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Introduction

Estimating single-cell elastic modulus in a serial
microfluidic cytometer from time-of-flight and
fluorescence signals analysis

@ | eroy L. Jia, @° Matthew DiSalvo,
*@ and Gregory A. Cooksey

® Megan A. Catterton,®
*b

Graylen R. Chickering,
Paul N. Patrone,? Eric M. Darling

Cellular state, function, and disease all contribute to whole-cell mechanical properties. Investigating these
relationships is often difficult due to low measurement throughput, inability to draw one-to-one connections
between mechanical and biochemical properties, and significant or unknown measurement uncertainty. To
address these needs, we demonstrate that a serial microfluidic cytometer can realize high-throughput
estimates of elastic modulus and size from fluorescence signals and time-of-flight (TOF) measurements of
cell-like particles in flow. To analyze the resulting data, we leverage a combined spectral time-series analysis
(STA) of fluorescence measurements and a mechanics-based Gaussian-process regression model. Critically,
the former yields independent estimates of the particle size, whereas the latter characterizes the relationship
between size, elasticity, and TOF, thereby allowing us to decouple such effects and extract estimates of
elastic modulus. We calibrate the model using cell-like polyacrylamide microparticles with a range of known
sizes (8.9 um to 23 um diameter) and stiffnesses (0.1 kPa to 9.1 kPa). The calibrated model is then applied to
estimate the per-particle size and elastic modulus of live MG-63 osteosarcoma cells. Cell viability through
the device was high (>90%), and the median diameter of 16.3 um and elastic modulus of 0.9 kPa for MG-63s
were consistent with light microscopy and AFM measurements. Thus, our novel device and model have the
potential to expand mechanophenotyping capabilities by enabling high-throughput, single-cell
measurements with uncertainty quantification. Furthermore, this emerging flow cytometry technique is
directly compatible with fluorescence measurements of biochemical composition.

mechanisms, to diagnose conditions, and to provide an
accurate prognosis. This has been thoroughly documented in

Cellular elasticity, or Young's modulus, which primarily
reflects changes in a cell's cytoskeletal structure, is an
important metric in both physiological and pathological
processes.’™° In health, elastic modulus can be linked to cell
state, activation, and differentiation. Each immune cell type
has a typical elastic modulus range appropriate for its
function, and changes in elastic modulus can reflect
activation in response to a pathogen or therapy.'”'® Stem
cells exhibit elastic modulus changes as they differentiate,
enabling researchers to monitor and direct lineage-specific
development by measuring elastic modulus.'>*® Additionally,
elastic modulus changes are observed during mitosis,
indicating a wuseful parameter for understanding cell
proliferation and tissue regeneration.>"** Cell elastic modulus
can be a critical biomarker to wunderstand disease

“ Brown University, Box G-B397, Providence, Rhode Island 02912, USA.

E-mail: eric_darling@brown.edu

b National Institute of Standards and Technology, 100 Bureau Drive, Gaithersburg,
Maryland 20899, USA. E-mail: gregory.cooksey@nist.gov

This journal is © The Royal Society of Chemistry 2026

cancer, where reduced cell elastic modulus is correlated with
increased metastatic potential.>*** As a result, measurements
of the Young's modulus can aid in the classification of tumor
aggressiveness and disease prognosis. Similarly, blood
diseases, like malaria or sickle cell, involve stiffening of
affected red blood cells.>*>° Mechanical changes on a cellular
level are also seen in neurodegenerative diseases,
cardiovascular disease, and chronic inflammatory illnesses.
In many instances, monitoring cell stiffening could lead to
more accurate prognostics and better patient outcomes by
identifying disease progression before downstream symptoms
have developed. Because of these connections between cell
mechanics and various states of health and disease, high-
throughput platforms capable of measuring elastic modulus
are advantageous in tracking disease progression, monitoring
health, and screening drug candidates for novel therapies.>**"
Moreover, many of these cell types of interest may be rare
(fewer than one circulating tumor cell per milliliter of blood
from a patient with metastatic cancer) or part of a
heterogeneous sample.** Ultimately, robust, high-throughput
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tools to measure cell mechanophenotype in conjunction with
validation of cell identity and function through staining with
biochemical markers will advance both fundamental biology
and translational research.

Currently, however, existing methods for
mechanophenotyping are limited. Commercial methods
include 1) optical tweezers/stretchers, in which a highly
focused laser beam is used to trap and deform cells with a
given force, 2) micropipette aspiration, where deformability is
measured by applying a suction force to the cell's membrane,
and 3) atomic force microscopy (AFM), where a small cantilever
applies a force to the cell and deformations are measured by a
laser. AFM is the gold standard for mechanophenotyping, but
there remain many shortcomings.**° First, cells must be
adhered to a surface, which can result in cellular responses to
the elastic modulus of the substrate.**° Results can also vary
significantly based on the cantilever tip and calibration, as well
as where on the cell the cantilever makes contact.’*™*
Additionally, error can accumulate after calibration due to
environmental fluctuations and drift or leveling, resulting in
uncertainties of 20% or more.** The processing of data can
also affect results depending on the models and assumptions
used.** Finally, a critical limitation of AFM is its low
throughput, at just (1 to 5) s™* for single-cell measurements.*’
Alternative commercial approaches are either similarly low
throughput or are prone to destroying samples.*®*” To remedy
throughput issues, many researchers have developed
microfluidic deformability- or imaging-based devices for
mechanophenotyping at higher throughput as compared to
commercial methods. Some of these approaches include
measurement of deformation in the direction of flow,*®
observing changes in time of flight (TOF) or particle shape
following compression of cells through an orifice,*®
stretching particles in extensional flows perpendicular to their
entry path,®® acoustics,””>° and inertially displacing cells to
their varied dynamic equilibrium points.®® These designs are
capable of throughputs on the order of (10> to 10%) s, much
closer to the 10" s™ capabilities of fluorescence-based cell
sorting.>”>°

To our knowledge, only two published devices exist with
capabilities to match label-free deformation measurements
with fluorescence biomarker abundance for cell delineation.
The real-time 1D-imaging fluorescence and deformability
cytometry (RT-DC)®' is capable of making single-event
measurements of both cell mechanics and fluorescence
markers at high throughput and has been successfully
applied in a variety of clinical conditions.®*** Additionally,
fluorescence imaging deformability cytometry (FI-DC)
combines fluorescence imaging with shear-flow deformation
to image cell shape and size.®> As with any device, though,
these approaches have limitations. The FI-DC relies on high-
speed imaging for both deformation and fluorescence
information. To our knowledge, the deformations have not
been translated to elastic modulus. FI-DC and RT-DC are
both constrained by requiring a high-viscosity buffer to
measurably deform the cells in flow. Existing versions of

Lab Chip

View Article Online

Lab on a Chip

these devices also rely on a single measurement of cells, such
that there can be no quantification of uncertainty, a
limitation shared by almost all existing flow-based
cytometers.

We recently developed an optical cytometer capable of per-
particle uncertainty quantification by measuring each particle
multiple times.®®®” Measurement error in the system is
further reduced by using a 3-dimensional hydrodynamic and
inertial focusing strategy to uniformly place particles in the
same channel location upstream of the serial interrogation
regions. By pre-focusing particles to a stable dynamic
equilibrium position, we found that per-particle TOF for
similarly sized rigid particles could be controlled to within
less than 0.2% coefficient of variation (CV; standard
deviation divided by population mean). Moreover, the serial
cytometer used here stores the entire time-resolved
fluorescence signal, unlike standard flow cytometers that
discard this information. Deeper analysis of these signal
shapes further permits estimation of particle size and velocity
as well as identification and deconstruction of doublet
signals into the most likely singlets.®®®® This device has been
well-characterized for its fluorescence measurement
capabilities, and a companion manuscript details how size
and velocity impact interpreted area.”® Studies and models of
particles in rectangular flow channels have shown that
particles inertially sort based on size and elastic modulus,
with larger and more deformable particles migrating toward
the center of the channel where velocity streamlines are
faster.”' 77

The goal of this study was to address the common
shortcomings of mechanophenotyping cytometers by
adapting the high-throughput serial microfluidic cytometer
for simultaneous mechanophenotyping and fluorescence
measurements of particles and cells. First, the serial
cytometer was calibrated using well-characterized cell-like
particles that mimic the physiologic size and elastic modulus
of cells. Through high-precision measurements of TOFs using
the serial cytometer, we were able to generate a relationship
between TOF, size, and elasticity. The TOF measurements are
also used to assess the accuracy of estimates of particle
velocity from signal shapes. Estimates of particle size from
signals analysis were also compared to distributions of
particle size determined from microscopy. Finally, we
demonstrated the feasibility of rapid, single-event mechanical
characterization using the calibrated models to estimate size
and elastic modulus of living cells. Importantly, the serial
cytometer did not significantly alter cell viability and allowed
us to measure only active cells using a fluorescent viability
stain.

Methods

Cell-like microparticle generation and characterization

Polyacrylamide microparticles (PA MPs) with cell-like size and
elasticity were made using a microfluidic droplet generator
as previously described.” The continuous phase used in the

This journal is © The Royal Society of Chemistry 2026
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droplet generator was 2.5% by weight Hypermer SP6 (Croda
Industrial; see Disclaimer) surfactant in 1-octadecene
(MilliporeSigma), which was mixed for at least 20 min and
0.22 pm filtered before degassing in a syringe. The dispersed
phase consisted of acrylamide (Bio-Rad) and bis-acrylamide
(Bio-Rad) in different ratios targeting elastic/Young's moduli
ranging from 0.1 kPa to 10 kPa, along with ammonium
persulfate (APS, MilliporeSigma), lithium phenyl-2,4,6-
trimethylbenzoylphosphinate (LAP, MilliporeSigma), liquid
fluorescent ink (Sharpie), and de-ionized (DI) water. This
solution was prepared, 0.22 um filtered, degassed for at least
20 min, and then transferred to a syringe. After droplet
generation and ultraviolet (UV) curing, MPs were washed
three times with filtered 0.1% (by volume) Triton X-100
(MilliporeSigma) in DI water, followed by three washes with
filtered DI water, and set aside to hydrate for at least 72 h
before characterization. Particle size was determined from
fluorescent microscopy images. Particles were dispensed on a
glass coverslip and left to settle undisturbed before imaging.
Images were then analyzed in Image] to calculate diameter
from the cross-sectional area of the particles using the
calibrated image pixel size. Elastic moduli were measured
with atomic force microscopy (AFM) indentation. Particles
were dispensed onto plasma-treated coverslips and allowed
to settle and adhere for 15 minutes before indenting (1 to 2)
um with a 0.03 N m™" cantilever tipped with a 5 um diameter
polystyrene (PS) bead. Elastic moduli were calculated from
the resulting force vs. indentation curves using a modified
Hertz model.”®”°

Cell culture, staining, and characterization

MG-63 osteosarcoma cells (ATCC) were grown in Minimum
Essential Medium Eagle (MEM, Cellgro) supplemented with
10% (by volume) fetal bovine serum (Zen-Bio) and 1%
penicillin-streptomycin (Hyclone). Living cells were stained
with 0.1 umol L™ calcein AM (MilliporeSigma) for 15 min at
room temperature prior to cytometry experiments. Cell
viability before and after processing was determined by
staining cells with trypan blue (Gibco) and counting on a
hemocytometer before and after cytometer runs.

Mechanophenotyping fluorescence cytometer (MFC)
fabrication

Device  fabrication  followed  previously  described
procedures.®® In brief, templates for both the top and bottom
layers of device features were created using photolithography
on silicon wafers as previously described. These molds were
then cast in 1:10 (crosslinker:base by mass)
poly(dimethylsiloxane) (PDMS) (Sylgard 184, Dow Corning),
and the top and bottom layers were cut out, punched with 1
mm inlets, and joined together following transfer of a thin
spin-coated layer of PDMS crosslinker onto one layer.
Features were aligned under a microscope and then cured for
1 h at 70 °C. To mitigate light leakage, black PDMS (Sylgard
170, Dow Corning) was filled into channels alongside the

This journal is © The Royal Society of Chemistry 2026
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waveguides and microfluidic channels of the MFC.
Waveguides were filled with optical adhesive (Norland 88,
Edmund Optics), followed by insertion of optical fibers (0.1
numerical aperture [NA], 105 um core size for excitation and
0.22 NA, 105 pum core size for detection) and curing in place
with 1 h of UV exposure by lamp (365 nm). Finally,
waveguides were cured with 4 min of UV exposure by laser
(375 nm, 30 mW power) directed through each fiber. Syringes
were filled with sample and sheath fluids, mounted in
pumps, and coupled to the MFC with fluorinated ethylene-
propylene tubing (0.762 mm inner diameter [ID], 1.58 mm
outer diameter [OD]) inside of a flexible tubing sheath
(1.58 mm ID, 3.175 mm OD) to reduce the effects of external
vibrations on flow and performance. The tubing was fitted
with 21-gauge blunt-tip needles that were inserted into the
device inlets. The design iteration reported on here consisted
of four sheath fluid inlets (to volumetrically partition sheath
fluid “above”, “below”, “left”, and “right” of the sample core)
and one sample inlet that converge into a 40 uym X 80 um
rectangular main channel. Channel dimensions were chosen
to accommodate typical cell sizes of 5 to 20 um and to reflect
a 2 to 1 aspect ratio for effective inertial focusing.®®*° The
main channel passes through four interrogation regions,
each with waveguides to deliver laser excitation or to collect
fluorescence emission and forward-scattered signals (Fig. 1A).
Additionally, to facilitate imaging of particle streamlines, the
device contained two expansion regions with a 4x increase in
channel width, located after the first interrogation region
and just prior to the device outlet. While this design
incorporated two different excitation beam-shaping strategies
for the laser, the study here focuses on regions 3 and 4 of the
device, which feature a waveguide design for a step-function
profile (Fig. 1B).

Sample and sheath solution preparation

For non-biological samples, sheath fluid was prepared as
0.1% (by volume) Triton X-100 (MilliporeSigma) in DI water.
Sample solutions with PS and/or PA MPs were prepared in
0.1% (by volume) Triton X-100 in DI water and adjusted to
or near neutral buoyancy using OptiPrep Density Gradient
Medium (MilliporeSigma). Biological samples were prepared
in Hank's Buffered Saline Solution (Cytiva) with 18% (by
volume) OptiPrep. All samples were spiked with 15.25 pum
Dragon Green fluorescent PS microspheres (Bangs Labs) as
a reference control and filtered through a 40 pm cell
strainer before loading into a 1 mL glass syringe. The four-
way sheath fluid was used to hydrodynamically focus the
sample into a tight core. The lateral position of the core
was set off-center of the channel to align with a stable
inertial node of the PS MP control, determined by adjusting
the ratio of left to right sheath flow rates until real-time
metrics were optimized.®® For data presented here, a 3x to
25x% ratio of left to right flow rates was used, with the
sample flow rate at 2%, and the above and below sheath at
5%, Total flow rates of either 40 puL min™' or 80 pL min™'
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(A) MFC channel and waveguide schematic, where sheath fluid lines are red, sample inlet is purple, laser excitation is blue, fluorescence

emission is green, and forward scatter/transmission is light blue. Spacing between interrogation regions is ~11.8 mm. TOF is the travel time from
one region to the next. (B) Interrogation region in device featuring waveguide and lens (left) used in regions 1 & 2 and waveguide-only design
(right) used in regions 3 & 4. Scalebar is 200 um. (C) Spectral time-series analysis workflow of cells (red) and rigid PS particles (blue): 1. particle
signals are windowed from the background data and centered, 2. scale transformations are applied to match signal velocities and intensities to
reference curve, 3. signals are further collapsed onto the reference in Fourier space and converted back to time series, showing the remaining
differences in signal shapes, 4. Fourier transform of the transformed and collapsed signals.

were used for mechanophenotyping experiments. The
strength of inertial effects on particles can be characterized
by the particle-based Reynolds numbers (Re,), which takes
the ratio of inertial effects (from particle size and particle
velocity relative to the fluid) to the viscous effects.
Specifically, we define Re,, as

a )2 _pUmath(a )2
Dh H Dh ’

where a is the particle diameter,

Re, = Re(

Dy, is the hydraulic

diameter, p is the density of the fluid and g is the dynamic
viscosity, and Upax is the maximum velocity.68 Here, Reps
are 1.9 and 3.9 for the lower and higher flow rates,
respectively. Samples were prepared at concentrations that
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targeted event rates between (1 and 30) s™* in the MFC to

reduce particle-particle interactions in flow.

Particle position imaging and analysis

For particle streamline measurements, we collected images
in a region of the chip with an approximate 7.5-fold
expansion in channel width, which causes total flow to slow
down and particle streamlines to separate, allowing for better
visualization. Particles used in this portion of the study were
all approximately the same size, nominally 20 pm, and were
not used for MFC data collection or calibration because they
were fabricated without 488 nm excitable fluorophores.
Populations of different elastic moduli were each run

independently in the device. Flowing particles were

This journal is © The Royal Society of Chemistry 2026
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illuminated under phase contrast microscopy, and videos
(approximately 110 s frame rate; pixel size of 0.69 um) were
recorded by a complementary metal-oxide-semiconductor
camera. Images were background subtracted by a temporal
median. The background was further suppressed by
morphological processing with a structuring element
diameter of 30 um, facilitating the segmentation of the
particles by manual intensity thresholding. Particle centroids
were measured from circles fitted to each segmentation.

Signal acquisition

A 488 nm, 200 mW diode laser was used to illuminate
particles or cells. Fluorescence emissions were optically
filtered with a (500 to 540) nm bandpass filter and then
collected by photomultiplier tubes, and transmitted light was
filtered and collected by silicon photodetectors. These signals
were then digitized by a data acquisition card at 2 x 10° s™*
and processed by signals analysis routines, as described
previously (Fig. 1C).°*®° Importantly, data containing
detected events were extracted, processed, and saved in their
entirety, and segments of the data stream without any
triggered events were discarded. Additionally, TOF and per-
particle fluorescence and scatter imprecision were calculated
after serial events were matched using the previously
described forward-projection time subdivision method, which
predicts particles’ TOF from one region to the next, matching
the signal from an upstream region to the signal that falls
within the particle's projected arrival timeframe at a
subsequent region.®®

Mechanophenotyping

Following data collection, each population (PS MP control
and experimental population) was gated manually by
fluorescence signal height and area using a generous gating
approach in which likely outliers were included, but obvious
doublet populations were excluded. For the TOF approach,
TOF was determined as the difference in timestamps of
matched same-particle events from one serial interrogation
region to the next. To control for run-to-run variation, the
median TOF between regions of the control population was
used as the reference TOF for that experimental run. The
percent increase or decrease in TOF of each experimental
particle was made relative to this reference and referred to as
TOF,.. For analysis of the fluorescence signals themselves,
post hoc analysis described previously was performed on the
data sets to extract the instantaneous velocity and relative
diameter of particles as they passed through each laser
interrogation region.®® Once again, the control population
was used as a reference for this analysis. While instantaneous
velocity and TOF are both affected by particle
mechanophenotype, TOF is an average over time, whereas
instantaneous velocity is more likely to be affected by
random error, like any momentary disruptions of particle
equilibrium. Thus, we found that TOF was a more accurate,
sensitive, and robust metric. Analysis of instantaneous

This journal is © The Royal Society of Chemistry 2026
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velocity data can be found in the SI section. Variation
between measurements of all particles in a population and
variation within the repeat measurements of single particles
were quantified. Relationships between measured TOF and
particle size and elastic modulus were calculated through
regression analyses of PA MP data. While this study used a
4-region device, we will be focusing on data collected after
region 2 of the device, which includes two sets of signals
analysis data (from regions 3 and 4) and two sets of TOF data
(region 2 to 3 and region 3 to 4). Particles are assumed to
have finished migrating to their equilibrium positions by
these later regions. Additionally, this design includes a
channel expansion between regions 1 and 2, which affects
flight path and, in concentrated samples, increases the risk
of particle interactions, therefore impacting TOF. Data from
regions 1 and 2 are included in the SI section.

Data analysis

Cytometer data was collected in at least three runs for each
experimental MP lot, with each collection containing
thousands of events per region. Events that were not matched
to one particle across all four regions were discarded along
with outliers, which were identified as values within the
relative population data that fell outside three median
absolute deviations in the TOF and velocity data. Most of
these outliers were particles with improbable values, likely
due to event matching errors or collisions. For each region of
TOF data, outliers accounted for less than 2% of the total
data. Because particles with outlier data in any given region
were discarded for all 4 regions, this totaled about 7% of
events. Data were then analyzed on both the population level
from region to region and within the repeat measurements of
individual particles. Any reported upper adjacent values are
equivalent to the upper whisker of the box-and-whisker; in
other words, this is the largest data point that does not
exceed the value of the third quartile plus 1.5 times the inter-
quartile range (IQR). Population metrics are reported as
mean + standard deviation throughout. Reported p-values are
from paired ¢-tests.

To test the hypothesis that TOF can be used to estimate
elasticity, we fit the mean time-of-flight data to a model of
the form

ca

E =
i-vu,
T

(1)

where E is the elastic modulus, d is the distance between
interrogation regions, t is the particle TOF, U, is the far-field
fluid velocity, a is the particle diameter, and ¢ is a free
parameter that characterizes coupling between elasticity and
the flow shear. While an in-depth derivation of this model is
provided in the SI, eqn (1) is based on a linear-elasticity
approach proposed by Tam and Hyman, which assumes that
the particle deformations and Reynolds number are
sufficiently small.*" The free parameter ¢ was determined by
a least-squares fit of the TOF to eqn (1), given the previously
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measured mean particle sizes and elasticities associated with
each population.

We anticipate that eqn (1) does not completely capture the
TOF-elasticity relationship, although it should provide a
semi-quantitative approximation that describes the data to
within reasonable accuracy. Development of an improved
model is reserved for a subsequent manuscript. To better
account for any systematic model-form error associated with
eqn (1), we also fit the residuals using Gaussian process
regression (GPR),** which leads to a modification of eqn (1)
having the form

ca
=q-
T

E + €cpr (2)

0

where E€gpr is the Gaussian process correction term. This
approach has the added benefit of considering the
uncertainty in the mean modulus and particle diameter for
each population. Details of the GPR are also provided in the
SI. Finally, we note that given the per-particle TOFs and
estimates of radius from previous analysis,*” we can invert
eqn (2) and solve for the elasticity, accounting for
uncertainties via the GPR, which yields

d -1
E=ac (— —UOO> (3)
7~ EGpr

Results
PA MP population metrics

Microparticle lots were created across a range of sizes and
elastic moduli. For MFC data collection and calibration, we
focused on 4 lots of similar elastic modulus but varying sizes
and 5 lots of similar size but different elastic moduli. Lots
were chosen based on physiological relevance. The lots with
similar elastic modulus all had AFM-characterized elastic

Hypercompliant microparticle lot size and stiffness distribution
Or
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moduli between 1 kPa and 2 kPa, with mean diameters of
(8.9 + 0.8) um for the smallest lot up to (23.2 + 3.0) um for
the largest lot. For lots of similar size, mean particle
diameters ranged from 12 yum to 13 pm, with the softest lot
at elastic modulus (0.13 + 0.04) kPa and the stiffest lot at
elastic modulus of (9.1 + 0.3) kPa (Fig. 2). While reported CVs
for elastic moduli are influenced by the inherent error and
variability of AFM measurements, CVs for the 9 different lots
ranged from 4% to 39% for elastic moduli and were less than
or equal to 15% for diameter except for the 7 kPa lot, which
had a CV of 26% for diameter.

Mechanophenotyping: particle drift

As a proof of concept to observe streamline drift, we
measured positions of particles of similar size (nominal
20 pm diameter) but different elastic moduli (as
characterized by AFM) across the width of the channel
(Fig. 3A). While the expansion poses an increased risk of
particle-particle interactions at the expansion inlet, images
generally captured only one particle entering and passing
through the expansion region at a time with our prepared
sample concentrations. Rigid polystyrene particles remained
tightly aligned with the focus streamline (mean distance of
(0 + 2) um from the focus), whereas highly deformable MPs
((0.7 + 0.1) kPa) had migrated to streamlines closer to the
channel center, (57 + 24) um from the focus (Fig. 3B). Of
the two intermediate particle populations, the higher
modulus population had a much greater variability in
modulus ((5.2 + 1.9) kPa) compared to the more elastic
population ((2.5 + 0.2) kPa). Although the drifts of these
populations were not significantly different at limited image
resolution and sample size, we found that the variability in
population drift reflected the trend in elastic modulus
variability, at (8 + 7) um and (9 + 6) um, for the 5.2 kPa
and 2.5 kPa populations, respectively (Fig. 3B). All other
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Fig. 2 Distribution of microparticle lots as characterized by atomic force microscopy (elastic modulus) and microscopy (size).
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differences in drifts were significant at a significance level
of 5%. Given that the population under 1 kPa had a drift
that was much greater than that of particles 2.5 kPa or
higher, the sensitivity of this method may be better at lower
—and physiologically more common—elastic moduli. Across
the entire chip, the increased flight pathway required for
particles to drift is minimal relative to the overall length of
the straight, unexpanded device channel, meaning that
greater drift toward higher velocity, more central
streamlines should result in reduced TOF along the chip.
Barring differences in AFM- and microscopy-characterized
population variability, real-time inter-region velocity CV
during these experiments was higher for softer particle lots,
a sign that the inertial node of those particles was farther
from the chosen focus streamline of the rigid PS MPs
(elastic modulus on the order of 1 GPa). This observation is
discussed further below.

Mechanophenotyping: time-of-flight

After visually confirming that with decreasing stiffness,
particles move to faster streamlines that are closer to the
center of the channel, we compared time-of-flight
measurements for characterized particle lots.
Characterization of TOF metrics. The consistency of the
device and TOF approach was investigated by monitoring
changes to the TOF distribution for the control population of
15 pm PS beads from each run. For a perfect device using
particles with no variation in size, the population distribution
should have a consistent mean TOF,. with a TOF,, CV that
is representative of the measurement repeatability. After
pooling all runs, we found that the control population, with a
small variation in diameter (manufacturer-specified 4.4%
CV), had a TOF,, CV of only 0.7% at any region. For any

This journal is © The Royal Society of Chemistry 2026

individual data collection run, the largest deviation of the
control population from ideal was a median TOF,, of 0.3%;
no other median value exceeded 0.2%. Population CVs for
individual data collection runs did not exceed 1.0% CV for
the regions analyzed here.

After confirming that the instrument-induced variations in
velocity variation were well controlled, the TOFs for the
elastic MP formulations were analyzed. Comparing runs of
the same particle lot, the largest difference in median percent
decrease TOF was 0.72% (1.7% median versus 0.98%
median), indicating good reproducibility.

Grouping the same particle lot runs together, we found
that, as expected, the change in TOF relative to the control
population was dependent on particle lot size and elastic
modulus (Fig. 4A). Population TOF CVs were between 0.6%
to 2.5%, and the CVs were correlated (R* = 0.80 to 0.82)
with the variation in elastic modulus within the particle
lots themselves. For example, the lot with the most elastic
modulus variation at (0.34 + 0.13) kPa (39% CV) had the
most TOF measurement variation (2.5% CV). Likewise, the
lot with the least stiffness variation at (9.1 + 0.3) kPa had
the least TOF measurement variation (0.8% CV). In
contrast, particle lot diameter CVs were not correlated to
the TOF CVs (R®> = 0.04 to 0.13). The separation of TOF
results for particles of similar size but different elastic
modulus, or particles of similar elastic modulus but
different size, was significant (p < 0.0001) for almost all
lots at all regions, excluding 1.8 kPa vs. 1.3 kPa lots from
region 2 to 3, which were not significantly different from
one another. The mean 1.3 kPa lot, though softer than the
mean 1.8 kPa lot, was also smaller, with an 8.9 um mean
diameter compared to 12.2 um diameter, respectively.
Therefore, the effect of the elastic modulus difference
between these two lots may have been negated by the effect
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of the diameter difference. This will be addressed further
in the next section.

As indicated by the measurements, the precision of the
TOF method correlated strongly with the CVs on single
particle across the three sequential
measurements of TOF. For the control particles, across all
runs and all regions (including region 1 to 2 TOF), the per-
particle TOF CVs were under 2.5%, with the upper adjacent

measurements

Lab Chip

value being just under 1.4% CV, showing great precision. The
experimental lots had more variation between single-particle
measurements, although all median per-particle precisions
were still 4.1% or less (Fig. 4B). This is less than half the
variation we recorded in repeated AFM testing of single
particles (Fig. S24). Particles that were more similar in size or
elasticity to the focused control population tended to have
lower per-particle CVs. For the softest particle lot with the

This journal is © The Royal Society of Chemistry 2026
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highest variation in per-particle measurements, the upper
adjacent was less than 6.4% CV per-particle. Excluding
outliers, where individual TOF measurements were not
physically possible and likely resulted from matching errors
or particle-particle interactions and accounted for about 2%
of data points per region, no particle had a CV greater than
7.9%. Out of nearly 50 000 particles, fewer than 1000 particles
(<2%) had a per-particle CV over 5.0%.

Dependency of TOF on size and elastic modulus. Across
PA MP lots of similar size and different elastic modulus, the
low modulus lots had a greater decrease in TOF,.; compared
to higher modulus lots. The two lots over 5.0 kPa had
relatively similar TOFs, whereas we saw larger differences in
TOF, or more sensitivity, for very deformable lots under 1.0
kPa. The distribution of TOF,, as a function of elastic
modulus suggests a log-linear relationship. In contrast, the
TOF effect seems to increase roughly linearly with size, at
least within this physiologically relevant range. While the
elastic modulus is positively correlated with TOF (higher
modulus particles have a longer TOF), size is negatively
related (larger particles have a shorter TOF). We can see that
these two mechanical properties are convolved with one
another, as a higher modulus, larger size and a lower
modulus, smaller size can result in similar overall TOF,
values.

Mechanophenotyping: spectral time-series analysis (STA)

We used the raw signal shape collected at each of the four
interrogation regions to estimate instantaneous velocity and
relative particle size.®>”® In the device iteration used in this
study, the waveguides for focusing the laser differed between
the first two and last two regions. The first two regions had a
waveguide and lens design that produced a light beam with a
Gaussian profile; in contrast, the last two regions had a
waveguide design whose resulting beam had a step function
profile. We found that the Fourier space analyses of the raw
signals from the first two regions were less accurate at
estimating instantaneous particle size (when compared to
microscopy) and velocity (when compared to TOF). For this
reason, STA data reported here will focus on regions 3 and 4.
The same clusters that were used in the TOF analysis were
used for each experiment in the spectral time-series analysis.
As previously mentioned, TOF, being robust to random error,
is more representative of equilibrium particle speed than
instantaneous velocity, so we will focus on STA of size rather
than velocity here.

Characterization of STA metrics: estimated relative size.
From the raw signals, we extracted estimated relative particle
diameter. Using the 15.3 um control particle as a single point
calibration reference, estimates of population diameters
ranged from a median of 9.3 pm to 20.7 pum, whereas
microscopy results characterized these particles as (8.9 + 0.8)
um and (23.2 + 3.0) um. At region 4, the standard deviation
of the actual size overlapped with the population median
estimate for all lots (Fig. 4C). Even so, particles that were
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larger than the control had the poorest estimates relative to
microscopy values. Light obscuration data was also collected;
however, these highly compliant microgels are translucent,
lack contrast in refraction index from the media, and
resulted in low signal-to-noise forward scatter pulse signal
compared to polystyrene particles or cells.

Dependency of STA on size and elastic modulus. Because
apparent particle size could be impacted by deformations in
shape, we first checked for correlation between estimated
size and AFM-measured elastic modulus. Fortunately, there
did not appear to be a strong relationship between the
externally measured elastic modulus and the STA estimation
of size, although particles of elastic modulus over 5.0 kPa did
appear to have slightly more accurate size results. Comparing
diameters measured externally to the STA results, larger
particles according to microscopy characterization had less
accurate estimations of size by STA, with only the upper
adjacent value of the largest lot's cytometry result overlapping
with the lot's mean size. In contrast, the mean size of particle
lots <13 pm all overlapped in the interquartile range of the
lot size estimations.

Combined methods and deconvolving size

To deconvolve the effects of size and elastic modulus, we
coupled the relative size outputs from STA with TOF,. values.
The physics-based GPR described above was trained on mean
calibration lot values of elasticity, particle diameter, and
TOF, to yield a general relationship for individual particle
elasticity as a function of particle TOF and diameter values
(Fig. 5A). Here, we coupled STA of size at regions 3 and 4 with
the TOF,, values from region 2 to 3 and region 3 to 4. GPR
was also used to calculate confidence intervals for predicted
particle elasticity (Fig. 5B). While this approach was also
attempted using region 1 to 2 TOF data, we saw strong
inconsistencies for lower elastic modulus data as expected
from our hypothesis that the channel expansion thwarted
accurate equilibrium velocity measurements or particle
migrations were incomplete at that stage. In general, there is
excellent agreement between cytometer measurements of
size/modulus of particles and their externally measured
values. In general, there is excellent agreement between
cytometer measurements of size/modulus of particles and
their externally measured values. The discrepancies that did
exist were primarily in particles that would have the greatest
deviation from the rigid PS MP control, at the lowest range of
modulus and the highest range of size. For example, particles
that measured larger by microscopy appeared smaller by STA
(red and pink in Fig. 5B). Overall, we can estimate both size
and stiffness on a per-particle basis in reasonable agreement
with orthogonal measurement approaches of AFM and
microscopy.

Human cells

To validate the method with a living sample, live calcein-AM-
stained MG-63 osteosarcoma cells were tested. Viability of the
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cells before and after testing was over 90%, indicating good
cell health under the flow conditions and making
downstream analyses/applications possible in the future.
Fluorescing viable cells were gated for analysis. TOF results
were normally distributed with a 2% to 3% CV for the
population. The size estimation from the STA was fairly
accurate, with (16.3 + 3.0) um from microscopy compared to
an estimated (16.6 + 7.9) um at region 4. Given a larger
sample size and greater possibility for outliers and doublets,
the median + IQR from this data was an even more accurate
match at (16.3 + 5.4) um. The 2nd and 3rd quartiles of the
estimated diameters also matched well with one standard
deviation of the characterized size. Using these estimated

Lab Chip

sizes as inputs to the regressions from cell-like particle
testing, the resulting elastic modulus estimations using the
GPR were (1.8 + 1.8) kPa compared to AFM characterization
of the cells at (0.9 + 0.6) kPa (Fig. 5C). However, an important
aspect of this model is its quantified uncertainty. When
model error is considered, the results do fall within 1
standard deviation of the AFM measurements. It is worth
noting that a preliminary model using a log regression rather
than the physics-based equation estimated the cell
population at (0.9 + 0.5) kPa. Although this model was
replaced with the GPR model because of better alignment
across the wide range of physiological values, this simple log
regression may prove more accurate for mid-range

This journal is © The Royal Society of Chemistry 2026
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physiological data until further adjustments are made to the
GPR model.

Discussion

In this study, we demonstrated that this serial cytometer can
measure particle size and elastic modulus in a physiologically
relevant range using a combination of time-of-flight and
analysis of the fluorescence signal. Additionally, because each
measurement is repeated, we can quantify the uncertainty of
each measurement on a per-particle basis. Inertial focusing
gives a stable TOF for particles of target characteristics, but
differences in size and elasticity lead to drift. Thus, while we
expect very low CV for the focused rigid control particle, a
change in CV is expected for experimental particles. We
found the TOF per-particle measurement CVs to be 8% or
better for all particles, with over 98% of particles having
under 5% per-particle CV. Reproducibility run-to-run was also
very high when using rigid polystyrene particles as a control
and reference (CV < 3%). We were able to accurately estimate
particle size from the raw fluorescence signals and then use
that size estimate in a model fit to calibration particles to
deconvolve the effects of particle mechanics on TOF, thereby
providing a measurement of particle elastic modulus.
Measurements in the device aligned well with standard
orthogonal approaches and were made for particles that
covered a range of physiological values.

We were able to apply this approach to the MG-63 cell
line, measuring the fluorescence of the calcein AM viability
stain along with size measurements from our device that
aligned almost exactly with measurements obtained using
current traditional approaches, with the added benefit of
repeated measurements, increased throughput, and the
ability to simultaneously measure a fluorescent biomarker.
While the GPR model results for elastic modulus in this cell
population were not as well matched to the AFM and
microscopy estimates, our preliminary log-based model
showed general agreement with standard approaches using
reference particles. This information will direct future work
to refine our model for live samples. Additionally, we
confirmed cells remained viable, indicating limited damage
to the cells during processing and enabling downstream
analysis of cells in the future. Overall, we have independently
determined size and stiffness with error quantification on a
per-particle basis at a high degree of resolution, precision,
and reproducibility, and at improved throughput as
compared to AFM.

This work builds on previous reports with the serial
cytometer to characterize and reduce measurement variability
and to retrieve high-resolution particle information,
including size and elastic modulus, from fluorescence
signals.®®”° The approach taken here also combines methods
supported by other microfluidics models and research.
Inertial focusing of particles based on size or elastic modulus
in a rectangular flow channel has been modeled and shown
to be an effective sorting method in microfluidic devices.”*”””
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Equilibrium velocity of particles in microflows, measured
using methods like spatially modulated emission,”® has been
shown to relate to both particle size and elastic modulus.””
In those studies, larger and more deformable particles are
consistently shown to migrate onto faster velocity streamlines
toward the channel center.®? However, most
mechanophenotyping devices, whether using inertial
migration or direct imaging and measurement of particle
deformation, fail to support fluorescence measurements of
biochemical markers. As discussed earlier, the only other
devices, to our knowledge, to combine size and elastic
modulus in conjunction with fluorescence measurements are
limited by a dependence on high-speed imaging and high-
viscosity fluids and by a lack of error quantification.®® In
future studies, we plan to expand on the fluorescence
capabilities of the device to compare mechanophenotypes
among cells of different types and states.

While the prospect of high-throughput, flow cytometry-
based mechanophenotyping is promising, the proposed
method in this study was not without limitations. This study
did not examine a small fraction of particles whose events
could not be matched at all regions of the chip or exhibited
outlying TOF or instantaneous velocity. Such particles could
be rare mismatches from the particle matching algorithm,
which we have previously shown encounters ambiguity in
particle matching at high velocities and particle event rates.®®
Alternatively, the outlier events may be particles being
dynamically influenced by inertial particle-particle and
particle-fluid interactions, which would result in disruptions
to the equilibration of velocity. Future studies aiming to
account for these resolving particle dynamics may add
insight into new optimizations to our mechanophenotyping
approach.

Initially in our microfluidic system, the variables of
particle size and deformability are completely convolved
together in TOF. By combining known calibration values and
STA size estimates, we can begin to decouple the impact of
these variables on TOF to create our model. Ideally, fully
validating this system requires precise, per-particle ground
truth measurements for each of the particle properties.
However, AFM deformability and microscopy size
measurements could only be used as population-wide
characterizations, which were further subject to sizable
uncertainties. Discrepancies between estimated size and
modulus in our model compared to standard measurements
tended to occur at the lowest range of elastic modulus and
the highest range of size, where our model underestimated
size or overestimated stiffness. Errors in size and velocity
estimates—whether due to instrumentation and design
limits, like particle size relative to excitation beam width, or
random error, such as tumbling/deformations altering the
perceived particle size—will also lead to a less accurate
modulus estimation. Additionally, our model of modulus
may be skewed in the fitting process, for example, due to
data from higher elastic modulus particles where modulus
appeared insensitive to TOF. Cells and particles, despite being
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of similar size and stiffness, may behave differently in flow due
to internal structure and may require separate models for the
greatest accuracy. Novel methods for per-particle characterization,
including ultra-high-speed imaging, may aid future refinement of
the models we propose here. Furthermore, future models of
modulus may be refined by weighting the model fit according to
the uncertainty in the dependent factors.

The device used in this study consisted of 4 separate
interrogation regions, each one collecting spectral time-series
traces of both fluorescence and transmitted light, but
experimental aspects of the design limited our analysis here
to only some of the replicate measurements. We now know
that the step function profile in the latter 2 regions of the
chip is preferred to the Gaussian profile when conducting
STA. Additionally, several small changes could greatly
improve TOF measurement. Change in TOF could be made
more sensitive with a longer distance between regions that
increases the flight path of particles. TOF in all regions could
be used if particles are provided a greater migration
equilibration time prior to the first measurement and if
channel expansions that complicate TOF with non-linear
streamlines are removed.

While established serial cytometry methods provide access
to time-averaged particle velocities over centimeter-long
trajectories, the STA we applied in this work offers
instantaneous velocities within less than a millimeter of
travel. We chose to focus on time-averaged (TOF) over
instantaneous velocity to measure elastic modulus because of
the wider spread in instantaneous velocity data within
particle lots and inaccuracies due to added uncertainty by the
simultaneous estimation of particle metrics in STA. However,
future work to rectify or combine both types of velocities may
improve mechanophenotyping precision.

An advantage of STA was the ability to measure relative
particle size for particles such as microgels with insufficient
light scattering for conventional sizing via forward scattering;
however, fluorescence data was required. In cells, the size
estimate may be improved by including scattering data for
these analyses, and size and elasticity estimates could even
be made in a label-free sample. Further refinements to both
the STA and the chip design, like optimizing signal
windowing and reference signal selection, or rendering all
four regions usable for the size estimation by altering the
excitation beam profile, should improve the robustness and
precision of particle size estimates.

Conclusion

The device and method described here increase the precision,
confidence, and consistency of single-cell or -particle
mechanics measurements while vastly improving throughput
as compared to the standard methods of AFM and microscopy.
We have overcome a major limitation of similar experimental
devices that require high-speed cameras to decouple size and
elastic modulus effects or use high-viscosity fluids and harsh
flow conditions. In fact, this device uses fluids like buffered
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saline and requires no imaging to decouple cell size and elastic
modulus. This approach does have a limit on throughput due
to the possibility of particle-particle interactions in more
concentrated samples, but this limit is three orders of
magnitude greater than that of mechanophenotyping with
AFM. Further investigations covering a broader range of
physical properties will be conducted to improve the
estimation of particle size from raw signals, an essential step in
accurate calculations of elastic modulus. While fluorescence
was only used here to generically label particles, we plan to
utilize fluorescence for cell-type- and -state-specific biomarker
measurements in heterogeneous clinical samples. This will
allow connections to be made between cell elasticity and cell
biomarkers on a single-cell basis, an as-yet challenging task,
shedding light on the understanding of cell health and disease.
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