Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

ROYAL SOCIETY
PN OF CHEMISTRY

Lab on a Chip

View Article Online

View Journal

Nanomembrane-based microfluidic platform with
embedded electrical pressure transducer for on-
chip nanoparticle quantification

{ '.) Check for updates ‘

Cite this: DOI: 10.1039/d6lc00071a

Zachary Morris,®® Juliana Chawich,® Owen Perreault,® Simon Chewchuk,?
Kate Gragg, @22 Vincent Tabard-Cossa,?”
James L. McGrath @€ and Michel Godin @ *@°

Accurate quantification of nanoparticle concentration is important in a host of fields, particularly in
nanomedicine, electronics, and catalysis. Microfluidic systems present an opportunity to develop low-cost
tests for nanoparticle quantification but often suffer technical challenges related to small sample volumes and
optical interference from materials used to construct the device. Here we introduce a microfluidic device that
integrates an ultrathin silicon nitride nanoporous membrane (nanomembrane) with an on-chip pressure
transducer, designed to precisely quantify nanoparticle concentrations within a microfluidic device using an
electrical readout for quantification. As nanoparticles are captured by the membrane under pressure-driven
flow, the pressure differential across it changes and is measured by an on-chip transducer. The pressure
transducer utilizes a thin PDMS membrane that deflects under pressure to change the cross-section and ionic
flow resistance of an adjacent channel. This enables the determination of nanoparticle concentration by
analysis of the kinetics of trans-membrane pressure changes relative to particle blockage of the
nanomembrane. We also propose a statistical model of partial blockage and particle caking in nanoporous
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membranes, which accounts for distributions in pore and particle sizes. This model provides a more detailed
understanding of nanoparticle filtration behavior and the kinetics of nanopore blocking, enabling accurate
DOI: 10.1039/d61c00071a concentration determination. Experimental validation of the model on the data acquired by the microfluidic
device demonstrates a lower limit of detection on the order of 108 particles per mL, offering a versatile, non-

rsc.li/loc optical approach for the in situ quantification of nanoparticles in a microfluidic device.
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1. Introduction

With recent advances in materials science and chemistry,
nanoparticles have been synthesized in a variety of shapes
and sizes with remarkable uniformity.””> More importantly,
these nanomaterials have emerged as a new generation of
functional building blocks beyond conventional chemicals,
and are being incorporated in a variety of agents and devices,
enabling exciting opportunities in electronics, photonics,
energy, catalysis, and medicine.>” In most applications,
knowledge of the nanoparticle concentration in suspension is
essential. While nanoparticle quantification in bulk solutions
(uL-mL) is well served by optical and particle-counting
methods,® quantifying nanoparticle concentration inside
microfluidic devices (nL-pL) remains a critical unmet need.
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At the macroscale, optical methods such as UV-vis
spectroscopy,” turbidimetry,” and dynamic light scattering
(DLS)? are among the more commonly used techniques to
quantify the concentration of nanoparticles in solution. These
approaches involve measuring the intensity of light upon
absorption or scattering by a population of nanoparticles.
However, they rely on knowledge of the extinction/scattering
coefficient or employing a reference sample with a known
concentration. Flow cytometry is one of the most commonly
used techniques for detecting and quantifying particle
concentrations, offering high sensitivity, precision, and rapid
data acquisition, making it suitable for high-throughput
analysis."” However, flow cytometry has some limitations,
including high costs for equipment, maintenance and reagents.
Furthermore, the need for skilled operators, and challenges
with analyzing data generated from submicron particles or
those with low refractive indices also complicate quantification,
especially within a microfluidic device where low sample
volume, optical interference, and short optical path lengths
becomes a significant challenge."’ Additionally, sample
preparation requirements, such as labeling with fluorescent
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dyes, can introduce variability and complexity to the process.
Fluorescent labeling is especially ineffective in microfluidic
systems as the fluorescence output is determined by the
number of particles that have been labeled, which presents a
challenge at low concentrations and in small sample volumes.
Laser-induced breakdown spectroscopy is another method that
relies on measuring the plasma generation from nanoparticles
in a suspension.'” It has a wide application for a variety of
particles of different sizes, but a continuous wave laser system
is required to ensure breakdown of nanoparticles in an
aerosolized sample. Resistive-pulsed sensing,'® single particle
inductively coupled plasma-mass spectrometry (spICP-MS),"*
and light scattering particle counter provide concentration
information based on the signal pulses from a sensor and a
standard reference sample is usually required for calibration,
unless sample volume and nanoparticle detection efficiency can
be accurately determined. Lastly, while microscopy techniques
enable direct visualization of nanoparticles on a surface, it is
critical to ensure unbiased counting as the number of
nanoparticles in one image may not represent the overall
density of nanoparticles in solution.'”

Nanofabricated porous membranes have shown great
potential for the capture and size-selective analysis of
nanoparticles."®'” These membranes, characterized by their
nanoscale pore sizes, are particularly useful in flux filtration
and particle capture, enabling precise control over the
separation of various components in a mixture.'® Ultrathin
nanoporous silicon nitride (NPN) membranes have particular
advantages for membrane-based ultrafiltration of solutions
in microfluidic settings due to the tunable, macromolecular
scale of both the pore sizes and thickness, the high pore
density (>10"° pores per cm?), the chemically inert nature of
silicon nitride, and the optical clarity of the membranes.'®>°
The exceptional hydraulic permeability of NPN enables
microfluidic flows to operate under manageable pressures,
overcoming a major limitation of dramatically increased
pressure requirements®' when incorporating porous media
into microfluidic channels.

To enable the nanomembrane's use as in situ reporters of
particle concentrations, deterministic models of pore
blockage during pressure-driven particle capture are needed.
Membrane fouling produces non-linear flow and pressure
responses, as each capture event eliminates a path through
the membrane, alters the local flow field, and reduces the
overall hydraulic permeability.*>** Fortunately, these complex
mechanics can be interpreted from the well-established fluid
mechanics of pore fouling during porous filtration. The
membrane science literature teaches that kinetics are
influenced by multiple mechanisms, such as pore narrowing,
complete pore blockage, and particle caking.>® While
traditional models of membrane filtration typically treat the
membrane as a uniform permeable medium, NPN has the
additional challenge of variations in pore sizes. A
mathematical model specifically tailored to account for the
unique properties of the microfluidic system is required to
provide insight to the mechanisms of nanomembrane fouling
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as well as accurate
concentration.

Here, we present a bespoke microfluidic device that
integrates an NPN membrane with an on-chip pressure
transducer, tailored for electrically quantifying the
concentration of nanoparticles in a microfluidic volume. A
sample containing nanoparticles is introduced into the
microfluidic ~ device using pressure-driven flow. The
nanoparticles are captured by the integrated NPN membrane.
Upon nanoparticle capture, the fluidic resistance of the NPN
increases, provoking predictable changes in pressure within the
microchannels. These intra-microchannel pressures are
monitored using the custom on-chip pressure transducer.
Relying on concepts from the field of membrane filtration
science, tracking the kinetics of these pressure changes enables
the determination of nanoparticle concentration. We show that
the kinetics of nanoparticle capture by the embedded NPN is
dominated by two processes: initial nanopore blockage and
subsequent nanoparticle caking on the NPN surface. We also
developed a computational (or in silico) model that accounts for
these two mechanisms to predict the kinetics of the measured
pressure changes within the device upon nanoparticle capture,
providing an ability to quantify the sample's nanoparticle
concentration in the ultra-low 800 fM to 80 pM range of
concentrations.  This  microfluidic  platform offers a
complementary analytical technology capable of sub-picomolar
nanoparticle concentration quantification.

produce predictions of sample

2. Results and discussion
2.1 Device for nanoparticle capture and detection

The principle of the device operation is as follows: a sample
containing nanoparticles is introduced into a microchannel
that leads to an embedded NPN membrane. While
nanoparticles are captured by the NPN, fluid continues to
flow through the partially blocked membrane into another
microchannel below the NPN (Fig. 1).

Under the influence of pressure-driven flow and upon the
introduction of a nanoparticle-containing sample, the pressure
immediately below the NPN membrane varies as a function of
the number of particles captured.”® These pressure changes are
monitored using an integrated microfluidic pressure
transducer. If the system is thought of as an analogous electric
circuit,”® the principle used to measure the resistance at the
NPN is that of the voltage divider.”” Placing the transducer pre
vs. post NPN determines the direction of the measured pressure
change as the NPN is blocked. Higher sensitivity will be
achieved in whichever section of the channel has higher
resistance. A fluidic design with higher resistance was placed
post-NPN for simplicity of fabrication and operation compared
to placing it pre-NPN. This ensures that the fluidic path pre-
NPN could be kept short to avoid dead volume and particle
settling while the post-NPN fluidic path could be lengthened to
increase hydrodynamic resistance.

The transducer is composed of a thin (10-15 pm)
polydimethylsiloxane (PDMS) membrane. When the intra-

This journal is © The Royal Society of Chemistry 2026
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Fig. 1 Microfluidic device overview: (a) cross-sectional view of microfluidic device. As a nanoparticle-containing sample is passed through the
NPN, the membrane’'s 60 nm pores become gradually blocked by the 90 nm particles, which results in a change in the hydrodynamic resistance.
As the flow resistance increases a subsequent change in the pressure gradient across the NPN membrane will occur. As the pressure gradient in
the post-NPN microchannel changes, a thin PDMS membrane will deflect into the transducer microchannel (TC), this will change the cross-
sectional area, and by extension the ionic resistance within the TC. The ionic resistance of the TC is monitored as a function of time using a pair of
Ag/AgCl electrodes in order to track pressure changes post NPN. (b) Analogous electric circuit diagram of the microfluidic device. The device can
be represented as a simple voltage divider circuit. The pre and post NPN microchannels are hydrodynamically analogous to resistors of constant
value in an electric circuit. The NPN can be represented as a variable resistor that increases resistance as it becomes blocked by the nanoparticles.

The signal transducer provides insight into the resistivity of the NPN.

channel pressure below the NPN changes, the PDMS membrane
deflects into a microfluidic transducer channel (TC) filled with an
electrolyte solution (0.1 molar potassium chloride). The TC is
kept at a constant pressure (6.9 kPa), causing all of the PDMS
membrane deflection to be due to changes of pressure within the
post-NPN microchannel. This deflection changes the cross-
section of the transducer microchannel, which in turn changes
the ionic resistance.”**® Variations in the ionic current are
monitored using a pair of electrodes to track the change in trans-
membrane pressure during testing. The deflection of the pressure
transducer's PDMS membrane can be visualized by incorporating
coloured solutions into the TC, as shown in Fig. 2a and b. As
pressure increases in the post-NPN microchannel, the red fluid
in the TC is displaced by the deflected PDMS transducer
membrane, which causes the fluid color to appear lighter.

2.2 Pressure transducer calibration

The integrated pressure transducer was calibrated by
measuring the ionic current in the TC as a function of trans-
membrane pressures. The TC was filled with 0.1 M KCl
solution, and a pair of Ag/AgCl electrodes placed in the TC was
supplied with an AC signal at 28 mV peak-to-peak voltage. An
AC signal was chosen to extend the working life of the
electrodes as surface degradation occurred quickly under DC
conditions and caused the baseline signal to consistently drift.
The current between the electrodes was measured and sent to a
current-to-voltage ~ amplifier. =~ The  amplified voltage
(representative of the current) was sent to a lock-in amplifier to

This journal is © The Royal Society of Chemistry 2026

track changes in ionic current. The NPN channels and TC were
all initially pressurized to 1 psi (6.9 kPa) via the use of digital
pressure regulators (SMC ITV1011-311N). Pressure in the NPN
channels was increased in increments of 0.5 psi (3.45 kPa)
while the TC pressure remained unchanged and the system
was allowed 30 s to equilibrate. The mean pressure transducer
signal was recorded over 15 s at each pressure and error bars
represent the standard deviation of conductance during the
sampling period (Fig. 2c). Linear regression analysis was
performed on the relationship between signal amplitude and
pressure differential between the TC and post-NPN channel to
determine system sensitivity.

Within a range of 0-96.5 kPa, the system demonstrated a
linear response to pressure differential. The sensitivity of the
transducer was determined to be -26 mV kPa™" (Fig. 2c). The
limit of detection (LOD) was calculated to be 0.6 kPa or 0.6%
full scale. When the pressure differential between the post-
NPN microchannel and TC exceeds 96.5 kPa, the system is
expected to experience a non-linear voltage response, as the
transducer's PDMS membrane completely collapses the TC.*
Because the Young's modulus of PDMS is thickness
dependent for membranes thinner than 200 um,** thinner
membranes are expected to lead to higher sensitivity to
pressure changes, at the cost of a lower dynamic range.
However, we avoided using thinner PDMS membranes to
prevent micro-tears in the PDMS. The transducer's linear
response and high dynamic range makes it suitable for
measuring NPN blockage events within the proposed
microfluidic device.
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Fig. 2 Transducer calibration. (a) Measured transducer conductance
response to change in pressure differential across the PDMS
membrane. Data points follow a linear trend (R> = 0.999) visual
demonstration of the PDMS membrane deflection into the TC at a
pressure differential between the post-NPN microchannel [clear] and
the TC [red] channel of (b) 0 kPa (c) 34.5 kPa and (d) 103.4 kPa. The
PDMS membrane's deflection changes the cross-sectional area and in
turn the ionic resistance across the TC, which was measured using Ag/
AgCl electrodes.

2.3 Particle capture and data extraction

Prior to particle capture, an in-test calibration cycle (ITCC)
was used to account for any voltage drift or baseline changes
that could occur during an experiment due to electrode
degradation or the presence of nanobubbles in the fluidic
pathway. In this method, the pressure gradient across the
NPN membrane was first set to zero (stopped flow). The pre-
NPN and post-NPN channels were then simultaneously
brought to a new matched pressure (either 6.9 kPa or 13.8
kPa) to act as calibration points for known pressures. The
voltages recorded at these two pressure settings was used for
the in-test calibration of the transducer reporting the
microchannel pressure immediately downstream of the NPN
membrane (see Fig. 1). Following the completion of an ITCC,
a pressure gradient is re-established across the NPN
membrane to restart trans-membrane sample flow.

During testing, samples spiked with known concentrations
of nanoparticles were passed through the microfluidic device.
As nanoparticles were captured by the NPN membrane, the
electrical signal measured by the transducer was recorded,
allowing tracking of the hydrodynamic resistance across the
NPN membrane. The first 180 seconds of the experiment
consist of an initial water priming phase (using pressure-driven
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flow) and of an ITCC. At this stage, the initial wetting efficiency
of the NPN was determined. We define wetting efficiency as the
percentage of pores in the NPN which are fully accessible to
sample flow at the start of the experiment. Wetting efficiency
was calculated by dividing the expected hydrodynamic
resistance of a theoretically ideal and 100% wetted membrane
by the measured NPN flow resistance. Determination of the
wetting efficiency of the NPN membrane enables its
incorporation as an initial parameter within the fitting
algorithm, enhancing the accuracy of subsequent particle
concentration calculations. Between 180 s and 240 s of the
experimental run the nanoparticle sample was loaded into the
device. At time ¢ = 240 s, the pre-NPN microchannel was
pressurized to 75.8 kPa and the post-NPN microchannel
pressure was set to 6.9 kPa to induce sample flow through the
NPN, initiating the particle capture process. At set time points
throughout the experiment (60 s, 270 s, 360 s, 660 s, 960 s, and
1260 s) ITCCs were performed to ensure reliable pressure
measurements. Initial testing was performed using polystyrene
nanoparticles with an average particle diameter of 92 + 9 nm, at
a concentration of 4.9 x 10° particles per mL (~8 pM). These
particles were selected to ensure that all particles were captured
by the nanoporous membrane. NPN membranes with a preset
pore size of 60 + 20 nm were acquired from SiMPore Inc. The
smallest particles commercially available that would have no
particles flow through a pore given the variance in both pore
diameters and particle sizes were selected for testing. As
expected, particle capture increased the NPN resistance leading
to a reduction in post-NPN microchannel pressure (Fig. 3). For
ease of interpretation, time points associated with ITCC events
were removed. Visible discontinuities in the signal are an
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Fig. 3 Pressure response over time for 8 pM polystyrene particle
capture. ITCC was performed at several timepoints (60 s, 270 s, 360 s,
660 s, 960 s, and 1260 s). The data was extracted from a test
performed with ITCC and a nanoparticle-containing sample. The
visible discontinuities are related to these ITCC events. (a) Extracted
and processed data (b) raw/unprocessed dataset.
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artifact of the removal of these time points and the recalibration
that occurs as a result of the ITCCs.

In an ideal scenario, each nanoparticle would fully restrict
flow through a given pore. In the case that the membrane
becomes saturated with particles, the measured pressure would
reduce to 6.9 kPa, equal to the pressure applied to the post-NPN
microchannel. However, under real world assay conditions, we
expect that a particle will only partially block a given pore and
lead to more complex dynamics. To determine the
concentration of particles under these conditions, in silico
modeling of the particle capture process was used to provide
insight into the device's response, ultimately providing a
method for determination of a sample containing an unknown
nanoparticle concentration.

2.4 Computational modeling of pore blocking and particle
caking

Factors that affect the NPN blocking dynamics needed to be
identified to accurately model the membrane blockage taking
place during particle capture in order to provide an accurate
particle concentration prediction. Two major modes of
particle buildup were considered, contributing to an increase
in resistance across the NPN membrane: pore blocking and
particle caking (Fig. 4). Due to the slightly irregular shape of
the pores and variance in both pore and particle diameters,
an imperfect fit of a given nanoparticle to any given pore with
some residual fluidic pathways around the particle is
common. We therefore defined the term “blockage efficiency”

as 1- Unblocked pore resistance
Blocked pore resistance

>><100, corresponding to the

percent reduction in flow rate through a given pore when it
is partially blocked by a nanoparticle under constant pressure
driven flow conditions. It is important to note that blocking
efficiency is different than wetting efficiency. While wetting
efficiency provides insight into the total number of pores
initially available on the NPN membrane for blocking,
blockage efficiency estimates the average reduction in flow
each individual pore experiences when it becomes blocked by
a nanoparticle of a given size. In the case of incomplete
blockage, flow is not fully restricted through a given pore
when a pressure gradient is applied across the NPN.
Additional particles are still driven towards the NPN
membrane, although at a reduced flow rate as a function of
the given pore blocking efficiency. This phenomenon causes
excess nanoparticles to settle on the surface of the NPN and
begin stacking on top of each other in a process termed
“particle caking” or “cake filtration” (Fig. 4b). As more
particles are deposited on the cake layer, the hydrodynamic
resistance through the particle caking layer increases.***

We developed a mathematical model to provide accurate
simulations of the system's pressure response kinetics as the
particles are captured by the NPN. The core assumption of
the model is that the flow of particles through the system
exactly follows the fluid flow. In the model, nanopores were
considered as cylindrical channels of uniform length L,
which allows for the expression of an individual pore's

This journal is © The Royal Society of Chemistry 2026
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unblocked pore resistance R; using the Hagen-Poiseuille
equation:**

128uL
R =—2% (1)
where g is the fluid dynamic viscosity of the sample and x is
the pore's characteristic diameter. The fluid flow rate through
any given pore is then given by the pressure gradient across
the pore divided by the pore resistance. The particle flow rate
can then be determined by multiplying the fluid flow by the
particle concentration.

As pores become blocked by nanoparticles, the resistance of
a given pore increases towards infinity (in the case of perfect
pore blockage by a particle). Due to variations in shapes and
sizes of both the nanopores and nanoparticles, perfect blockage
is rarely achieved and the resistance of a given pore, n, at a
given time point ¢ may instead be represented as Ry,

An NPN can be considered as a network of individual
nanopores aligned in parallel with one another. The resistance
of the NPN, (Rnpn(g), at a given time, ¢, can therefore be
expressed as:

Loyt @
Raeniy G Rpnty

Once the majority of the membranes pores are partially blocked
by nanoparticles, the process of particle caking begins.**** In
this regime, particles build up on the surface of the NPN
membrane, starting with regions next to partially blocked pores
and eventually begin to stack atop each other. The caking layer
may be thought of as a set of thin capillary channels of
increasing length aligned in parallel, through which sample
must flow in order to reach the NPN.* The resistance provided
to the system by particle caking, R, can be given as follows:

R =4 ©)
where g is the fluid dynamic viscosity of the sample, # is the
height of the caking layer, & is the permeability of the cake, and
A is the surface area of the membrane.

The cake height will increase over time as particles continue
to be deposited, described by the function A(t). Particles will
flow preferentially towards less blocked regions of the NPN.
This affects the deposition density and layer permeability of the
cake, which in turn affects the added resistance to the system.
Lower sample flow occurs towards areas with high
hydrodynamic resistance. Decreased flow causes a lower
number of particles to settle on the NPN, therefore decreasing
the deposition density and increasing layer permeability of the
cake.*® The permeability can then be expressed as a function,
k(z), of the vertical position in the caking layer z. Therefore R, at
any given time can instead be represented as:

h(t)

R0 =] e )

During the transition from pore blockage to cake filtration, the
two mechanisms are interdependent: partial blockage alters
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Fig. 4 Methods of membrane nanoparticle capture and effect on measured pressure. (a) Schematic showing pore blockage on an NPN
membrane. (i.) Birds-eye view of nanoparticles individually blocking pores on the NPN. (ii.) Cross-sectional view of pore blockage. (b) Cross-
sectional view of the nanoparticles depositing on the NPN and stacking in irregular layers to create a “particle caking” effect. As the NPN is
blocked with particles, the hydrodynamic resistance at the membrane increases, which contributes to the pressure change at the transducer
(diagrams not to scale). (c) Simulation of the nanoparticle efficiency in reducing the trans-pore flow's effect on the measured pressure over
time at the transducer. (d) Mixed model simulation of pore blockage and particle caking at different blocking efficiencies on the measured
pressure over time at the transducer. (e) Expected detection capabilities for caking dominant system (i) and blockage dominant system (ii)
respectively.

local flow patterns that promote cake growth, while the evolving  system resistance throughout the test is provided in the SI
cake layer further modulates pore blockage. A derivation of the  (modeling parameters).
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Using the mathematical model described above, the
effects of blocking efficiency (Fig. 4c) and particle caking
(Fig. 4d) on the pressure response of the device over time
were simulated. Our model simulated the transducer's
measured pressure after the introduction of a 5 x 10° particle
per mL (~8 pM) sample at the NPN membrane. It should be
of note that our model considers the physical properties of
the system including pore and particle sizes and variability as
initial variables for the simulation. These variables are
provided by the user and can be modified to fit the unique
properties of the system. The model is therefore adaptable to
a variety of different membrane and particle parameters. The
simulation was considered at various blocking efficiencies
over the range of 0-100%. The mixed model of pore blockage
and particle caking was utilized to re-simulate the pressure
kinetics given the same blocking efficiency values (Fig. 4d).
When accounting for only blocking efficiency, a visible
difference in pressure plateaus can be observed. Lower
observed plateaus are related to increased resistance
contributed by more efficiently blocked pores due to the
decrease in flow. When a mixed model of pore blockage and
caking is considered (Fig. 4d), the difference in plateaus at
varying blockage efficiencies is significantly reduced
compared to a pore blockage only model (Fig. 4c).

The kinetics of the pressure changes upon particle capture
are associated with the sample's particle concentration.
When simulating experiments running over 1000 seconds to
mirror our experimental time frame, our model predicts the
platform's dynamic range (the minimum and maximum
detectable particle concentrations). The minimum detectable
particle concentration was deemed to be the concentration at
which any NPN blockage by particles that may have occurred
provides a pressure output indistinguishable from the initial
pressure over the given time frame. The maximum detectable
particle concentration was deemed to be the concentration at
which the complete NPN blockage induced pressure changes
that occur so quickly that the kinetics of the system could
not be determined due to the limitations caused by the
temporal response of PDMS to changes in pressure.’’

These minimum and maximum detectable concentrations
are influenced by various system parameters, such as
physical properties of the NPN membrane and/or set
pressures pre and post chip. Moreover, the detection
capabilities are also influenced by the dominant blockage
mode of the system. A caking-dominant system will offer a
larger dynamic range but will be less sensitive at low
concentrations (Fig. 4e. i). A pore blockage-dominant system
will allow for the detection at lower concentrations, but
dynamic range will be reduced (Fig. 4e. ii).

Given the uncertainty of the pressure measurements, our
simulated data, for our bespoke device, indicates a detectable
minimum and maximum particle concentration between
approximately 6 x 10 p mL™ and 6 x 10" p mL™" (100 fM
and 1 nM) (Fig. 4e. i) in a caking dominant system, while in
a pore blockage dominant system, concentration can be
measured between approximately 6 x 10° p mL™ and 6 x 10°
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p mL™ (10 fM and 10 pM) (Fig. 4e. ii). Experimentally, the
dominance of pore blockage and/or caking is difficult to
predict. Next, we will show that we can use this model to fit
experimental data and the kinetics of particle capture to
predict a given sample's particle concentration and the
platform's dynamic range.

2.5 Predictive analysis

Having developed a sufficiently descriptive mathematical
model for particle blockage of an NPN membrane, Nelder-
Mead®® multivariable optimization was employed to
determine the particle concentration and the NPN blocking
efficiency. For each iteration in the optimization process, a
particle capture event is simulated using the optimizer's
prediction for both particle concentration and blocking
efficiency. The simulated results are then compared to the
experimental data provided to the system, and a coefficient
of determination (R*) value is calculated. The values
predicted by the algorithm for the particle concentration and
blocking efficiency are those determined to maximize R* per
the multivariable optimizer. Our custom data acquisition
software records individual time points at 4 Hz (every 0.25 s).
Initial device testing showed considerable signal drift
resulting in altered pressure sensing over time even when no
particles had been added. We observed that points farther
away from ITCC events had higher uncertainty relative to
points closer to the ITCC events. Our algorithm therefore
considers time points most proximal to the ITCC event to
maximize extrapolation accuracy under all tested conditions.
While time points during the initial pressure decline phase
of the tests were originally used in the fitting process,
accuracy of fit was not significantly improved.

To evaluate the ability of our model to predict particle
concentrations accurately and reproducibly, identical
replicate experiments were performed four times. Polystyrene
nanoparticle (92 + 9 nm) samples at (4.9 + 0.1) x 10° particles
per mL (8.1 + 0.2 pM) were introduced to the microfluidic
device (inlet pressure: 75.8 kPa, outlet pressure: 6.8 kPa)
while the transducer signal was recorded. An initial
calibration using an ultrapure water sample was performed
and the nanoparticle containing sample was introduced to
the system at 240 s. The calibration events (ITCC, as
previously described) were included periodically during the
test to account for possible signal drift. These ITCC events
were also modeled and are visible as sharp discontinuities in
the solid line fits (Fig. 5). The time points immediately
following the ITCC events were chosen to ensure the highest
accuracy of the measured pressure. For each run, the selected
points were fed to the analytical model to provide a particle
concentration  prediction. Nelder-Mead  multivariable
optimization was used to predict the particle concentration
and NPN blocking efficiency that would best fit the pressure
kinetics of the experimental results (Fig. 5).

The concentrations predicted by the analytical model for
the experimental replicates were 3.6 x 10° particles per mL,
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Fig. 5 Effects of NPN wetting efficiency on predictive model: a
prepared sample with a concentration of 4.9 x 10° particles per mL
was passed through 4 separate NPN membranes at varying wetting
efficiencies. The predicted concentrations of the runs were 3.6 x 10°
particles per mL, 4.6 x 10° particles per mL, 5.4 x 10° particles per mL,
and 8.4 x 10° particles per mL respectively. Wetting efficiencies of the
NPN membranes for each run were determined to be 72%, 74%, 48%,
and 91% respectively.

4.6 x 10° particles per mL, 5.4 x 10° particles per mL, and 8.4
x 10° particles per mL respectively. Interestingly, while the
same sample concentration was introduced into the device,
the capture kinetics are quite different from experiment to
experiment. We postulate this is likely due to differences in
the NPN wetting efficiency and subsequent particle blocking
efficiency, rather than a difference in effective particle
concentration. The predictive model was designed to account
for differences in initial conditions of the test and still
provide a prediction of the sample concentration.

The effects of wetting efficiency on system dynamics are
illustrated in Fig. S4. Due to the small pore diameters, the
surface tension at the site of the pore is very high, posing
difficulty in displacing any air inside the pores and replacing
it with liquid. This difficulty in removing excess air results in
a decrease in total usable NPN surface and subsequently
transmembrane pores. Furthermore, unintended particulate
matter in solution, even in ultra-pure water, can block fluidic
access to pores decreasing the functional wetting efficiency
of the membrane. Although the NPN is treated with piranha
solution to increase its hydrophilicity, and an initial wetting
of the device is undertaken to maximize the % of pores
accessible to flow, a large variance in chip-to-chip wetting
efficiencies is still observed. Pending further optimization of
membrane wetting, we show that NPN wetting efficiency
needs to be accounted for as it affects the initial number of
accessible pores and by extension, the initial hydrodynamic
resistance of the NPN. This in turn has effects on the
pressure response kinetics of the system.

To assess the precision of the analytical model used to
predict particle concentration, we employed a bootstrapping
approach (S5: error analysis). Briefly, bootstrapping involves
random resampling of the experimentally acquired data,
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fitting a new curve and generating a new concentration
prediction for each resample.*® The resampling and refitting
process is repeated 15000 times, and the predicted
concentrations were used to determine frequency and
distribution of potential The uncertainty
determined via bootstrapping is representative of the error
related to the multivariable fitting algorithm and highlights
the variability in the robustness of the fitting algorithm from
test to test. Some bootstrapping fits had a low variance in
concentration while others were determined to have a wider
distribution of predictions. The standard deviation of the
bootstraps across experimental runs were 52%, 13%, 10%,
and 60% of the mean predicted values. The average
uncertainty of the bootstrapping analysis was about +30% of
the mean predicted concentration. The lowest standard
deviation values observed were observed during experiments
where the NPN membrane wetting efficiency was between
70-75%. Although our model was devised to account for a
wide variety of initial variables, further testing is required to
determine what role if any wetting efficiency plays in the
reproducibility of predicting particle concentration using our
multivariable analysis. Our data so far indicates that low
wetting efficiency may contribute to higher uncertainty in
predictions. We believe this is because of the reduced
number of pores available to be blocked. When only a small
percentage of pores are available, blocking a single pore
contributes to a proportionately larger and more rapid
change in pressure. This rapid change in system pressure
may exceed the temporal resolution of our system and cause
difficulty in producing an accurate and precise prediction.
On the other hand, high variability in predicted values at
high wetting efficiencies may be due to assumptions made
about the physical properties of the membrane. As an
example, in several NPN membranes we had tested, we
observed the presence of microtears (ie. defects). These
defects in the membrane would permit nanoparticles to
bypass capture, resulting in an underestimation of particle
concentration. To mitigate this, we have implemented more
detailed quality control measures in preparing our NPN
membrane devices. Conversely, if pore dimensions exceed
expected values, the total pore count may decrease while
maintaining a high calculated wetting efficiency. Such an
issue could increase the magnitude of a pressure drop as a
result of any given pore being blocked and may lead to an
overestimation of the sample concentration.

Experiments were also performed at three different input
particle concentrations (4.9 x 10° particles per mL, 4.9 x 10°
particles per mL, 4.9 x 10" particles per mL or 800 fM, 8 pM,
and 80 pM respectively) spanning three orders of magnitude to
highlight the method's ability to predict particle concentration
within the system's dynamic range. Our model predicted values
of 7.33 x 10® particles per mL, 7.02 x 10° particles per mL, 3.75
x 10" particles per mL or 1.2 pM, 11.7 pM, and 62.3 pM
respectively (Fig. 6). Although it may seem as if the final plateau
value is heavily correlated with the particle concentration, the
entire time course of the test must be considered to properly

outcomes.
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Fig. 6 Pressure measurements over time, visualised with ITCC, for
samples tested at concentrations spanning 3 orders of magnitude, for
which data fitting was performed (points on the curves). The
concentrations determined by the model for samples at 4.9 x 10%°
particles per mL (red curve), 4.9 x 10° particles per mL sample (blue
curve) and 4.9 x 108 particles per mL (green curve), were respectively
3.75 x 10'° particles per mL, 7.02 x 10° particles per mL and 7.33 x 108
particles per mL.

determine concentration. While 0.08 pM (5 x 10°® particles per
mL) samples were tested, the algorithm was unable to
accurately infer sample concentration (data not shown),
highlighting a difference between the theoretical and
experimentally validated predictive range of the system. At high
concentrations, the NPN is blocked too quickly and the
predictive algorithm accuracy decreased. At low concentrations,
the system pressure changes minimally over time, and the
algorithm is equally inaccurate. At this time, the model is only
capable of accurately predicting concentrations in the 10°-10"°
particles per mL range. Further refinement of the predictive
algorithm and a device redesign may help in reducing sampling
uncertainty and extend the dynamic range of the system.

One technique capable of quantifying such low particle
concentration is nanoparticle tracking analysis (NTA).*
While our technique is marginally less accurate, it operates
in a larger dynamic range without increasing the minimum
detectable  concentration. Multi-angle dynamic light
scattering (MADLS)*" is a commercially available technique
capable of quantifying low nanoparticle concentration in
solutions. The method we propose here is comparable in
both accuracy and dynamic range to that of MADLS. Our
proposed technique aims to act as a complementary tool to
both NTA and MADLS, providing a secondary, non optical
validation method for use within microfluidic systems.

Additional experiments were conducted for concentrations
outside of the reported dynamic range. While our system was
able to monitor the changes in pressure, the predictive model
fitting failed to converge. The physics model and fitting
algorithm may be evaluated and adjusted to increase both
the accuracy and dynamic range of the predictive model
moving forward. Our model currently considers all pores to
be perfectly cylindrical and all particles to be perfectly
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spherical, but in reality, this is not the case. Better
characterization of the NPN and the nanoparticles can help
improve the simulations and the accuracy of the fit. Due to
the disruptive nature of ITCC events on the flow conditions,
the number of calibration events have been minimized, as
they may contribute to inaccuracies in the predictive analysis.
A less disruptive internal calibration cycle would allow for the
acquisition of more data points within an experimental run,
which in turn would increase the accuracy of the model
fitting. Alternatively, investigation into the minimization of
signal drift would mitigate requirements for ITCC events.
Improving NPN wetting efficiency should additionally
enhance pore accessibility, which in turn minimizes initial
NPN resistance, ultimately leading to more pronounced
pressure variations throughout the test. Matching the density
of the suspension solution to the density of the nanoparticles
may also reduce predictive error of the system. In a density
matched solution, nanoparticles would remain suspended for
prolonged periods of time, reducing the likelihood of local
changes in sample concentration due to particles settling
within the device.

3. Conclusion

In this study, we have investigated the nanoparticle capture and
quantification on nanoporous membranes integrated within
microfluidic devices, using an on-chip PDMS pressure
transducer coupled to an electrical readout. The real-time
pressure obtained from the integrated
transducer provided valuable insights into the dynamics of pore
blockage and caking processes, enabling us to correlate
pressure changes with nanoparticle accumulation in the low
picomolar to high femtomolar range. We observed that as
particle concentration increases, a critical threshold is reached
where caking occurs, drastically reducing permeability. The
integration of the PDMS pressure transducer facilitated
continuous monitoring of pore blockage and caking processes.
Our findings reveal that the nanoparticle capture efficiency is
significantly influenced by the membrane wetting efficiency.
More work is required to reproducibly wet the membrane and
allow for maximum capture efficiency. The system's ability to
calculate chip wetting efficiency using initial signal readings
and the first ITCC event allows it to be used as an initial
variable in the simulation process, making the system adaptable
to a variety of non-ideal conditions while still providing an
accurate prediction of concentration.

This proof-of-concept device paves the way for designing
more efficient filtration systems used in various applications,
from biomedical devices to environmental monitoring.
Future work will focus on exploring the effects of varying
particle types and sizes, to explore the effects of different
nanoparticle characteristics and operational conditions on
capture efficiency and caking dynamics. By enhancing the
understanding of these dynamics, advanced microfluidic
platforms capable of in situ assessments of nanoparticle
concentrations can be developed.

measurements
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4. Materials and methods
4.1 NPN device fabrication

3D printing of microfluidic components. All microfluidic
device and assembly components were designed in Onshape®>**
and exported as STL files for slicing in CHITUBOX (version
1.6.5.), at a layer thickness of 20 pm. The molds, alignment
modules and gaskets were 3D-printed with ELEGOO Mars 4 Ultra
3D printer (ELEGOO, China), with a 405 nm light source and 9K
monochrome LCD, using ELEGOO ABS-ike resin (1.8 s layer
exposure time). Once completed, the prints were removed from
the build plate and washed in isopropyl alcohol (Sigma Millipore,
Canada) for 30 minutes to remove excess uncured resin. The
prints were air dried for 30 minutes, then cured using the
Intelliray 400 Shuttered UV Flood cure system at 115 mW cm >
power for 30 minutes. Exceptionally, the gaskets were UV cured
for only 2 minutes. Following the post-processing, all molds were
treated with trichloro(3,3,4,4,5,5,6,6,7,7,8,8,8-tridecafluorooctyl)
silane (Millipore Sigma, Canada) to facilitate the PDMS removal.

Resin mold replica with PDMS. Degassed
polydimethylsiloxane (PDMS Sylgard 184 kit, Dow Chemical
Company) mixtures were prepared at 10:1 base to cross linker
ratio, then poured onto the 3D-printed resin molds and degassed
for 10 minutes. The molds were then placed in an oven at 70 °C
for 4 hours. The cured PDMS was subsequently removed from
the molds using a scalpel, and holes were punched in the PDMS
using biopsy punches to provide fluidic and electrical access to
the microchannels (0.75 mm in diameter for fluidic ports, and
1.25 mm in diameter for electrodes). PDMS mixtures for the
transducer layer were degassed, then spun at a thickness of ~105
pum, and baked in the oven at 70 °C for 40 minutes.

Chip preparation. The 250 x 2800 pm?, 100 nm thick NPN
membranes supported on 310 um thick, 6.4 mm x 6.4 mm
frame size silicon chips, used in this work, were obtained
from SiMPore Inc. (West Henrietta, NY). The membranes
have an average pore diameter of ~58.9 nm, a standard
deviation of 18 nm and ~16.4% porosity, as determined by
electron microscopy. Prior to assembly, the chips were
submerged for 15 minutes in piranha solution for cleaning,
rinsed with DI water then stored in 50% ethanol solution.
Detailed protocol for assembly is provided in SI.

4.2 Nanoparticles quantification experiments

Sample preparation. For the nanoparticle quantification
experiments, Polystyrene beads were used as model analytes,
because they are monodisperse and exhibit no significant
propensity to adsorb to the NPN membrane.** The polystyrene
beads were purchased from Bangs Laboratories Inc, USA, with
an average diameter of 92 nm and a coefficient of variation of
5-10%. The stock solution of 2.45 x 10" particles per mL was
diluted to suitable testing concentrations via serial dilution in
UltraPure distilled water (Invitrogen, USA).

Device priming and testing. Prior to testing, the device
was submerged in DI water and placed under vacuum for 1
hour to ensure wetting of the NPN and the microfluidic
channels. In order to prime the fluidic testing channels, the
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system was pressurized (pre-NPN: 10 psi, post-NPN: 0 psi)
and DI water was flown to wet the NPN membrane. The
transducer channel (TC) was primed with 0.1 M KClI buffered
using 20 mM HEPES Buffer (VWR International, China).
Sintered Ag/AgCl pellet electrodes of 1 mm diameter (ALA
Scientific Instruments Inc., USA), were inserted in the
transducer microchannel with careful attention to prevent air
bubbles. The electrodes were supplied with an AC current
(Stanford Research Systems Model DS345; 50 kHz, 0.0283
Vpp), and the signal was sent to a Keithley 428 Current
Amplifier (1000x amplification). The output from the I/V
amplifier was sent to a Stanford Research Systems Lock-In
Amplifier (Model SR830 DSP, time constant: 10 ms,
sensitivity: 500 pV), to determine the peak to peak voltage of
the signal, which was sent to a National Instruments PCI-
6221 37-pin data acquisition card (DAQ) using a LabVIEW
(National Instruments) program custom designed for testing
and calibration of the device.

The LabVIEW program sets the regulator's output
throughout the test, processes the signal using smoothing
and low pass filtering to reduce the system's noise, and
records the signal for analysis. During testing, a 10 psi
pressure differential is applied across the NPN to push the
sample through the membrane, and the transducer
microchannel is pressurized to 1 psi. The program
additionally includes ITCC “calibration events” at set times
throughout the test (60 s, 270 s, 360 s, 660 s, 960 s, 1260 s) to
ensure accurate measurement of the pressure, by reducing
uncertainty related to noise and electrical baseline shifts that
may occur during the test. During these calibration events,
the entire testing channel was set to 1 psi for 30s to establish
a baseline voltage, then the pressure was changed to 2 psi,
and the voltage was measured for 30 s to establish a trend
between the measured voltage and pressure. The test was run
for 30 minutes to allow for maximal saturation of the NPN
with the polystyrene nanoparticles.

Chip regeneration. At the end of each test, the devices were
disassembled, and the chips were thoroughly cleaned using
piranha solution to dissolve the polystyrene beads, and render
the membranes sufficiently hydrophilic for subsequent proper
wetting prior to reusing them in further testing.

4.3 Modeling of nanoparticle blockage and caking dynamics

A pore blockage and caking model was implemented in
Python 3.11.8,%° using Jupyter Notebook*® to simulate the
fluid flow and particle capture process. Included in the
program are the NumPy*’ library, pyplot module from the
matplotlib*® library, the math®® library, and the csv®° library.

The membrane characteristics were provided by the
manufacturer to be L = 100 nm, A = 0.7 mm?, ¢ = 0.104, ¥ =
58.9 nm, o, = 18 nm, where L is the NPN thickness, A is the
NPN surface area, ¢ is NPN porosity, X is the average pore
diameter, and o, is the standard deviation of pore diameters.
The manufacturer's given values were implemented in the
model, along with the nanoparticles’ specifications (y = 92
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nm, g, = 5 nm) where j is the average nanoparticle diameter
and o, is the standard deviation of the nanoparticles'
diameter. Given that the nanoparticles sample was prepared
in ultrapure water, the physical properties of water at 25 °C
(p=997 kg m™, y = 8.9 x 10~* Pa s)*" were included.

The inlet and outlet tubing resistances were determined
experimentally using a simple flow rate test, where water was
flowed through the tubing at multiple set pressures and
collected in a sample vial, and the difference in mass of the
collection vial before and after the experiment gave a measure
of the flowed fluid volume, which was used to determine the
flow rate for the set duration. The resistance values were found
tobe Ry, = 6.6 x 10" Pas m™>, Ry = 8.9 x 10'* Pa s m™.

Fitting of the experimental data was performed using the
Nelder-Mead method®® for optimizing multivariable
functions. For a given concentration and blocking efficiency
multiplier, the simulation was run and then compared to the
experimental data to calculate a coefficient of determination,
represented as the function R>. The Nelder-Mead method
minimizes the function, so to maximize R?, the minimization
was performed on the opposite function -R?. When the
algorithm converges towards an optimal value, the coefficient
of determination should generally be above 0.99. Further
details on the modeling parameters are provided in the SI.
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