways associated with
apoptosis, scientists gain valuable insights into the regulatory mechanisms shaping cellular
dynamics.A crucial event that occurs during apoptosis is the externalization of the PS,
where it is translocated from its normal integiflet placement to the outer leaflet of the
plasma membrane and made accessible to extracellular envirorjf@§jt This
externalization mar ks t he neighbolringeeilstahnd an i
phagocytes whose function is the removal of apoptotic cells. Notably, this externalization
process is one of the earlier events in apoptosis, preceding the failure of cell membrane
integrity [167]. Given the point at which PS externalization occurs relative to the rest of
the apoptotic process, detecting this event with a high affinity biochemical probe like
Annexin V makes such an assay crucial in studying apopi@8% When studying diverse

cell populations that are undergoing apoptosis, itself an inherently stochastic fk66gss

114



it becomes crucial to leverage hitiroughput platforms that can perform single cell

interrogations.

Traditional apoptosis assays, whether conducted through flow cytometry,
microscopy, or microfluidic platforms, encounter various limitations that impact their
efficiency and versatilityas mentioned in CHAPTER. Zirstly, the portability of
conventional methods, especially those involving flow cytometry, is often hindered by the
reliance on bulky equipment, limiting their use in field settings or resdunded
environments where portability is crucial. Moregvehe cost associated with the
instrumentabn and reagents required for traditional apoptosis assays can be a significant
barrier, hindering accessibility and widespread adoption, particularly in settings with
budget constraints. In addition to portability and cost concerns, many conventional assay
necessitate the use of fluorescent labels or dyes. This introduces complexities and potential
artifacts due to the labelling process, which may alter cellular behaviour and affect the
accuracy of results. Furthermore, the long sample preparation timlgedvin traditional
assays is a notable drawback. Tiommsuming sample preparation steps delay results,
making these assays less suitable for rapid diagnostics drmneamonitoring. Another
challenge associated with traditional apoptosis assaysgydarty in flow cytometry, is
the risk of sample loss during preparation. Mstgép sample preparation processes
increase the likelihood of sample loss, impacting the accuracy and reliability of results,

especially when dealing with limited or precioumgdes.

In this chapter, we present a microchigsed apoptosis assay addressing the
limitations of conventional techniques. Our microchip biochemically targets externalized

PS on the membrane of cells to detect those going through apoptosis, yet without requiring
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the sample to be pilabeled. To develop an assay with santptlanswer capability, our
microchip was engineered to integrate sample manipulation with analytical measurements
at the single cell level. Specifically, cells are internally immunolabeled w dio our
microchip to transduce relatively weaker AnnexhiP8 affinity into stronger avidibiotin

binding for reliable immunocapture of apoptotic cells. A network of barcoded electrical
sensors then quantifies the fraction of cells with externalized ¥pgssion through
immunocapture statistics and presents the data as an electrical output signal. We applied
our assay on studying humauoeill lymphocytes subjected to heat to induce apoptosis and
validated it accuracy by benchmarking against the-eattolished flow cytometrbased
Annexin V assay. Combining sample manipulation and electronic detection on a disposable
microfluidic chip, our cell apoptosis assay is amenable to be implemented in a variety of
settings and therefore has the potential to eresgw opportunities for cellased

diagnostics and therapeutics and contribute to healthcare outcomes on a large scale.

6.1 On-Chip Apoptosis Assay System Workflow

Our microchipbasedapoptosis assay is constructed on the detection of PS
externalization, which is a phenomenon that occurs during the onset and duration of
apoptosis. The microchip has two inlets that symmetrically feed a microfluidic mixer stage,
where one inlet is used introduce the cell sample to be interrogated while the other is
used to introduce a buffer containing biotinylated Annexin V. In the mixer, the cell sample
and Annexin V solution were completely and uniformly mixed to ensure a cantsiste
distribution of Annexin V throughout the sample. The presence of excess Annexin V
concentration guaranteed that all the cells with externalized PS were labeled. Next, the

mixed solution entered a cell capture chamber that featured neutraundiionalzed
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micropillars. Then, Annexin Vlabeled apoptotic cells were immobilized on the
micropillars through the neutravidbiotin interaction, ensuring that only napoptotic

cells reached the microchip outlet.

Figure 6.1 Schematic representation of the microchigbased apoptosis assay.
Featured in the microchip are an onchip micromixer to mix the cell population with
Annexin V solution and a functionalized capture chamber to capture apoptotic cells
that have underwent PS gternalization. An integrated barcoded sensor network
detects cells entering and exiting the capture chamber and produces the detections as
an electrical output. The signal stream is subsequently processed to match each
electrical barcode with the correspnding on-chip location of the cell event, enabling
computation of the total count of captured cells in the capture chamber for apoptotic
cell quantification.

To quantify the apoptotic subpopulation, we integrated an electrical sensor network
into the microchip that featured two sensors, each one placed before and after the capture
chamber. When cells flowed through the sensing volumes of either sensor, theyegenera
coded signals that were output by the network and sampled into an external computer.

Subsequently, the sampled signals were processed through a-twsitoagorithm that
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