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Abstract
Measuring the size distributions of micron-scale particles is of central importance in the
biological sciences and for a wide range of industrial processes. The suspended microchannel
resonator (SMR) is a sensor that measures the mass of individual micron-scale particles by
detecting a shift in resonance frequency as particles flow through a hollow resonating microcantilever beam. While SMRs offer extreme precision for measuring mass, their applications have
been limited by low measurement throughput.
In the first part of this thesis, I describe several technical advancements aimed at increasing
the throughput of SMRs. First, we developed devices containing many SMRs connected fluidically
in parallel on the same microfluidic chip. By operating many mass sensors simultaneously, these
“parallel SMR arrays” achieve approximately 27-fold higher throughput than previously possible.
To further increase throughput, we developed a computational approach for resolving faster shifts
in resonance frequency than previously possible using the resonator-phase-locked-loop coupled
feedback systems. We describe in detail the operation and performance limitations of each
technique.
In the second part of this thesis, I discuss the application of SMRs for drug sensitivity
testing in cancer. For most cancers there exists a long, growing list of FDA-approved
chemotherapies and targeted agents, but often there is no rational basis to predict which drug will
be most effective for a particular patient.. We have shown that in several cancers, tumor cell growth
is altered upon ex vivo exposure to cancer therapeutics, and that changes in cell mass can be
detected as a functional biomarker for drug sensitivity. In particular, we show in a retrospective
clinical study that cell mass measurements predict the response of glioblastoma multiforme
patients to temozolomide, a standard-of-care chemotherapy, and that the SMR drug sensitivity
assay predicts the duration that patients survive on therapy better than the gold-standard genetic
biomarkers. Looking forward, we envision that functional drug susceptibility testing will be useful
for matching patients to effective therapies across a wide variety of cancers.
Thesis supervisor: Scott R. Manalis
Title: Professor
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Chapter 1: Introduction
1.1

Precision medicine in cancer
In cancer, “precision medicine” refers to efforts to match each individual patient to the

most effective available therapy. To date, precision medicine has largely been based on genomic
profiling, in which patients with certain pre-defined genetic alterations are identified and matched
with drugs targeting those abnormalities. The introduction and immediate success of the first
genome-guided drugs in the early 2000s led to a period of optimism regarding the future of
genomic precision medicine, with the National Cancer Institute setting a goal of “the elimination
of suffering and death due to cancer” by 20151. However, despite these early successes, progress
in genomic medicine in the past two decades has been slow, and today less than 15% of patients
with metastatic cancer are eligible for FDA-approved genome-guided drugs (Fig. 1)2. This slow
progress has led some to speculate that the “low-hanging fruit” of actionable mutations have
already been identified, and that alternative approaches will be needed to continue making progress
in improving outcomes for cancer patients.

Figure 1. Only a small fraction of cancer patients can be matched with genome-guided drugs,
and an even smaller fraction are expected to benefit from them. Adapted from [2].
14

As a complement to genomic precision medicine, there has recently been renewed interest
in developing “functional” approaches for testing candidate drugs against a patient’s tumor, to
identify effective therapies in cases where there are no useful genetic biomarkers3,4. Such
functional drug assays are generally performed by isolating primary tumor cells from the patient,
exposing them to candidate drugs ex vivo, then measuring the cellular response using integrative
cellular readouts such as cell growth5, proliferation6, ATP levels7, or apoptotic priming8 (Fig. 2).
Functional assays are appealing because they could potentially rate the cytotoxic or cytostatic
potential of candidate drugs without requiring knowledge of the specific mechanisms of sensitivity
or resistance for a particular patient. By perturbing the tumor cell and measuring its response, one
can potentially learn more about the system than could be learned from static genetic
measurements alone.

Figure 2. Functional precision medicine in cancer. In this proposed approach, patients are
matched to effective therapies by isolating tumor samples, (optionally) expanding the tumor cells
to obtain more material for testing, exposing the cells to candidate drugs, then directly measuring
the tumor’s response using cellular assays.
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However, despite the obvious appeal of functional approaches for testing candidate drugs
against a patient’s tumor, no functional assays have been routinely used in clinical oncology
practice outside of ongoing trials9. While there have been reports of functional assays accurately
(in some sense) predicting patient response in various cancers, no existing approaches have been
successful enough to meet the high standard of evidence required for clinical use.
There are several challenges associated with designing and validating a functional assay
for predicting drug susceptibility in cancer. First, tumor cells for testing can be scarce in many
types of cancer, particularly for solid tumors; typical biopsies may contain a total of tens of
thousands of tumor cells, depending on the biopsy site. Since typical cell-based functional assays
usually require several thousand cells per condition, small sample sizes limit the number of drugs
or drug combinations that can be tested against a particular patient’s tumor.
Second, primary tumor cells typically have limited window of time during which they
remain viable after being removed from the body. Further, in some cases, tumor cells never
undergo a division after the biopsy is taken, ruling out functional assays that measure drug
sensitivity by measuring changes in proliferation. Additionally, since even non-drug-exposed cells
begin to die when removed from the body, it can be difficult to distinguish between drug-induced
versus other mechanisms of cell death when interpreting functional testing results; this has been
called the “race-to-death” problem.10
Finally, even if tumor cells can be isolated in sufficient numbers for use in a functional
assay, there is no guarantee that the in vitro drug response will accurately reflect the tumor’s
response in vivo, where various cell-cell or cell-matrix interactions can result in altered patterns of
sensitivity and resistance.
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Despite these challenges, there are several groups working to realize the vision of a
functional assay for matching cancer patients to effective therapies. Efforts in this space have
largely focused in two areas: (1) improving approaches for culturing patient tissue ex vivo, and (2)
improving functional assays for reading out the response of cells to drugs (Fig. 3). Newlydeveloped ex vivo culture models include organoid models11 and conditional reprogramming12.
These techniques have the benefit of allowing more tumor cells to be grown out from a limited
sample, providing more material for testing, and attempting to ensure that the in vitro drug
response corresponds more closely to the in vivo response by incorporating various cytokines and
cell-cell interactions that may be relevant to the drug response mechanism. Other groups have
focused on developing improved readouts of drug response. While there exist simple ways of
detecting a cellular response to drugs, so-called “next-generation” functional assays may have
faster response times, smaller cellular sample input requirements, or be able to detect responses to
a wider variety of drug mechanisms4.
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Figure 3. Current work toward improved functional precision medicine (adapted from [4]).
Functional precision medicine consists of harvesting tumor cells, exposing them to candidate
drugs, and measuring the response. Areas of improvement include both (1) better culture models
for propagating patient tumor tissue ex vivo, and (2) “next-generation” functional assays for
reading out cellular drug response, with higher speed or smaller sample input requirements.
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1.2

Examples of functional precision medicine approaches
Groups in the functional precision medicine field share a common overall vision, but differ

in the practical questions of (1) how drugs should be applied to cells, and (2) what cellular response
should be measured. Here I highlight some (but not all) examples of attempts to develop predictive
functional assays.
Perhaps the simplest approach for evaluating drug susceptibility is to seed the cells in 2D
culture, expose cells to drugs, then read out the response using colorimetric measurements of cell
viability, such as MTT. This approach is most common for hematological malignancies, due to the
greater availability of tumor cell samples. The Tyner group (Oregon Health & Science University)
reports the ability to test a panel of over 170 targeted therapies against primary leukemia cells, and
detected response to kinase inhibitors in up to 70% of samples, compared to the 13% that could be
matched to a kinase inhibitor based on genomics alone3. In many cases, this broad screening
approach suggested off-label efficacy of existing FDA-approved therapies4. These approaches
have been reported to correlate with patients’ clinical response to targeted therapies in various
diseases13,14,15. Others have tested non-malignant blood cells in parallel, in order to identify
therapies that differentially target cancer cells as opposed to general cytotoxicity16. However, this
approach has not yet been evaluated in prospective clinical trials.
In other cancers, particularly for solid tumors, it may be desirable to expand the limited
tumor biopsy in culture to obtain more material for testing. This has been explored in detail in
breast cancer, in which functional testing of tumor spheroids correlated with clinical response to
neoadjuvant chemotherapy in a prospective clinical trial17. A common concern with functional
testing approaches involving extend in vitro culture is that tumor cells may adapt to ex vivo culture
or undergo a clonal selection, and therefore no longer represent the primary tumor. To address
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these concerns, it is important to validate new culture models on a case-by-case basis to understand
clonal drift or other possible confounding effects.
Much of the ongoing work using patient-derived organoid models for functional drug
susceptibility testing has been in gastrointestinal cancers; a recent review (ref. [18]) summarizes
some efforts from the Tuveson group (at CSHL), the Clevers group (Hubrecht Institute), the Valeri
group (UK Institute of Cancer Research), and others. One prominent study [19] used colorectal
and gastroesophageal organoid models to perform ex vivo drug susceptibility testing using a library
of 55 clinically-relevant drugs, both directly using the organoids and using organoid-based
orthotopic mouse xenograft models. The group found that organoid-based drug susceptibility
testing was consistent with xenograft model responses, and that both types of models recapitulated
patients’ clinical responses, but only in a small patient cohort (6 patients) and using only a coarse
metric of clinical response (“stable disease” versus “resistance”). The authors propose further
development of the approach for personalized medicine approaches, but a cursory search of the
lead author’s more recent publications does not identify any obvious advancements since 2018.
Patient-derived xenograft models provide a more realistic (but more complex) platform for
culturing patient-derived tumor cells and exposing them to drugs. By implanting tumor cells into
immunodeficient mice, a wide variety of cell types can be propagated for extended periods of time.
Further, by administering candidate drug treatments in vivo, the same tumor cell can be
sequentially exposed to multiple therapies or multiple sequential doses of the same therapy, which
is not realistic for many in vitro culture models. Perhaps the main drawback is the cost, which has
been estimated to be several orders of magnitude higher than other functional testing approaches
when factoring in the costs of personnel and animal housing3. Further, the time required for
engraftment (typically several months) is often too slow to return clinically useful results.
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Therefore, while patient-derived xenograft models address several of the challenges faced by other
functional precision medicine approaches, they currently seem to be better suited for basic cancer
biology research, in which cost-per-sample and time-per-sample are less important constraints.
Other groups have focused on acute drug sensitivity testing, in which drug exposure and
functional testing are performed immediately without extended ex vivo culture. One of the more
successful functional assays in this space is dynamic BCL-2 homology domain (BH3) profiling.
BH3 profiling is a measure of “apoptotic priming”, which measures the sensitivity of mitochondria
to outer membrane permeabilization, a key step in committing to apoptosis. Cells are exposed to
drugs, then BH3 peptide sensitivity is measured; cells that were effectively targeted of the drug
(i.e., primed for apoptosis) require relatively little peptide to induce permeabilization. These assays
have been shown to correlate with drug efficacy in a variety of model systems20,21,22.

1.3

The suspended microchannel resonator
We are interested in particular in developing improved methods of assessing the response

of tumor cells after ex vivo drug exposure, regardless of how they were initially exposed to the
drug. While there are simple ways of performing this type of measurement, there is room for
improvement in terms of speed (time to detect a response), sensitivity (effect size relative to
“noise” in the assay), sample requirements (number of cells required per condition or replicate),
and robustness (the degree to which the measured response is affected by uncontrollable “batch
effects” and perturbations that the samples may have been exposed to.
The suspended microchannel resonator (SMR) is one approach that has been pursued to
address the problem of quickly and accurately reading out drug response from limited tumor
samples. The SMR is a microfluidic sensor that measures the mass of individual cells in solution
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as they flow through a hollow micro-cantilever beam (Fig. 4)23. By measuring a shift in resonance
frequency as the particle flows through the beam, cell mass can be measured with precision on the
order of 0.1%24.
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Figure 4. Suspended microchannel resonator (SMR) operating principle.
(A) Particles flow through a micro-cantilever beam with an embedded fluidic channel. The
cantilever is driven at the frequency corresponding to its second bending mode25.
(B) The added mass of the moving particle causes a shift in the resonance frequency of the
cantilever beam. The resonance frequency shift is greater at positions with greater deflection of
the cantilever beam. The resonance frequency shift is greatest when the particle reaches the
antinode, the axial position of maximum deflection amplitude, and the resonance frequency shift
is zero when the particles reaches the node, the axial position at which the cantilever deflection is
zero.

By measuring the mass of the same cell multiple times, either by passing it back and forth
through one sensor26 or weighing the cell sequentially in multiple sensors connected in series27,
one can measure the cell’s mass accumulation rate (MAR), i.e., the rate of increase of a single
cell’s mass per unit time. Previous work using SMRs for drug susceptibility testing has used MAR
as a readout of drug response: in a variety of cancers, when cells are exposed to cytotoxic drugs or
targeted therapies, a reduction MAR is observed before cells lose viability and undergo death (Fig.
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5). Changes in MAR have been shown to correlate with known patterns of drug sensitivity and
resistance in several model systems, including leukemia cell lines and transgenic mouse models5,
multiple myeloma cell lines and primary tumor samples28, and glioblastoma patient-derived cell
lines29.

Figure 5. Serial SMR array for measuring drug sensitivity of cancer cells. Each cell is weighed
multiple times as it flows through ~10 SMRs connected fluidically in series. The cell’s “mass
accumulation rate” (MAR) is defined as the rate at which its mass increases as it passes through
the array of sensors. In some cases, changes in MAR after exposure to cancer therapies can be
used as a readout of drug sensitivity or resistance.

The MAR assay has several key advantages that distinguish it from other functional assays
that have been explored for drug susceptibility testing in cancer. First, since the MAR biomarker
is based on changes in cell mass accumulation rather than proliferation, it is still suitable for
primary samples in which cells never undergo a division, such as in multiple myeloma. Second,
the MAR assay requires only ~500 cells per drug condition tested, increasing the number of drug
conditions and replicates that can be evaluated from a limited sample of thousands of tumor cells.
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Finally, the MAR assay measures drug response with single-cell resolution, potentially allowing
the user to identify individual drug-resistant cells in a mixed population for further study30.
This thesis explores the concept of using single-cell mass rather than single-cell growth
measurements for evaluating the sensitivity of tumor cells to cancer therapeutics. Since cell size
(mass) is and growth are fundamentally linked – cell mass simply integrates the MAR biomarker
– it is reasonable to expect that phenotypic changes induced by drug exposure could also be
detected by measuring population-level cell mass distributions.
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1.4

Comparing the MAR and mass biomarkers
To evaluate whether cell mass measurements could plausibly detect a known drug response

phenotype, we simulated a measurement in which tumor cells were treated with a drug that reduces
their mass, and asked whether MAR or mass measurements would likely detect a response (Table
1). Before treatment, the cells have a known mass distribution (50 ± 15 pg) and mass accumulation
rate (2 ± 1 pg/hr). The effect of the drug is variable: after drug exposure, the mass accumulation
rate changes by -1 ± 0.5 pg/hr, and cells are exposed for 3 hours. These values correspond
approximately to a sample of multiple myeloma primary tumor cells treated with bortezomib28.

Table 1. Hypothetical tissue sample used to compare the mass and MAR assays.
Sample size
Untreated cell masses

100
50 ± 15

cells
pg

Untreated mass accumulation rates

2±1

pg/hr

MAR change with drug treatment

-1 ± 0.5

pg/hr

Treatment duration

3

hr

The simulated MAR and mass distributions for these 100 untreated and drug-treated cells
are shown in Fig. 6. As expected, there is a clear, statistically-significant reduction in MAR
between the control and drug-exposed conditions (p < 10-7, one-sided t-test), and that (therefore)
MAR measurements would be suitable for detecting a drug response phenotype in this simulated
sample. It is also apparent that the drug results in a slight reduction in cell mass (approximately a
5% reduction in the mean mass); however, the difference in the mean is not statistically significant
(p = 0.25, one-sided t-test). Therefore, for this particular sample, due to the relatively small sample
size (100 cells), the lower sensitivity of the cell mass assay is not sufficient to detect the effect of
the drug.
26

Figure 6. Simulated MAR and mass measurements for a sample of tumor cells treated with
a drug that reduces mass accumulation rate.

Next, we asked whether a significant reduction in mass could be detected if a larger sample
size were available. If one were to sample 1000 cells from the sample control and drug-exposed
samples described above, the average measured MAR and mass would be the same, but we would
expect the difference between the control and drug-exposed samples to be more statistically
significant due to the larger sample size.
With a sample size of 1000 cells rather than 100 cells, the observed reduction in MAR
becomes more statistically significant (p < 10-15 rather than p < 10-7; one-sided t-test). However,
because this difference was already highly significant with only 100 cells, measuring 1000 cells
provides little benefit. However, if one measured the mass of 1000 rather than 100 cells, the
observed small reduction in mass becomes highly statistically significant (p < 10-5; one-sided ttest). Therefore, for samples where more cells are available for measurement, single-cell mass
measurements could measure the same drug response phenotype already known to be detectable
using MAR.

27

Why use mass rather than MAR measurements? The primary benefit is throughput: using
current versions of the MAR and mass measurement systems, one can measure MAR for 100 cells
in approximately 60 minutes, while one could measure mass for 1000 cells in just 2 minutes.
Therefore, if one is willing to consume a larger number of cells (on the order of 1000 cells rather
than 100 cells), the cell mass assay is a potentially good candidate for detecting drug responses at
much higher throughput than could be achieved using the MAR assay.
We wondered more generally how many cells would be needed to measure a shift in mass
of known magnitude. If a drug results in an average shift in mass of ∆𝑚 (compared to the mean
untreated cell mass 𝑚), to detect a significant shift in mean mass, the required number of cells to
measure is given by
2
2
2(𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
+ 𝐶𝑉𝑒𝑟𝑟𝑜𝑟
)(𝑧1−𝛼 + 𝑧1−𝛽 )
𝑛>
2
(∆𝑚/𝑚)

2

where z is the inverse normal cumulative distribution function, 1 − 𝛼 is the desired significance
level, 1 − 𝛽 is the desired power level, 𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 is the coefficient of variation of the untreated
cells’ masses, and 𝐶𝑉𝑒𝑟𝑟𝑜𝑟 is the fractional error of the mass measurement.
Fig. 7 plots the required sample size as a function of the percent mass reduction from drug
exposure. For the “typical” range of drug response phenotypes of interest, where mass is reduced
by 5-10%, the mass assay requires sample sizes of several hundred cells to detect a reduction in
mass with 99% confidence and 80% power, with the required sample size increasing without
bound as the effect of the drug becomes smaller. The conclusion of this simulation is that singlecell mass measurements could plausibly be used to detect a drug response phenotype (a reduction
in cell size of 1-10%) while consuming only a reasonable number of cells (hundreds to thousands).
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Figure 7. To detect a significant reduction in mass, the required sample size depends on the
magnitude of the effect of the drug. A drug treatment which reduces mean cell mass by 5% can
be detected with 99% confidence and 80% power by measuring ~1000 cells before and after
treatment.

It is worth noting that for many samples of interest, the precision of the particle-sizing
instrument is not an important factor in determining the required sample size. Due to the factor
2
2
(𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
+ 𝐶𝑉𝑒𝑟𝑟𝑜𝑟
) in the numerator, 𝐶𝑉𝑒𝑟𝑟𝑜𝑟 (the fractional error of the particle size
2
2
measurement) only affects n (the required sample size) if 𝐶𝑉𝑒𝑟𝑟𝑜𝑟
is comparable to 𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛

(the coefficient of variation of the cell size distribution) – however, this typically is not the case.
Across a wide range of cell types, 𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 is typically on the order of 20-50%31, and
2
(therefore) 𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
is of order 0.1-0.2. However, the SMR and Coulter counter have precision
2
on the order of 𝐶𝑉𝑒𝑟𝑟𝑜𝑟 ~ 5-10% (e.g., Fig. 28) meaning 𝐶𝑉𝑒𝑟𝑟𝑜𝑟
~ 0.002 – 0.010, nearly an order
2
of magnitude smaller than 𝐶𝑉𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
. Therefore, because of the broad size distribution of typical
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cell populations, sampling more cells is typically more useful than increasing precision for
detecting a shift in average mass. The question of whether other single-cell size measurements
could be used as a functional assay in cancer is remains open for exploration.

1.5

Outlook
This thesis explores the idea of using cell mass measurements for drug sensitivity testing.

In particular, we considered whether a cell mass-based functional assay could be useful as a higherthroughput alternative than the mass accumulation rate (MAR) assay. However, to reach a point
where cell mass measurements could be practical for drug testing, we still needed to improve the
throughput of existing SMR systems.
This thesis has two parts. In the first section, we describe technical advancements that we
developed to allow SMRs to make single-cell mass measurements at much higher throughput than
previously possible. We describe the technical developments and characterize the throughput and
precision with which the improved SMR systems can make mass measurements. The second
section uses these high-throughput SMR devices to perform drug sensitivity testing in several
cancer model systems.
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Chapter 2: Rapid and high-precision sizing of single
particles using parallel suspended microchannel
resonator arrays and deconvolution
This section contains excerpts from Stockslager et al., Review of Scientific Instruments
(2019) [32].

In this section of the thesis, we explored two approaches for increasing the speed at which
SMRs can make mass measurements. First, we considered all of the possible approaches we could
use to make faster mass measurements (Fig. 8). The throughput of an SMR, measured in particles
per minute, is the product of four terms:
(1) the number of sensors operated in parallel on the device;
(2) the concentration of the cell suspension being measured;
(3) the cross-sectional area of the cantilever; and
(4) the mean velocity of the flow through the sensor.

Figure 8. Possible approaches for increasing the throughput of SMRs.

Which of these terms could we possibly improve upon?
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The first option is to operate more sensors in parallel. We explored this option and designed
parallel SMR arrays containing up to sixteen SMR mass sensors connected fluidically in parallel
and operated simultaneously on the same microfluidic chip.
The second option is to increase the sample concentration. The problem is that sample
concentration is limited by the requirement that no more than one particle occupy the cantilever
mass sensor at any time. While there are approaches for resolving mass measurements from
resonators loaded with multiple masses33, this approaches are significantly more technically
complex and do not offer as much potential for improvement over existing techniques.
The third option for increasing sensor throughput is to simply increase the cross-sectional
area of the sensor: for a particular flow rate, larger sensors process a larger sample volume per unit
time, and can therefore achieve higher particle measurement throughput at a given particle
concentration. However, because larger resonators are less sensitive, an increase in cross-sectional
area also results in decreased sensitivity. Therefore, we considered approaches for increasing
throughput for resonators of a particular size.
The only remaining option is to flow cells faster through the resonator. The primary factor
limiting the speed at which particles can flow through the sensor is the requirement that the
transient resonance frequency signal be fully resolved; as particles flow faster through the sensor
and transit times are reduced, the cantilever’s resonance frequency changes faster, and so the
detection system must have a wider resonance-tracking bandwidth to fully resolve the resonance
frequency shift. The tradeoff is that this wider resonance-tracking bandwidth is accompanied by
an increase in frequency noise. We developed an approach, which we call “model-based
deconvolution”, for measuring fast resonance frequency shifts as particles flow through the
resonator at high speeds, while achieving better noise performance than previous techniques.
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In this section, we describe the development and characterization of parallel SMR arrays
and the deconvolution technique for resolving fast shifts in resonance frequency, with the ultimate
goal of increasing the throughput of SMRs.

2.1

Introduction
Measuring the size distributions of nano- and micro-scale particles is of central importance

for a wide range of scientific and industrial applications. In the physical sciences, applications of
particle sizing have included quantifying the aggregation of protein drug products34 and measuring
the volume fraction and size dispersity of colloidal suspensions35. In biology, cell size is
fundamentally linked to cell state, and particle-sizing tools have been employed both to investigate
basic questions about how individual cells regulate their size and growth26, and for practical
applications such as evaluating ex vivo the susceptibility of primary patient tissue to cancer
therapeutics5.
There are several single-particle approaches that are routinely used for sizing particle
suspensions in the 5-20 μm size range. Resistive-pulse sensing instruments (such as the Coulter
counter) achieve volumetric precision on the order of 1-10% in this size range, with throughput of
thousands of cells per minute due to the continuous flow-through nature of the measurement36,37.
Transmitted- and reflected-light microscopy can measure particle diameter and infer particle
volume with precision similar to the Coulter counter, provided that the particles are approximately
spherical; commercial “micro-flow imaging” systems perform these measurements on flowing
particles at rates as high as tens of thousands of particles per minute38. To size non-spherical
particles and cells, other imaging modalities such as quantitative phase microscopy have been
used39.
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In contrast with these techniques, which size particles by electrical or optical methods,
suspended microchannel resonators (SMRs) directly measure particle buoyant mass by detecting
a shift in resonance frequency as particles flow through a vacuum-packaged cantilever beam
containing a U-shaped microfluidic channel (Fig. 9A)40. In the 5-20 μm size range, SMRs can
achieve mass precision on the order of 0.1-1% [27]. However, to date, the throughput of SMRs has
been limited to tens of particles per minute, restricting their use to applications requiring highly
precise measurements of relatively small numbers of particles.
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Figure 9. Two methods for increasing the throughput of suspended microchannel resonators.
(A) Suspended microchannel resonator (SMR) operating principle. Particle mass is measured by
detecting a position-dependent shift in resonance frequency as particles flow through the
vacuum-packaged cantilever beam with an embedded microfluidic channel. The cantilever is
shown operated in the second vibrational mode, resulting in three local minima in resonance
frequency as a particle flows to the tip of the cantilever and back.
(B) A model-based deconvolution algorithm increases the maximum particle speed for which
accurate mass measurements can be obtained. Limited resonance-tracking bandwidth
constrains the maximum throughput of SMRs, since fast resonance frequency shifts cannot
be fully resolved by the sensor, resulting in distortion of the measured resonance frequency
signal (top). A deconvolution-based algorithm that uses knowledge of the expected resonance
frequency signal is used to “deblur” the distorted resonance frequency signals and recover
particle mass measurements (bottom).
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(C) Schematic of parallel SMR array devices, which contain sixteen SMRs connected fluidically
in parallel and operated simultaneously to further increase throughput.

Here we present two independent technical advancements that increase SMR throughput
without degrading precision.
The first is a method for obtaining accurate and precise mass measurements from particles
flowing through the resonator with transit times up to ~16 times faster than previously possible. In
normal operation, a phase-locked loop (PLL) is used to keep the SMR vibrating at its resonance
frequency by forming a resonance-tracking SMR-PLL feedback loop33 (Supplemental Fig. 1). This
resonance-tracking loop can be configured with arbitrary response speed, but due to the
fundamental tradeoff between frequency noise and bandwidth, diminishing signal-to-noise ratio
sets an upper limit on the achievable resonance-tracking bandwidth. To surpass this throughput
limitation, we developed a model-based deconvolution algorithm that extracts mass measurements
from measured resonance frequency signals that were created by particles flowing too fast to be
fully resolved by the resonance-tracking loop (Fig. 9B). Intuitively, this operation corresponds to
“de-blurring” of the measured resonance frequency signal, which was “blurred” due to the limited
bandwidth of the resonance-tracking loop, analogous to the use of deconvolution in microscopy to
de-blur images that were blurred due to diffraction. Since the deconvolution operation is performed
in post-processing, this approach can be immediately applied to existing SMR systems that are
read out using SMR-PLL resonance-tracking loops, without any need for additional hardware
modifications.
The second advancement is a microfluidic device containing sixteen SMRs connected
fluidically in parallel and operated simultaneously (Fig. 9C). Using techniques described

36

previously27,33, shifts in the resonance frequency of each cantilever can be tracked independently,
and frequency-multiplexing allows each cantilever to be continuously driven at resonance using a
single actuation channel and single detection channel. We evaluate the precision of the parallel
SMR arrays by measuring suspensions of monodisperse polystyrene beads, obtaining coefficients
of variation up to ~4 times lower than a commercial Coulter counter configured for a similar size
range.

2.2

Model-based deconvolution

The throughput of SMRs is fundamentally limited by the temporal resolution with which changes
in resonance frequency can be tracked. To increase volumetric throughput, particles must transit
the cantilever more quickly, and so wider resonance-tracking bandwidths are required to fully
resolve the position-dependent shift in resonance frequency caused by the added mass of the
moving particle. Specifically, for a particle flowing at constant speed through a cantilever driven
in the second bending mode, the resonance-tracking loop must have bandwidth (in Hz) at least 24
times greater than the characteristic frequency 1/𝑇transit in order for the transient resonance
frequency shift to be fully resolved with >99.9% energy recovery (a criterion we have used
previously33).
When this bandwidth requirement is not met, the measured resonance frequency signal
becomes distorted by the limited bandwidth of the resonance-tracking loop. The degree of
distortion depends on the specific resonance-tracking transfer function, mostly by the relative
values of the loop bandwidth and transit time. Configuring the resonance-tracking loop with a
wider bandwidth enables the measurement of faster particles without distortion of the resonance
frequency signal, but at the expense of widening the noise bandwidth (Supplemental Figure 1).
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In order to increase the maximum particle speed that can be measured at a particular
resonance-tracking bandwidth (and therefore with constant measurement noise), we explored
whether one could computationally analyze distorted resonance frequency signals to estimate the
true, fully-resolved resonance frequency signal, which encodes the particle’s mass. Since the
distorted resonance frequency measurement is mathematically the convolution of the true
resonance frequency signal with the closed-loop impulse response of the resonance-tracking loop,
one could potentially deconvolve the known resonance-tracking impulse response from the
distorted measurement to arrive at an estimate of the original resonance frequency shift signal.
There exist various computational approaches for performing this deconvolution operation,
including classical Tikhonov-Wiener approaches and more modern statistical methods41.
However, this application differs from the classical deconvolution problem, since more
information is available; the shape of the true resonance frequency signal is known, while only its
amplitude and duration are unknown.
We developed a deconvolution-based signal recovery algorithm (Fig. 10) that uses
knowledge of the expected shape of the true resonance frequency signal to estimate a particle’s
mass and transit time by comparing the measured peak shape against a pre-computed library of
distorted peak shapes. The library of distorted peak shapes was generated by convolving
theoretical (non-distorted) peak shapes of varying transit time with the impulse response of the
measured resonance-tracking transfer function, to predict the distorted peak shapes that would be
observed for particles with a particular transit time. Measured distorted peak shapes are compared
against this library, and an optimization procedure is used to fit three parameters to the
measurement: the time at which the particle entered the cantilever, its transit time, and the
amplitude of the distorted peak. Modeling the distorted measurement as the convolution of the
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theoretical peak shape with the resonance-tracking impulse response, these three parameters (the
particle’s entrance time, transit time, and signal amplitude) are sufficient to fully recover an
estimate of the true resonance frequency signal, which encodes the particle’s mass.

Figure 10. Model-based deconvolution algorithm.
(A-B) Measured signals are normalized such that the maximum deviation from the baseline has
unit amplitude; (C-D) normalized signals are compared against a pre-computed library of distorted
peak shapes to estimate the particle’s transit time (𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) and cantilever entrance time (𝑡𝑒𝑛𝑡𝑒𝑟 );
(E) the signal amplitude is fit to minimize deviation between the (scaled) fit peak shape and the
measured signal; and (F) a pre-computed lookup table of deconvolved peak shapes is used to
recover an estimate of the de-blurred signal, for which the peak resonance frequency shift at the
antinode is proportional to particle mass.

2.2.1

Details of deconvolution algorithm
More specifically, the “model-based deconvolution” algorithm works as follows.

Generating a library of blurred peak shapes first requires knowledge of the theoretical peak shape.
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The position-dependent resonance frequency shift that occurs when a particle flows through the
resonating cantilever, normalized to unit maximum amplitude, is given by
𝑓𝑆𝑀𝑅 (𝑡, 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) =

−𝑢𝑛2 (𝑧(𝑡))
(𝑢𝑛2 )max

where 𝑢𝑛 (𝑧) is the cantilever deflection at position z (normalized such that 𝑧 = 0 at the cantilever
base and 𝑧 = 1 at the cantilever tip) when driven in mode n (here, 𝑛 = 2), and (𝑢𝑛2 )antinode is the
maximum squared deflection of the cantilever. For the particle trajectory 𝑧(𝑡), we approximate the
particle as moving at a constant speed to the end of the fluidic channel (96.5% of the total cantilever
length for our devices) then instantly turning and returning to the base of the cantilever at the same
speed.
The PLL frequency signal, i.e., the time-varying estimate of the resonance frequency
generated by a phase-locked loop in feedback with an SMR, is modeled as the convolution of this
theoretical resonance frequency signal with the (user-specified) resonance-tracking impulse
response given by ℎ𝑆𝑀𝑅 :
𝑓𝑃𝐿𝐿 (𝑡, 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 , ℎ𝑡𝑟𝑎𝑐𝑘 ) = 𝑓𝑆𝑀𝑅 (𝑡, 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) ∗ ℎ𝑆𝑀𝑅 (𝑡)
i.e., the theoretical resonance frequency signal is distorted, or “blurred”, by the resonance-tracking
impulse response.
Any distorted resonance frequency signal (and its corresponding de-blurred resonance
frequency signal) can be uniquely specified by three parameters: the time at which the particle
enters the cantilever (𝑡𝑒𝑛𝑡𝑒𝑟 ), the particle’s transit time through the cantilever (𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ), and the
signal amplitude (𝐴𝑃𝐿𝐿 and 𝐴𝑟𝑒𝑠 for the distorted and de-blurred signals respectively). Therefore,
assuming the particle travels at a constant speed and that the SMR-PLL impulse response is known
accurately, determining these three parameters (𝑡𝑒𝑛𝑡𝑒𝑟 , 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 , and 𝐴𝑃𝐿𝐿 ) from the distorted
signal is sufficient to recover an estimate of the de-blurred resonance frequency signal.
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We determine these three parameters (𝑡𝑒𝑛𝑡𝑒𝑟 , 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 , and 𝐴𝑃𝐿𝐿 ) from distorted peak
measurements as follows.
First, we pre-compute a library of distorted peak shapes (normalized to unit maximum
resonance frequency shift) as a function of particle transit time using the measured resonancetracking transfer function. The library contains pre-computed peak shapes for the full range of
transit times expected to be observed in the data – in our case, 1 to 100 ms, in steps of 0.1 ms.
Second, we fit an entrance time (𝑡𝑒𝑛𝑡𝑒𝑟 ) and transit time (𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) to the measured peak shape by
normalizing it to unit maximum amplitude and searching the library of distorted peak shapes for
the best fit, minimizing the following objective function:
𝜒 2 (𝑡𝑒𝑛𝑡𝑒𝑟 , 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 )

𝑓𝑙𝑖𝑏𝑟𝑎𝑟𝑦 (𝑡𝑖 − 𝑡𝑒𝑛𝑡𝑒𝑟 , 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 , ℎ𝑡𝑟𝑎𝑐𝑘 )
𝑓𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (𝑡𝑖 )
= ∑[
−
]
|𝑓𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 |𝑚𝑎𝑥
|𝑓𝑙𝑖𝑏𝑟𝑎𝑟𝑦 |

2

𝑚𝑎𝑥

𝑖

where the summation index runs over the length of the measured signal. Since this objective
function contains many saddle points and local minima, we found that we achieved the best
performance using a genetic algorithm for the optimization (the MATLAB implementation ga).
We evaluated the performance of the genetic algorithm using simulations, and found that
it correctly estimated transit time (within 1 ms of the true value for a 20 ms peak) in approximately
99% of cases (Supplemental Figure 2). Using this approach, the transit time fit to a particular peak
is limited to the finite set of transit times for which peak shapes have been pre-computed and stored
in the library of peak shapes; however, one can fit the transit time with arbitrary precision by
including more transit times in the peak shape library. Typically, we found 0.1 ms resolution to be
more than sufficient.
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Third, after fitting an entrance time and transit time to the normalized measured peak shape,
we fit the distorted signal amplitude (𝐴𝑃𝐿𝐿 ) to the non-normalized measured peak shape by
minimizing the following objective function:
𝜒 2 (𝐴𝑃𝐿𝐿 ) = ∑ [𝑓𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (𝑡𝑖 ) − 𝐴𝑃𝐿𝐿

𝑓𝑙𝑖𝑏𝑟𝑎𝑟𝑦 (𝑡𝑖 − 𝑡𝑒𝑛𝑡𝑒𝑟 , 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 , ℎ𝑡𝑟𝑎𝑐𝑘 )

𝑖

|𝑓𝑙𝑖𝑏𝑟𝑎𝑟𝑦 |𝑚𝑎𝑥

2

]

using MATLAB nonlinear programming solver fmincon.
Finally, after fitting an entrance time, transit time, and signal amplitude to the distorted
peak, we use the pre-computed library of distorted peaks to look up the de-blurred peak shape
corresponding to the observed distorted peak shape, yielding a recovered estimate of the true
resonance frequency signal, for which the resonance frequency shift at the antinode is proportional
to the particle’s mass. Specifically, we implement this procedure in two steps. First, we use the
peak library to look up the maximum amplitude of the de-blurred signal (𝐴𝑟𝑒𝑠 ) as a function of
transit time and the maximum amplitude of the amplitude of the distorted signal (𝐴𝑃𝐿𝐿 ). However,
for SMRs operated in the second vibrational mode, the resonance frequency shift at the antinode
(𝐴𝑎𝑛𝑡𝑖𝑛𝑜𝑑𝑒 ) is proportional to the particle’s mass. Fortunately, 𝐴𝑎𝑛𝑡𝑖𝑛𝑜𝑑𝑒 is related to the maximum
amplitude 𝐴𝑟𝑒𝑠 by a constant multiplicative factor, which depends only on the length of the fluidic
channel relative to the cantilever (𝐴𝑎𝑛𝑡𝑖𝑛𝑜𝑑𝑒 = 0.809𝐴𝑟𝑒𝑠 for our devices, for which the fluidic
channel extends 96.5% of the length of the cantilever). Scaling 𝐴𝑟𝑒𝑠 by this factor results in an
estimate of the resonance frequency shift when the particle is at the antinode, which is directly
proportional to particle mass, regardless of the length of the fluidic channel relative to the
cantilever.
Applying this deconvolution algorithm is computationally more complex than the simple
case where the resonance frequency signal is fully resolved and particle mass can be estimated
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simply by measuring the peak amplitude. Typically, the rate-limiting step for deconvolution is
applying the genetic algorithm to fit the distorted peak’s transit time and entrance time. However,
in our experience, our implementation of the algorithm running on a mid-range desktop computer
can complete this operation in 50-100 ms per peak, which has been sufficient for current
applications. In the future, optimizing the implementation of the algorithm may be beneficial if
computation becomes a rate-limiting step for data collection.

2.2.2

Comparison to other deconvolution techniques
Deconvolution is a common operation. So why was it necessary to develop a new technique

for this specific application? Here I provide a brief overview of some alternative methods used for
deconvolution, and discuss why they are not suitable for this specific application.
Given a continuous measured signal 𝑔(𝑡) and measurement system with causal impulse
response ℎ(𝑡), the problem of deconvolution has the generic form
∞

𝑔(𝑡) = ℎ ∗ 𝑓(𝑡) = ∫ 𝑓(𝜏)ℎ(𝑡 − 𝜏) d𝜏
0

in which the goal is to recover an estimate of 𝑓 (called 𝑓̂), given 𝑔 and ℎ.
The simplest approach is to “undo” the deconvolution in the frequency domain, in which
convolution with the measurement impulse response becomes a multiplication:
𝐺(𝜔) = 𝐹(𝜔)𝐻(𝜔)
The simplest approach for estimating 𝑓̂ would be to divide by the measurement transfer function
and invert the Fourier transform:
𝑓̂(𝑡) ≡ ℱ −1 (
However, this approach has several problems.
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𝐺(𝜔)
)
𝐻(𝜔)

The first problem is specific to our application. When using this approach, there is no guarantee
that the resulting signal 𝑓̂ will have the characteristic “shape” that occurs when a particle flows
through the cantilever. More specifically, we know from theory that when a particle flows through
an SMR driven in the second bending mode, the transient resonance frequency shift will have the
form 𝑓𝑆𝑀𝑅 (𝑡, 𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) =

2 (𝑧(𝑡))
−𝑢𝑛
2)
(𝑢𝑛
max

, where 𝑢𝑛 is the deflection profile. However, since

deconvolution is a lossy process due to noise, the recovered estimate 𝑓̂ will not necessarily have
this shape and so it is no longer clear which feature of the signal corresponds to particle mass.
The second problem is a more general problem associated with deconvolution. In reality, our
measurements are subject to noise, i.e.,
𝑔(𝑡) = ℎ ∗ 𝑓(𝑡) + 𝑛(𝑡)
In the frequency domain, this becomes
𝐺(𝜔) = 𝐹(𝜔)𝐻(𝜔) + 𝑁(𝜔)
Rearranging, we obtain the estimate
𝐺(𝜔) 𝑁(𝜔)
𝑓̂(𝑡) ≡ ℱ −1 (
−
)
𝐻(𝜔) 𝐻(𝜔)
The problem is with the term 𝑁(𝜔)⁄𝐻(𝜔). Consider a representative example in which the
measurement transfer function is a first-order lowpass filter (i.e., 𝐻(𝜔) = 1/(𝑗𝜏𝜔 + 1)) and the
noise spectrum is white (𝑁(𝜔) = 1). At high frequencies (𝜔 ≫ 1/𝜏), the transfer function 𝐻(𝜔)
effectively goes to zero, and so the noise term 𝑁(𝜔)⁄𝐻(𝜔) is greatly amplified since we
effectively divide by zero. The amplified noise dominates the signal and so the reconstruction 𝑓̂ is
typically poor.
Several modifications of this “direct deconvolution” technique have been introduced to
combat this problem. Most approaches fall into the category of regularization, a family of
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techniques intended to prevent overfitting. Tikhonov regularization is one such approach, which
is mathematically similar to ordinary least-squares linear regression. For a general linear operator
𝐻 (which could represent a convolution) which operates on a discrete signal 𝑓 and produces a
measurement 𝑔, the estimate 𝑓̂ is obtained by minimizing a cost function Φ(𝑓):
𝑓̂ = argmin 𝑓 {‖𝐻𝑓 − 𝑔‖22 + 𝛼‖𝑓‖22 } ≡ argmin 𝑓 {Φ(𝑓)}
where 𝛼 is an adjustable parameter that controls the “amount” of regularization. The term 𝛼‖𝑓‖22
is the “regularizer” which penalizes overfitting. The Tikhonov inverse is based on the so-called 𝐿2
regularizer (because it uses the 𝐿2 norm of 𝑓), but depending on the application it is common to
use other norms of 𝑓 or its derivatives. One can write out the calculus to set 𝜕Φ/𝜕𝑓 = 0 to solve
this optimization problem and obtain the “Tikhonov inverse filter” which acts on the measurement
to produce an estimate of the de-blurred signal:
𝑓̂ = (𝐻 𝑇 𝐻 + 𝛼𝐼)−1 𝐻 𝑇 𝑔
In the limit 𝛼 → 0 (corresponding to no regularization) this expression reduces to 𝑓̂ = 𝐻 −1 𝑔, as
expected. Intuitively, this approach works because the 𝛼𝐼 term increases the eigenvalues of
(𝐻 𝑇 𝐻 + 𝛼𝐼), preventing the previously-discussed “divide-by-zero” problem when taking the
inverse of the linear operator. While Tikhonov regularization is (by design) less sensitive than the
direct deconvolution approach to high-frequency noise in the measurement, it also has the problem
that the recovered estimate 𝑓̂ is not guaranteed to have the form of the theoretical second-mode
SMR peak shape. These limitations led us to consider alternative approaches for deconvolution,
eventually resulting in the model-based deconvolution algorithm described here.
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2.2.3

Linear resonance-tracking model
The model-based deconvolution approach relies on a linear model of the resonance-

tracking dynamics of the SMR-PLL loop, i.e., that the observed distorted peak shapes are
accurately modeled as a convolution of the theoretical peak shape with the resonance-tracking
impulse response. To test this assumption experimentally, we flowed a sample of nominal 1.1 μm
polystyrene particles (Thermo Scientific 4000 Series) at multiple speeds (transit times of
approximately 5, 10, and 20 ms) through an SMR with channel dimensions 3 x 5 x 120 μm3 while
the resonance-tracking loop was configured with a first-order transfer function with one of several
bandwidths (100, 300, or 500 Hz). We observed good agreement between the measured peak
shapes and the blurred peak shapes fit by the deconvolution algorithm across the grid of transit
times and loop bandwidths (Fig. 11A-B), suggesting that a linear model accurately predicts the
distortion of fast resonance frequency shifts by the SMR-PLL resonance-tracking loop.
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Figure 11. Characterizing performance of the model-based deconvolution algorithm.
(A) Distorted peak shapes predicted by a linear model of the SMR-PLL resonance-tracking loop.
Distorted peak shapes (solid lines) are modeled as the convolution of the theoretical peak
shape (dashed lines) with the nominal impulse response of the resonance-tracking loop. The
degree of distortion depends on the specific resonance-tracking transfer function, particularly
on the dimensionless transit time (𝑇transit × bandwidth).
(B) Measured peak shapes (gray points) and fits to the linear resonance-tracking model (red line)
for 1.1 μm polystyrene beads measured using an SMR with 3 x 5 x 120 μm 3 channel
dimensions, as a function of resonance-tracking bandwidth and particle transit time.
Deconvolution was performed by comparing measured peak signals against a library of
distorted peak shapes to fit three parameters: entrance time, transit time, and signal amplitude.
Good agreement was observed, indicating that the linear model accurately predicts the
observed distorted peak shapes.
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(C) Measured peak amplitudes (amplitude of the first antinode peak; red) and recovered peak
amplitudes (blue) for 1.1 μm polystyrene beads measured across a range of transit times, with
LOESS (locally estimated scatterplot smoothing) fits overlaid as solid lines. The model-based
deconvolution algorithm accurately recovered peak amplitude (and therefore particle mass)
independent of transit time.
(D) Peak measurements simulated by generating theoretical peak shapes with 5 Hz amplitude and
varying transit time, convolving with a specified resonance-tracking transfer function to
simulate distortion, then corrupted with additive white noise. At a particular transit time,
measuring the peaks with a fixed, narrow bandwidth (200 Hz) followed by model-based
deconvolution (blue points) results in more precise peak amplitude estimates than the
alternative approach of increasing the bandwidth to fully resolve the peak signal (gray points).
Noise spectrum modeled as white, with σ = 0.25 Hz at 200 Hz bandwidth.
(E) Peak amplitude uncertainty as a function of transit time (i.e., standard deviation of peak height
estimates at a particular transit time) for the simulations in (E). At faster transit times, the
deconvolution algorithm (while measuring peaks at a fixed 200 Hz bandwidth) provides more
precise peak amplitude estimates than simply increasing the resonance-tracking bandwidth to
fully resolve the signal. Throughput estimates are for a cantilever with channel dimensions 3
x 5 x 120 μm3.
(F) For particles flowing through the cantilever with a particular transit time, the signal-to-noise
ratio (signal energy/measured noise power) increases when the resulting resonance frequency
signal is detected using a narrower-bandwidth resonance-tracking loop.
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2.2.4

Accuracy and precision
After confirming that a linear model accurately predicts distorted peak shapes, we next

asked whether applying the model-based deconvolution algorithm to measured distorted peak
shapes could accurately estimate particle mass. Although the true, non-distorted resonance
frequency signal is not available for measurement, the performance of this approach can be
evaluated by measuring particles of the same size at different speeds, and then confirming that
after the deconvolution algorithm has been applied, the estimated mass does not depend on the
particle’s transit time. We configured the resonance-tracking loop with a first-order transfer
function of 200 Hz bandwidth, and then flowed monodisperse 1.1 μm polystyrene particles
(nominal volume coefficient of variation 3.3%) through the 3×5×120 μm3 cantilever with transit
times ranging from 5-100 ms (N = 7685 particles; Figure 11C). As expected, the amplitude of the
measured peak shapes varied with transit time due to distortion, even though all particles had
approximately the same mass. In particular, peak amplitude was attenuated for particles with
transit times faster than approximately 90 ms, with more attenuation for faster-flowing particles
(Figure 11C; red). However, applying the deconvolution algorithm to these peaks accurately
recovered the true peak amplitude; the recovered peak amplitude was approximately independent
of transit time (Figure 11C; blue), confirming that the deconvolution algorithm accurately
recovered the mass of particles with transit times as low as 7.5 ms. As a measure of the bias
introduced by the deconvolution algorithm, the maximum absolute deviation of the LOESS fit
(blue, solid line) from the true mean peak amplitude was 2.5%. However, these measurements
only provide an upper bound on the uncertainty introduced by the deconvolution algorithm; since
the measured size dispersity is approximately constant across the range of transit times, the
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degradation of precision introduced by deconvolution is less than the true size dispersity of the
particles, which have a nominal volume coefficient of variation of 3.3%.
Next, we turned to simulations to better quantify the effect of the signal recovery algorithm
on measurement precision. We simulated noisy, distorted peak shapes with 5 Hz amplitude and
transit times ranging from 1-100 ms. The distorted peaks were simulated by convolving the
theoretical peak shape with a resonance-tracking impulse response of interest (here, a 200 Hz
second-order Butterworth impulse response), downsampling this distorted resonance frequency
signal to 12.5 kHz to simulate measurement and data acquisition through the digital SMR-PLL
loop, then adding white noise (σ = 0.25 Hz at 200 Hz bandwidth). We then applied the
deconvolution algorithm to each of these simulated distorted, noisy peak signals, and recorded the
amplitudes of the recovered “de-blurred” peaks (Fig. 11D). As expected, the resulting peak
amplitude estimates were symmetrically distributed about the true value of 5 Hz, with larger
uncertainty for faster-flowing particles.
We compared the performance of the deconvolution algorithm to the alternative approach
of simply widening the resonance-tracking bandwidth to fully resolve each particle’s resonance
frequency signal. To maximize precision in this measurement configuration, the resonancetracking bandwidth should be as narrow as possible while still fully resolving the signal; for a firstorder loop, the minimum bandwidth is approximately 24.3/𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 to ensure >99.9% energy
recovery. To evaluate the precision of this approach, we again simulated peak measurements of 5
Hz amplitude with transit times ranging from 1-100 ms, but with the loop bandwidth for each peak
set to 24.3/𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 to ensure that all peak shapes were fully resolved. Each peak was corrupted
with white noise appropriate to the loop bandwidth; we assumed the spectrum was white with
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power increasing proportional to resonance-tracking bandwidth, with σ = 0.25 Hz at 200 Hz
bandwidth.
Across the entire range of transit times (1-100 ms), the deconvolution algorithm achieved
better precision than the alternative approach of widening the loop bandwidth to fully resolve the
peak shape (Fig. 11E); for 1 ms peaks, the deconvolution-based approach improved precision by
more than three-fold with this configuration and noise spectrum. In summary, our deconvolution
approach allows accurate, precise mass measurements to be made on particles flowing up to 16
times faster than previously possible at a particular resonance-tracking bandwidth, and improves
precision beyond the alternative approach of increasing resonance-tracking bandwidth to fully
resolve particles flowing at these higher speeds. Table 2 summarizes the throughput achieved by
this approach, compared to existing devices configured with the same resonance-tracking
bandwidth (500 Hz) and measuring a sample with the same concentration (one particle per ten
cantilever volumes).

Table 2. SMR throughput comparison, for cantilevers of channel dimensions 12×20×350
μm3
System
Single SMR
Single SMR, deconvolution
Parallel SMR array
Parallel SMR array,
deconvolution (estimated)

Minimum transit time

Maximum throughput

Fold improvement

49 ms

120 particles/min

1x

3 ms

2000 particle/min

16x

10.6 ms

6800 particle/min

55x

3 ms

24,000 particle/min

197x
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2.2.5

Optimal bandwidth
After determining that the deconvolution algorithm allows particles to be measured up to

16x faster at a particular resonance-tracking bandwidth, we next asked how the resonance-tracking
bandwidth should be selected to optimize the tradeoff between signal tracking and noise rejection
for particles flowing at a particular speed. In particular, narrower loop bandwidths (of order
1/𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) result in lower noise at the expense of more significant signal distortion, while wider
loop bandwidths (≫ 1/𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 ) result in improved temporal resolution at the expense of increased
frequency noise. To quantify the tradeoff between these two objectives, we calculated the signalto-noise ratio of measured peaks as a function of resonance-tracking bandwidth. First, we
quantified signal tracking as a function of resonance-tracking loop bandwidth by calculating the
recovered energy of the blurred signal as a function of resonance-tracking bandwidth and transit
time. (Supplemental Fig. 3A-B); greater energy recovery corresponds to better tracking of the
resonance frequency signal. Next, we quantified frequency noise as a function of bandwidth by
recording noise samples from an SMR configured with a range of resonance-tracking bandwidths,
and from these noise samples calculated total noise power as a function of bandwidth
(Supplemental Fig. 3C). Taking the ratio of signal energy to noise power, we observed that for our
devices, the signal-to-noise ratio decreases monotonically with bandwidth for particles with a
particular transit time, i.e., using narrower loop bandwidths increases the signal-to-noise ratio, with
diminishing returns at very narrow loop bandwidths (Fig. 11F). This result provides additional
support for the notion that when measuring particles with a particular transit time, better signal-tonoise ratios are obtained by configuring the resonance-tracking loop with a narrow bandwidth and
applying the deconvolution algorithm, rather than simply widening the bandwidth to fully resolve
the signal. The ideal resonance-tracking transfer function has as narrow a bandwidth as possible
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while still tracking the signal well enough for the deconvolution algorithm to succeed. We have
found via simulations that the algorithm begins to fail (by beginning to fit incorrect peak shapes)
when the dimensionless transit time 𝑇transit × bandwidth (Hz) falls below approximately 1.5.

2.3

Parallel SMR arrays
Next, we explored to what extent throughput could be increased by operating multiple

SMRs simultaneously on the same microfluidic chip. Previously, it has been shown that our
detection approach can be used to track multiple resonances simultaneously, whether those
resonances are multiple vibrational modes of a single cantilever33 or multiple cantilevers with
different resonance frequencies27. Due to the high quality factors of the resonators, a single
actuation channel and single detection channel summing the piezoresistor currents can be used to
drive multiple SMRs at resonance simultaneously with minimal crosstalk.
We designed devices containing sixteen SMRs connected fluidically in parallel between
two large bypass channels (Fig. 12A; device shown in Fig. 9C). Particles are loaded into the device
through the first bypass channel, pass through one of the sixteen cantilevers, then are flushed off
the chip in the opposite bypass channel. Cantilever deflections are read out via embedded
piezoresistors, as described previously42. The fluidic channels embedded in the cantilevers have
cross-sectional area 12 × 20 μm2 and the cantilever lengths vary from 461-573 μm, resulting in
second-mode resonance frequencies in the range of 600 kHz–1 MHz, with typical quality factors
in the range of 2000-4000 (Fig. 12B). Of note, these devices are larger (and therefore less sensitive)
than the 3×5×120 μm3 channels described above. We chose to operate either 10 or 12 of the 16
sensors simultaneously to maintain compatibility with existing readout electronics. We confirmed
that each SMR-PLL resonance-tracking loop was configured with the desired dynamics by directly
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measuring the resonance-tracking impulse response for each SMR-PLL loop (Supplemental Fig.
4A), and from this, derived the corresponding resonance-tracking transfer functions (Supplemental
Fig. 4B).

Figure 12. Parallel SMR arrays.
(A) Resonance frequency signals from ten SMRs operated in parallel on the same chip (out of a
maximum of 12). Plots show a sixty-second sample of the resonance frequency signal from
each cantilever, measuring a suspension of 7 μm polystyrene beads in phosphate-buffered
saline. For this particular device, we chose to operate only 10/12 cantilevers due to coupling
between SMR-PLL loops, which we occasionally observe.
(B) Open-loop transfer function amplitude for the parallel SMR array. Resonators are multiplexed
in the frequency domain to enable independent control. Quality factors ranged from 25494646.
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(C) With the specified resonance-tracking transfer function (second-order Butterworth, 500 Hz
bandwidth), particles can be weighed with cantilever transit times as low as 10.6 ms while still
fully resolving the resonance frequency signal (>99.9% energy recovery), or with transit times
as low as 5.1 ms before the measured peak amplitude becomes attenuated by 1%.

Pressure-driven flow is used to load particles from both ends of the bypass channel
simultaneously for measurement. This sample-loading approach results in similar numbers of
particles being loaded into each cantilever; however, we have observed slight day-to-day drift in
the fraction of particles entering each sensor, even when the device is configured with nominally
the same pressure settings (Supplemental Fig. 4C).
We designed the fluidic channels inside the cantilevers to extend only to the antinode when
driven in the second vibrational mode (~48% of the cantilever length), which results in an altered
transit resonance frequency signal with a single peak, compared to the signal with three peaks
when the fluidic channel extends to the tip of the cantilever25 (Supplemental Fig. 5). This design
has several advantages. First, the transient resonance frequency signal can be fully resolved (e.g.,
>99.9% energy recovery, with no need for deblurring) for particles flowing at ~2.3 times higher
speeds, since spectral energy of the modified peak shape is concentrated at lower frequencies.
Second, since the fluid volume inside each cantilever is reduced, the system can measure more
concentrated particle suspensions (by a factor of ~2.0) without instances of two particles occupying
a cantilever at the same time. Finally, compared to operating SMRs in the first mode, this approach
eliminates position-dependent error resulting from variation in the trajectory a particle takes when
flowing through the cantilever25 (Supplemental Fig. 5). However, as a tradeoff, we found that the
modified peak shapes generated by these cantilevers cannot be reliably de-blurred by the model-
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based deconvolution algorithm, since the peak shapes do not contain enough features to reliably
determine the particle’s transit time and fit a distorted peak shape.

2.3.1

Throughput
We evaluated the maximum throughput that could be achieved using the parallel SMR

arrays while still precisely measuring particle masses. Our standard criterion is to require that the
peak shape be fully resolved (i.e., >99.9% energy recovery); for a resonance-tracking loop with
second-order Butterworth dynamics, this requires that the dimensionless transit time
(𝑇transit × bandwidth) be least 5.3. At 500 Hz bandwidth, this corresponds to a minimum transit
time of 10.6 ms and a maximum throughput of 8.1 μL/min through 12 cantilevers, representing a
27-fold improvement in volumetric flow rate over a single SMR with the same resonance-tracking
transfer function (Table 2). As an additional criterion for determining the maximum throughput,
we required that the measured peak amplitude should be attenuated by no more than (say) 1% from
the true value (Fig. 12C); however, this constraint was less restrictive, only requiring that the
dimensionless transit time be greater than 2.6. To summarize, the designed parallel SMR arrays
increase volumetric throughput by a factor of up to 27 compared to a single SMR operating with
the same resonance-tracking bandwidth.
Although the peak shapes from these devices are not compatible with the model-based
deconvolution algorithm, future device designs could include fluidic channels extending the full
length of the cantilever, enabling the use of the deconvolution approach for even further increases
in throughput. Based on the algorithm’s approach for single-cantilever SMR devices, i.e.,
accurately recovering signal amplitude for dimensionless transit times 𝑇transit × bandwidth as low
as 1.5, we estimate that future parallel SMR arrays could achieve throughput as high as 59 μL/min
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through 12 cantilevers, a 197-fold improvement in volumetric throughput over previouslydescribed single-cantilever SMRs, and a further 7-fold improvement over the current generation
of parallel SMR arrays (Table 2).
Regardless of flow rate, the maximum allowable concentration of the particle suspension
is limited by the restriction that only one particle can occupy each cantilever at a time. We modeled
the probability of double-occupancy events – instances where two particles occupy a cantilever at
the same time – as a function of sample concentration, modeling particle loading as a Poisson
process (Supplemental Information). In particular, limiting the likelihood of double-occupancy
events to <10% requires that the average sample concentration be less than one particle per ~10
cantilever volumes. For the parallel SMR arrays, this requirement limits the maximum particle
concentration to approximately 850 particles/μL. At this concentration, the current version of the
parallel SMR array achieves maximum throughput of ~6800 particles/minute through 12 sensors,
a 55-fold improvement compared to a single SMR operating with the same resonance-tracking
bandwidth (Table 2). Further, for the future parallel SMR arrays compatible with deconvolution,
this maximum concentration corresponds to an estimated maximum throughput of 24,000
particles/min.

2.3.2

Particle-sizing precision
We compared the precision of the parallel SMR array to that of a high-end commercial

Coulter counter (Multisizer 4, Beckman Coulter). Specifically, we compared the instruments’
ability to resolve the size distributions of monodisperse 8, 9, and 10 μm diameter NIST-traceable
polystyrene particles (Thermo Scientific 4000 Series). The Multisizer 4 was configured either with
a standard 100 μm aperture (Fig. 13A) or high-sensitivity 30 μm aperture (Fig. 13B). The parallel
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SMR array was configured with second-order Butterworth dynamics with 500 Hz bandwidth. We
measured at least 1000 particles of each size using each instrument, and calculated the robust
coefficient of variation (0.741 × interquartile range/median) as a measure of precision.
The 8, 9, and 10 μm diameter particles have manufacturer-reported volume coefficients of
variation (CVs) of 3.3%, 3.0%, and 2.7% respectively, as determined by microscopy (Fig. 13C).
The parallel SMR array resolved narrower size distributions for all particle sizes (2.0%, 1.8%, and
1.3% for the 6, 7, and 8 μm sizes respectively), suggesting that it achieves higher relative precision
than the approach used by the manufacturer. The Coulter counter measured slightly broader size
distributions than the SMR when configured with the high-sensitivity 30 μm aperture (4.0%, 3.3%,
and 4.1%), and even wider particle size distributions with the standard 100 μm aperture (6.5%,
7.4%, and 5.0%). Still, the Coulter counter has the advantage of achieving throughput still an order
of magnitude greater than the current implementation of the parallel SMR array, on the order of
tens of thousands of particles per minute. Selecting the appropriate instrument still depends on the
desired tradeoff between throughput and precision, and whether measuring particle mass or
volume happens to be preferable for the specific application.
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Figure 13. Precision of parallel SMR array vs. Multisizer 4 Coulter counter.
(A, B) Distribution of particle sizes for nominal 8, 9, and 10 μm diameter polystyrene beads
measured with the parallel SMR array (blue) vs. a Multisizer 4 Coulter counter configured with
either (A) a standard 100 μm aperture, or (B) a high-sensitivity 30 μm aperture. N > 1000 particles
measured for all conditions.
(C) Robust coefficients of variation (0.741 × interquartile range/median) for each instrument.

Although these measurements are not sufficient to determine how much of the measured
size variation results from true differences in particle size as opposed to random measurement error
from each instrument, they do indicate that SMRs offer improved resolution over other particle
sizing techniques, which may prove useful in detecting subtle size changes or the existence of
subpopulations in heterogeneous samples.
To identify whether there were significant differences in precision between individual
sensors in the parallel SMR array, we measured a sample of 8 m polystyrene beads and compared
the size distributions measured in each cantilever (Supplemental Figure 7). The coefficients of
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variation for each cantilever (ranging from 2.1-3.7%) were comparable to the overall coefficient
of variation (2.6%).

2.4

Discussion
Here we have described methods to increase the volumetric throughput of SMR-based

particle mass sensors. First, using new computational methods for extracting mass measurements
from faster-flowing particles, throughput was improved by a factor of 16 compared to previouslyreported systems. Second, using devices containing arrays of SMRs connected fluidically in
parallel and operated simultaneously, throughput was increased by a factor of ~27, while still
resolving the size distribution of a polystyrene bead standard with greater precision than a highend commercial Coulter Counter. Further, we estimate that future versions of the parallel SMR
arrays designed with full-length fluidic channels for compatibility with the deconvolution
algorithm could achieve throughput as high as 59 μL/min, a 197-fold improvement compared to
existing systems, and a further 7-fold improvement over the parallel SMR arrays described here.
In the future, larger arrays of SMRs could be designed with more than the sixteen sensors
used here. Several factors limit the maximum number of sensors that can be operated on the same
chip. One of the primary limitations is the requirement to space out the resonances in the frequency
domain to avoid mechanical or electrical coupling between sensors. We have observed that with
our current approach, we begin to observe coupling between SMRs when the resonance
frequencies are spaced much closer than ~25 kHz. Therefore, adding more sensors requires that
the cantilevers be designed with resonance frequencies distributed over a wider range, i.e., for 50
cantilevers the resonances must be distributed over a range of >1.2 MHz to achieve a minimum 25
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kHz spacing. While this can be achieved, driving the cantilevers with sufficient amplitude at these
high frequencies presents some practical challenges that would need to be solved.
We envision that increased throughput will extend the range of applications for which mass-based
particle sizing can be employed. While mass has traditionally been less commonly used than
volume for characterizing particle size, in some applications it provides unique advantages, such
as the ability to distinguish particles of the same size but different densities43. In other cases, mass
and volume provide equivalent information about a particle’s size, such as in suspensions of solid
particles of uniform density; in these cases, SMRs may still provide an advantage due to their
increased precision compared to other size measurements. The increased precision of SMRs
relative to other methods increases further for sub-micron-scale particles: SMRs have been
successfully scaled down to measuring particles with buoyant masses as small as ~10 ag (10 nm
gold nanoparticles44), while miniaturized resistive pulse sensing instruments have been limited to
particles 50 nm or larger45. The methods developed here are equally useful for increasing
throughput for SMRs of all size scales.

2.5
2.5.1

Supplemental information
Maximum particle concentration to avoid multiple-

occupancy events
Regardless of volumetric flow rate, the maximum particle concentration that can be
measured is limited by the fact that at high sample concentrations, multiple particles will occupy
a cantilever at the same time, and the resulting resonance frequency signal is the sum of the two
individual peak shapes. While it is possible to decouple these signals33, it is useful to limit the
particle concentration to avoid the need to employ these techniques. Here we estimate the
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frequency of double-occupancy events – events where two particles occupy the cantilever
simultaneously – as a function of particle concentration.
Modeling the loading of particles into cantilevers as a Poisson process, the distribution of
times between successive particles entering the cantilever is exponential, with density
𝑓(𝑡; 𝑇𝑚𝑒𝑎𝑛 ) = (

1
𝑇𝑚𝑒𝑎𝑛

) 𝑒 −𝑡/𝑇𝑚𝑒𝑎𝑛

A double-occupancy event occurs when the separation between consecutive particles is less than
the transit time. This occurs with probability
𝑡 ′ =𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡

𝑃(double occupancy)= ∫
𝑡 ′ =0

𝑓(𝑡 ′ ; 𝑇𝑚𝑒𝑎𝑛 ) d𝑡′ = 1 − 𝑒 −𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 /𝑇𝑚𝑒𝑎𝑛

The mean particle spacing 𝑇𝑚𝑒𝑎𝑛 can be expressed in terms of the sample concentration
(𝑐0 ) and volumetric flow rate (𝑄) by noting that the flux of particles through the sensor is given by
(equivalently)
1/𝑇𝑚𝑒𝑎𝑛 = 𝑐0 𝑄
Finally, the volumetric flow rate is related to the sensor volume and particle transit time,
𝑄 = 𝑉𝑠𝑒𝑛𝑠𝑜𝑟 /𝑇𝑡𝑟𝑎𝑛𝑠𝑖𝑡 , under the approximation that particles travel at the mean flow velocity.
Collecting these terms, the probability of a double occupancy event is
𝑃(double occupancy) = 1 − 𝑒 −𝑐0 𝑉𝑠𝑒𝑛𝑠𝑜𝑟
where the quantity 𝑐0 𝑉𝑠𝑒𝑛𝑠𝑜𝑟 is a dimensionless concentration corresponding to the average number
of particles per cantilever volume (Supplemental Fig. 6).
Therefore, to limit the probability of double-occupancy events to be no greater than 𝑝, the
average number of particles per cantilever volume should be less than ln(1/(1 − 𝑝)). In our case,
we chose to limit the probability of double occupancy events to 𝑝 < 0.1, requiring that on average
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there be no more than ~0.1 particles per cantilever volume, or 1 particle per 10 cantilever volumes
(Supplemental Fig. 6).
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2.5.2

Supplemental figures

Supplemental Figure 1. Resonance-tracking and noise-rejection dynamics of the SMR-PLL
loop.
(A)

Schematic of the SMR-PLL loop used to continuously drive one or more cantilevers at
resonance.

(B, C) Phase-domain model of the SMR-PLL feedback loop. The loop filter (transfer function
𝐻𝐿𝐹 (𝑠) is designed to shape the closed loop resonance-tracking and noise-rejection
transfer functions (𝐻𝑡𝑟𝑎𝑐𝑘 (𝑠), 𝐻𝐿𝐹 (𝑠)) with the desired dynamics.
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Supplemental Figure 2. Comparison of optimization procedures for fitting transit time and
entrance time. Color indicates the value of the objective function for a simulated peak with 20
ms true transit time and 20 ms true entrance time, with a global minimum coinciding with the
true entrance time and transit time. Red points indicate the minima identified by 1000 repeated
applications of the interior point (A) and genetic algorithm (B) optimization approaches. (A) The
interior-point optimization procedure performed poorly, with only 73% of iterations correctly
estimating the transit time within +/- 1 ms. (B) The genetic algorithm performed better, with
~99% of iterations correctly estimating the transit time within +/- 1 ms.

65

Supplemental Figure 3. Signal-to-noise ratio as a function of resonance-tracking
bandwidth.
(A) Distorted peak shapes predicted by the linear model of the SMR-PLL resonance-tracking
loop, as a function of the dimensionless bandwidth 𝑇transit × bandwidth. At narrower loop
bandwidths, the noise power decreases, while the degree of signal distortion increases.
(B) Fraction of total signal energy recovered as a function of the resonance-tracking bandwidth
of the SMR-PLL loop (shown here for a first-order resonance-tracking transfer function). The
signal is fully resolved (signal energy >99.9%) for dimensionless bandwidths greater than
approximately 24.
(C) Measured total noise power as a function of resonance-tracking bandwidth, determined from
1-second noise samples. The noise is approximately white (log-log slope approximately +2).
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Supplemental Figure 4. Parallel SMR array characterization.
(A) Measured (red-blue) and predicted (black) impulse response for ten SMR-PLL resonancetracking loops, each configured with a first-order resonance-tracking transfer function with
100 Hz bandwidth. Each trace is the average of 100 impulses induced by instantaneously
offsetting the internal PLL phase by ten degrees.
(B) Measured (red-blue) and predicted (black) resonance-tracking transfer functions for the same
ten SMR-PLL resonance-tracking loops, obtained as the Fourier transform of the measured
impulse responses.
(C) Distribution of particle counts across the twelve sensors of a parallel SMR array measuring
suspensions of 7 μm polystyrene particles on different days. Although the pressure control
configuration remains nominally the same from day to day, we observe slight drift in the total
fractions of particles passing through each sensor.
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Supplemental Figure 5. SMRs with fluidic channels extending to the second-mode antinode.
The cantilevers of the parallel SMR arrays were designed with fluidic channels extending only to
the antinode when the cantilever is driven in the second mode (~48% of the cantilever length),
resulting in a resonance frequency signal with a single peak when a particle passes through the
sensor. This results in reduced position-dependent error (0.2%), since the peak resonance
frequency shift is relatively insensitive to whether a particle takes the inner, outer, or center path
when turning around at the tip of the cantilever.
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Supplemental Figure 6. Probability of two particles occupying the same cantilever
simultaneously as a function of sample concentration. As described in Supplemental
Information.
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Supplemental Figure 7. Comparing precision between sensors.
(A) Measured mass distributions for a sample of nominal 8 m polystyrene beads measured on a
parallel SMR array. An average of 874 particles were measured per sensor, with a minimum
of 94 in sensor 6. The mass distribution for each sensor is normalized to mean 1.
(B) The coefficients of variation for each cantilever ranged from 2.1-3.7%, comparable to the
overall coefficient of variation of 2.6%, suggesting similar performance between sensors.
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Chapter 3: Cell mass measurements for drug
susceptibility testing in cancer
3.1

Introduction
A key step in the process of developing a new functional assay is showing that the assay’s

predictions of drug sensitivity and resistance are predictive of patient outcome, i.e., that patients
who are classified as functional responders have better clinical responses to the drug of interest.
Ideally one would establish a new functional assay’s predictive power through a prospective
clinical study, in which patients are enrolled, biopsies are collected, functional testing is
performed, and functional responses are compared against patient outcome. However, because this
archetypal clinical study requires significant resources to design and run, a reasonable first step is
to use more tractable model systems (such as immortalized cell lines) to accumulate preliminary
evidence that the assay works.
Here, we evaluated the SMR mass assay (Fig. 14) in several cancer models, and found that in
each cancer, cell mass measurements predicted the expected patterns of drug sensitivity and
resistance. First, we used the SMR mass assay to measure the response of BCR-ABL-positive
leukemia cell lines to the BCR-ABL inhibitors imatinib and ponatinib. Next, to evaluate whether
cell mass measurements could also be used to predict drug sensitivity in solid tumors, we used the
SMR mass assay to test EGFR inhibitors against EGFR-mutant lung cancer cell lines. Finally, after
accumulating this preliminary evidence in immortalized cell lines, we designed a study evaluating
whether functional testing could predict the response of glioblastoma multiforme (GBM) patients
to temozolomide (TMZ), the standard-of-care chemotherapy in GBM. Specifically, we performed
functional testing on libraries of GBM patient-derived models and retrospectively compared
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functional TMZ sensitivity measurements against the patients’ clinical responses. This type of
retrospective clinical study is a useful intermediate step between initial validation experiments (in
immortalized cell lines with little clinical relevance) and a full-scale prospective clinical study
(which will ultimately be required for translation to the clinic, but is not practical for early-stage
validation).

Figure 14. Cell mass assay for functional drug susceptibility testing. Using parallel SMR
arrays, cell mass is measured at high throughput. Cytostatic and cytotoxic drugs result in shifts in
the growth of individual cells, which are reflected as changes in the cell mass distribution.

3.2
3.2.1

Evaluating the SMR mass assay in immortalized cell lines
Leukemia
Chronic myelogenous leukemia (CML) results from malignant transformation of a

hematopoietic stem cell. In over 90% of CML cases, this malignant transformation is caused by
the Philadelphia chromosome, a particular translocation that results in formation of the chimeric

72

BCR-ABL1 oncogene and expression of the BCR-ABL protein46. Constitutive BCR-ABL kinase
activity results in uncontrolled cancer cell growth and proliferation.

Figure 15. The chimeric BCR-ABL1 oncogene is formed from a chromosomal translocation
(t(9;22)(q34;q11)). Constitutive signaling through the BCR-ABL kinase is responsible for
malignant transformation of hematopoietic stem cells in over 90% of chronic myelogenous
leukemia patients.

To evaluate the SMR assay, we replicated a previous experiment in which leukemia cell
lines expressing the oncogenic kinase BCR-ABL were exposed to the BCR-ABL inhibitors
imatinib and ponatinib (Fig. 16). We have observed previously that in the cell line Ba/F3 BCRABL, exposure to BCR-ABL inhibitors arrests cells in G1 and drastically alters their MAR and
mass distributions5. Consistent with this previous finding, we observed a significant reduction in
mean cell mass for both cell lines within 8 hours of exposure to 1.4 μM imatinib (Fig. 16A). Also
consistently, for Ba/F3 BCR-ABL T315I, a cell line engineered to express an imatinib-resistant
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mutant BCR-ABL, there was no significant reduction in mass following exposure to 1.4 μM
imatinib (Fig. 16A).
Taking advantage of the increased throughput of the parallel SMR assay, we next measured
dose-response curves for the Ba/F3 and Ba/F3 BCR-ABL T315I cell lines after 8 hours exposure
to imatinib (Fig. 16B). Instead of comparing the mean mass between drug-exposed cells and
untreated controls, we computed an alternative summary statistic, the Hellinger distance, to
evaluate to what extent the cell mass distributions were altered by drug exposure. The Hellinger
distance is a “statistical distance” that measures the degree of difference between the mass
distributions of drug-treated and untreated cells; larger Hellinger distances reflect greater
differences between the treated and untreated mass distributions. As expected, the cellular
response (measured as the Hellinger distance) increased with imatinib dose for Ba/F3 BCR-ABL
but not Ba/F3 BCR-ABL T315I (maximum Hellinger distance 0.064 ± 0.004 vs. 0.012 ± 0.002 for
Ba/F3 BCR-ABL and Ba/F3 BCR-ABL T315I respectively, given as Hellinger distance ±
bootstrap standard error). Therefore, the parallel SMR array device recapitulates the expected
responses of two lymphoblastoid cell lines to two BCR-ABL inhibitors of clinical interest. Further,
due to the vastly increased throughput of the parallel SMR array compared to previous SMR
studies, a larger number of samples at a range of drug doses could be measured within ~2 hours of
instrument time, compared to the ~36 hours that would be required to measure the same number
of drug conditions using the MAR assay.
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Figure 16. The SMR mass assay recapitulates expected patterns of drug sensitivity and
resistance in BCR-ABL-positive leukemia.
(A) Examples of imatinib and ponatinib responses observed in the Ba/F3 BCR-ABL and Ba/F3
BCR-ABL T315I cell lines. For Ba/F3 BCR-ABL, there is a significant reduction in mean mass
after 8 hours exposure to 1.4 μM imatinib (one-sided Wilcoxon rank-sum p < 10-3) and to 100 nM
ponatinib (one-sided Wilcoxon rank-sum p < 10-3); however, as expected, for Ba/F3 BCR-ABL
T315I, there is only a significant reduction in mean mass after 8 hours exposure to 100 nM
ponatinib (one-sided Wilcoxon rank-sum p < 10-3), but not to 1.4 μM imatinib (one-sided
Wilcoxon rank-sum p > 0.99). Sample sizes: n > 2000 cells per condition.
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(B) Dose-response curves measured using the SMR mass assay, given as SMR response score ±
bootstrap standard error.

3.2.2

Lung cancer
Next, we asked whether cell mass measurements could also predict expected patterns of

drug sensitivity and resistance in a solid tumor, for which cells are adherent in culture and must be
enzymatically dissociated prior to measurement. To evaluate this we used PC9, an EGFR-mutant
human lung adenocarcinoma cell line expected to be sensitive to the EGFR inhibitor gefitinib, and
PC9-GR4, a resistance model containing EGFR T790M, a secondary mutation which is known to
confer resistance to gefitinib (Fig. 17). As expected, when these cell lines were exposed to 1 μM
gefitinib for 24 hours, trypsinized, then measured using the parallel SMR array, we observed a
large reduction in mean cell mass in PC9 (19% reduction; one-sided Wilcoxon rank-sum p <
0.001), but only a small change in the gefitinib-resistant PC9-GR4 (6% reduction; one-sided
Wilcoxon rank-sum p < 0.001; Fig. 17A; detailed protocol given in Methods). Also consistently,
for both cell lines we observed a significant reduction in cell mass after 24 hours exposure to 100
nM osimertinib, a third-generation EGFR inhibitor that also inhibits EGFR T790M.
We measured the transient gefitinib and osimertinib responses by sampling the cell mass
distributions at 8, 16, and 24 hours of exposure. As expected, we found that the SMR response, as
measured by the Hellinger distance, increased over time for PC9 but not PC9-GR4 when exposed
to gefitinib, but for both cell lines when exposed to osimertinib (Fig. 17B). Therefore, cell mass
measurements also recapitulate expected patterns of drug sensitivity and resistance in a simple
solid tumor model system.
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Figure 17. The SMR mass assay recapitulates expected patterns of drug sensitivity and
resistance in EGFR-mutant lung cancer.
(A) Examples of gefitinib and osimertinib response observed in the PC9 and PC9-GR4 cell lines.
For PC9, there is a large reduction in mean cell mass after 24 hours exposure to 1 μM gefitinib
PC9 (19% reduction; one-sided Wilcoxon rank-sum p < 0.001), but only a small response in
PC9-GR4, which expresses the gefitinib-resistant EGFR T790M (6% reduction; one-sided
Wilcoxon rank-sum p < 0.001). However, mean cell mass is significantly reduced for both cell
lines after 24 hours exposure to 100 nM osimertinib, a third-generation EGFR inhibitor that
also inhibits EGFR T790M (16% and 34% reduction in mass for PC9 and PC9-GR4
respectively; one-sided Wilcoxon rank-sum p < 0.001 for both samples).
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(B) Time response for the PC9 and PC9-GR4 cell lines after 8-24 hours exposure to EGFR
inhibitors. Hellinger distance increases over time for PC9 but not PC9-GR4 after exposure to
1 μM gefitinib, but for both cell lines after exposure to 100 nM osimertinib.

3.3

Glioblastoma multiforme
To take advantage of the increased throughput of the parallel SMR array, we designed a

larger-scale study to evaluate whether functional testing could predict the sensitivity of newlydiagnosed glioblastoma multiforme (GBM) patients to temozolomide (TMZ), an alkylating
chemotherapy agent that serves as the standard of care for newly-diagnosed GBM.
GBM is the most common brain cancer, making up over 50% of advanced gliomas47. GBM
tumors are by definition grade IV, meaning these patients have among the worst prognoses of any
brain tumor. Median overall survival with standard-of-care treatment is 16.6 months48.
Surgery is a common first step in treating patients with newly-diagnosed GBM47, both as a first
step toward reducing tumor mass and to obtain tissue samples for pathological evaluation. Even in
patients for whom resection is not possible (e.g., due to the location of the tumor), it is still common
to perform surgery to collect tumor biopsies for molecular analysis.
After surgery, first-line treatment consists of radiotherapy with concomitant and adjuvant
administration of temozolomide (TMZ), an alkylating chemotherapy agent. In some patient
populations, such as elderly patients, it is accepted to administer TMZ without radiotherapy due
to the negative impact of radiation toxicity49.
There are several prognostic factors for survival of GBM patients. The first is presence of
isocitrate dehydrogenase 1/2 (IDH1/2) mutations. Patients with IDH1/2 mutations are more likely
to progress from grade II/III gliomas to GBM, but among GBM patients, those with IDH1/2
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mutations survive significantly longer50. It is thought that the survival benefit results from
downregulation of a deleterious anti-tumor immune response in IDH1-mutant patients.51 A second
useful prognostic factor is methylation of the O6-methylguanine-DNA-methyltransferase
(MGMT) promoter, which is related to TMZ sensitivity. The MGMT protein is involved in DNA
repair, and is capable of repairing the (intentional) DNA damage induced by TMZ treatment.
Therefore, patients for whom the MGMT promoter is silenced by methylation have significantly
better survival outcomes when treated with TMZ+RT, compared to patients with unmethylated
MGMT promoter48. Approximately half of GBM patients have methylated MGMT48,50.

GBM is an especially suitable cancer for evaluating functional biomarkers due to the
availability of large libraries of patient-derived models with annotated clinical history and known
responses to TMZ. The patient-derived models are 3D tumor cultures that have been established
from GBM tumor resections, then propagated in vitro as neurosphere cultures using techniques
described previously. Performing functional testing on patient-derived models is a useful
intermediate step between initial validation experiments (using immortalized cell lines with limited
clinical relevance) and a full-scale prospective clinical trial (using fresh patient tissue), allowing
us to evaluate whether functional testing predicts patient response in a more tractable model
system.
In this study we evaluated not only the SMR mass assay, but also two other assays that
have previously been used for ex vivo drug susceptibility testing: (1) the CellTiter-Glo assay, which
measures ATP levels, and (2) the IncuCyte assay, which tracks the growth of GBM neurospheres
in culture using an automated brightfield microscope. These three functional assays have sufficient
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throughput to process tens of samples per day, which would not have been practical using the
current implementation of the MAR assay.

3.3.1

Functional assays for predicting temozolomide sensitivity

in GBM
Fig. 18 illustrates the workflow used to evaluate the SMR mass assay, CellTiter-Glo assay,
and IncuCyte assay. We selected 80 patient-derived neurosphere models from a library of models
established at the Dana-Farber Cancer Institute. When primary GBM tumor samples are processed
to initiate patient-derived models, they are also subjected to thorough molecular characterization
to detect alterations relevant to GBM, primarily MGMT promoter methylation, isocitrate
dehydrogenase (IDH) alterations, and mismatch-repair (MMR) deficiencies. Most importantly, the
patient-derived models are paired with annotated patient history, which we summarize as overall
survival duration.

Figure 18. Workflow for evaluating functional assays for TMZ sensitivity in GBM. Patientderived models are established from primary tumors, exposed to temozolomide or a vehicle
control, then functional readouts are used to measure the TMZ response at multiple timepoints of
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drug exposure. To determine whether the functional biomarkers are predictive, functional assay
results are compared against known patient history, namely MGMT methylation and overall
survival.

Our workflow for performing functional testing proceeded as follows. Neurosphere
cultures were dissociated, then seeded as single cells in ultra-low attachment microtiter plates.
After allowing 24 hours for cells to re-aggregate into neurospheres, the cells were exposed to either
a vehicle control or 20 μM temozolomide (a dose comparable to IC50 values reported previously).
Cells were monitored for two weeks after TMZ exposure, with functional readouts being taken
either continuously (IncuCyte assay) or at fixed timepoints (3, 5, 7, 10, 12, and 14 days of TMZ
exposure, for the CellTiter-Glo assay and SMR mass assay) with feeding at regular intervals over
the course of drug exposure. Before measuring using the SMR mass assay, neurospheres as
dissociated to single cells by treatment with Accutase (the detailed protocol is described in
Methods). After performing functional testing, we asked retrospectively whether each functional
assay predicted the duration that patients would survive on treatment with TMZ.

3.3.2

Functional testing identifies TMZ-responsive patient-

derived models
Functional testing identified a subset of patient-derived models that were responsive to
TMZ, as measured by all of the CellTiter-Glo, IncuCyte, and SMR mass assays (Fig. 19). In TMZresponsive models, such as BT440, the CellTiter-Glo and IncuCyte assays measured a reduction
in ATP and spheroid size, respectively. Interestingly, TMZ-responsive models typically exhibited
an increase in average cell mass at later timepoints, as measured by the SMR mass assay, consistent
with previous reports that the drugs arrests cells late in the cell cycle at the G2/M checkpoint 52.
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Other patient-derived models, such as BT330, did not exhibit a detectable TMZ response in any
of the three functional assays.
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Figure 19. Functional assays detect TMZ responsiveness in a subset of GBM patient-derived
models. Examples of TMZ-responsive (BT440) and TMZ-non-responsive (BT330) models are
shown.

To quantify the TMZ sensitivity of each model, we defined a “response score” for each
functional assay, a single statistic describing the extent to which the measurement changes when
cells are exposed to TMZ (Fig. 19, right). The IncuCyte, CellTiter-Glo, and SMR response scores
are defined in detail in Methods. Briefly, the IncuCyte response score is calculated by integrating
the difference in spheroid size between vehicle and TMZ-exposed conditions over the duration of
drug exposure; larger IncuCyte response scores reflect greater inhibition of spheroid growth by the
drug. The Cell-Titer Glo response score is defined based on the average CTG luminescence signal
across the timepoints of drug exposure; larger CTG response scores correspond to greater
reduction in ATP levels in drug-exposed samples. Finally, the SMR response score is defined as
the Hellinger distance53 between the vehicle and TMZ-exposed cell mass distributions, averaged
across multiple timepoints of drug exposure (details in Methods).
Across all patient-derived models, the SMR response score, IncuCyte response score, and
CellTiter-Glo response score were mutually correlated (Fig. 20; Spearman correlation 0.72, SMR
vs. CellTiter-Glo; 0.53, IncuCyte vs. CellTiter-Glo; and 0.49, IncuCyte vs. SMR).
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Figure 20. Correlation between functional assays across GBM patient-derived models.
Pairwise correlation between (A) the SMR and CellTiter-Glo assays, (B) the IncuCyte and
CellTiter-Glo assays, and (c) the IncuCyte and SMR assays.

3.3.3

Functional testing is consistent with MGMT promoter

methylation
The best known predictor of TMZ sensitivity is methylation of the O6-methylguanine-DNA
methyltransferase (MGMT) promoter. Patients with methylated MGMT promoter are more likely
to respond to TMZ due to reduced activity of the MGMT DNA repair mechanism, and methylated
MGMT is associated with increased survival. Similarly, unmethylated MGMT promoter is
84

generally associated with TMZ resistance and reduced survival. Therefore, we expected that
functional testing would generally detect greater TMZ responsiveness in models established from
MGMT-methylated patients, and reduced TMZ responsiveness in models established from
MGMT-unmethylated patients.
We compared the CellTiter-Glo, IncuCyte, and SMR response scores for patient-derived
models with no other relevant genetic alterations (i.e., IDH or MMR) and found that for all three
functional assays, MGMT-methylated patients had lower TMZ response scores than unmethylated
patients (Fig. 21). To compare the degree to which each functional biomarker differed between
MGMT-methylated and MGMT-unmethylated models, we computed the receiver operator
characteristic area-under-the-curve statistic (ROC AUC), interpreted as the probability that a
randomly-chosen MGMT-methylated sample will have a larger functional responder score than a
randomly-chosen MGMT-unmethylated sample; the values were comparable for all three
functional assays (ROC AUC values: SMR assay 0.74, CellTiter-Glo assay 0.74, IncuCyte assay
0.62).

85

Figure 21. Functional TMZ sensitivity assays are consistent with MGMT methylation. For
all three functional assays, MGMT-methylated patient-derived models have significantly higher
response scores compared to unmethylated models:
(A) SMR assay (Wilcoxon rank-sum p < 0.001, receiver operator characteristic AUC 0.74)
(B) CellTiter-Glo assay (Wilcoxon rank-sum p < 0.001, receiver operator characteristic AUC 0.74)
(C) IncuCyte assay (Wilcoxon rank-sum p = 0.04, receiver operator characteristic AUC 0.62)

For a subset patients, we independently measured MGMT promoter methylation of the
primary patient sample into addition to measuring MGMT methylation of the patient-derived
model (Supplemental Note 1); for a subset of these patients, MGMT methylation differed between
the primary sample and the patient-derived model, but for both MGMT biomarkers, functional
assay response scores were significantly higher for MGMT-methylated than for MGMTunmethylated samples (Fig. 22). Overall, these results suggest that functional drug sensitivity
testing is broadly consistent with the best currently-available predictors of TMZ sensitivity.
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Figure 22. Functional TMZ sensitivity correlates with both patient-derived model MGMT
methylation and patient MGMT methylation. For a subset of lines, MGMT methylation testing
was performed on both the patient-derived model and on the original primary tumor sample, with
different results for some patients. However, across all patients, both (A) patient-derived model
MGMT methylation and (B) primary patient sample MGMT methylation correlate with functional
assay results, suggesting that regardless of drift in MGMT methylation between the primary tumor
sample and patient-derived model, functional TMZ sensitivity testing is broadly consistent with
the MGMT biomarker.
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3.3.4

Functional testing predicts patient survival outcomes
Next, we asked retrospectively whether functional testing could predict the duration that

GBM patients would survive when treated with TMZ. We limited our analysis to models derived
from the subset of GBM patients who were newly-diagnosed (as opposed to having recurrent
disease), who received TMZ after surgery, had no IDH alterations, ultimately died due to
progressive disease, and for whom overall survival duration (from diagnosis to death) was known.
After applying all of these restrictions, the remaining subset of 47 patients had median overall
survival of 12.8 months.
First, we asked whether the CellTiter-Glo, IncuCyte, and SMR biomarkers could be used
to make a binary prediction of whether patients would survive for more or less than 15 months.
The simplest approach for making this prediction would be to set a single threshold for each assay,
and classify patients with larger response scores as “TMZ responders” (and therefore predict
overall survival greater than 15 months), and classify patients with lower response scores as “TMZ
non-responders” (and therefore predict overall survival less than 15 months). To choose the
decision threshold for classifying samples as TMZ responders or non-responders, we used the
received operator characteristic (ROC) to assess the sensitivity and specificity with which each
functional biomarker predicts 15-month survival as the decision threshold is varied (Fig. 23A). For
each functional biomarker, we computed the ROC area-under-the-curve statistic (ROC AUC) as a
measure of the assay’s predictive power: the AUC statistic of a random classifier would be 0.5,
while the AUC statistic of a perfect predictor would be 1. Both the IncuCyte and SMR functional
assays were moderately predictive of 15-month survival (ROC AUC statistics 0.72 and 0.69
respectively), while the CellTiter-Glo assay was less predictive of 15-month survival (ROC cstatistic 0.57).
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Figure 23. Functional testing stratifies patient response to temozolomide.
(A)

Receiver operator characteristic (ROC) between continuous functional biomarkers (the

SMR, IncuCyte, and CellTiter-Glo response scores) and a binary survival outcome (15-month
survival).
(B)

Survival distributions of patients stratified by MGMT methylation of patient-derived

models. Patients with MGMT-methylated models survive significantly longer than those with
unmethylated models (median overall survival 17.9 months vs. 8.2 months; log-rank p = 0.003; N
= 27 methylated and 17 unmethylated samples)
(C-E) Survival distributions of patients stratified by functional assay results. For the SMR assay,
patients with models classified as TMZ responders survived significantly longer than TMZ nonresponders (median overall survival 18.8 vs. 11.0 months; log-rank p = 0.002; N = 23 SMR
responders and 19 SMR non-responders). However, survival distributions were not significantly
different for patients stratified by the CellTiter-Glo or IncuCyte assays (CTG log-rank p = 0.35; N
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= 26 CTG responders and 13 CTG non-responders; IncuCyte log-rank p = 0.33; N = 23 IncuCyte
responders and 20 IncuCyte non-responders).

Predictive power was similar for other binary survival outcomes, e.g., 12-month, 15-month,
18-month, 21-month, and 24-month survival (Fig. 24).
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Figure 24. Predicting binary survival outcomes using functional biomarkers. Receiver
operator characteristic for predicting 12-, 15-, 18-, 21-, and 24-month survival using the SMR,
IncuCyte, and CellTiter-Glo assays. Receiver operator characteristics were comparable using
alternative binary survival outcomes (i.e., 12-month, 18-month, 21-month, or 24-month survival
rather than 15-month survival).

Next we asked how the predictive power of the functional biomarkers compared to the
predictive power of MGMT promoter methylation, the current best known predictor of TMZ
sensitivity and resistance. As expected, patients with MGMT-methylated models had longer
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overall survival than those with MGMT-unmethylated models (Fig. 23B.; log-rank p = 0.003;
median survival 17.9 months vs. 8.2 months for methylated vs. unmethylated patients).
To compare the predictive power of the MGMT biomarker to the predictive power of
functional testing, we classified each patient as a TMZ “responder” or “non-responder” for each
functional assay, based on whether their response score exceeded a specified threshold. We chose
the response threshold for each assay that achieved a minimum 70% sensitivity for identifying
TMZ responders (those with survival >15 months) while maximizing specificity. Overall survival
was significantly longer for SMR assay responders than for SMR assay non-responders (Fig. 23C;
(median overall survival 18.8 vs. 11.0 months; log-rank p = 0.002). However, we did not observe
a significant difference in survival distributions for the IncuCyte assay (Fig. 23D; log-rank p =
0.33) or the CellTiter-Glo assay (Fig. 23D; log-rank p = 0.35).

3.3.5

Evaluating predictive power of biomarker combinations
Because the functional biomarkers and MGMT methylation made conflicting predictions

of TMZ sensitivity for some patients, we next asked whether multiple biomarkers could be
combined to make more accurate predictions of TMZ sensitivity. There are several possible ways
in which functional biomarkers could be combined with the MGMT biomarker to make treatment
recommendations. Obviously in cases where both biomarkers agree on their prediction of TMZ
sensitivity or resistance, any method of combining biomarkers should make the same prediction.
Specifically, if a patient is a functional TMZ responder and has methylated MGMT, any method
for combining these two biomarkers should classify the patient as a likely TMZ responder.
Similarly, if the patient is a functional TMZ non-responder and has unmethylated MGMT, and
method for combining the two biomarkers should classify the patient as a likely TMZ non-

92

responder. The question is how one should handle the cases in which MGMT-unmethylated
patients appear to be functional TMZ responders, or where MGMT-methylated patients appear to
be functional TMZ non-responders: should we recommend treatment for these patients?
There are four possible options for combining the two biomarkers to make a prediction,
depending on how one decides to “break the tie” when the MGMT and functional biomarkers
make different predictions of TMZ sensitivity (Fig. 25). Four possible strategies for recommending
treatment are:
1. Recommend TMZ for patients who are functional responders or MGMT methylated
2. Recommend TMZ for patients who are functional responders and MGMT methylated
3. Recommend TMZ for patients who are functional responders (regardless of MGMT)
4. Recommend TMZ for patients who have methylated MGMT (regardless of functional
response)
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Figure 25. Combining functional biomarkers with MGMT for making TMZ treatment
recommendations. In cases where MGMT methylation and functional testing agree, it is
straightforward to make a treatment recommendation. However, for patients where MGMT
methylation and functional testing disagree, there are four possible options for recommending
treatment.

We asked which of these strategies would achieve the highest sensitivity for predicting
survival outcomes. One simple and interpretable approach for comparing these various biomarker
combinations is to compute the sensitivity and specificity with which they predict a binary survival
outcome, such as 18-month survival (Fig. 26). The ideal biomarker for TMZ response would have
specificity and sensitivity as close to 100% as possible, although the preferred balance between
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sensitivity and specificity remains to be decided by the clinician. The SMR biomarker alone
achieves 82% sensitivity and 75% specificity for predicting 18-month survival; i.e., 82% of
patients who survive for at least 18 months are classified as SMR responders, and 75% of patients
classified as SMR responders survive for at least 18 months (Fig. 26A). No other single functional
biomarker (CellTiter-Glo or IncuCyte) or MGMT achieved both greater sensitivity and specificity
than the SMR assay in predicting 18-month survival (Fig. 26B). Some biomarker combinations
achieved either higher sensitivity or higher specificity for predicting 18-month survival, but no
combination achieved both higher sensitivity and specificity than the SMR biomarker alone. While
it is possible that alternative strategies for integrating MGMT methylation with functional testing
could achieve better predictive power than either biomarker alone, this analysis does not suggest
7any benefit to combining both predictors compared to using the SMR biomarker alone. However,
depending on the tradeoff between sensitivity and specificity desired by the user, it may be
desirable to integrate multiple TMZ sensitivity predictors in order to obtain a treatment
recommendation.
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Figure 26. Biomarker combinations for predicting 18-month survival.
(A) Comparison of biomarkers (and combinations of biomarkers) used to predict 18-month
survival of patients treated with temozolomide. Different biomarkers classify different fractions of
the patient population as likely TMZ responders (“percentage biomarker-positive models”), and
also achieve varying sensitivity and specificity for predicting 18-month survival.
(B) Visual comparison of biomarker performance. The ideal biomarker for predicting TMZ
sensitivity would achieve sensitivity and specificity close to 1 for predicting 18-month survival.
The various biomarkers and biomarker combinations achieve varying degrees of sensitivity and
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specificity, but none achieves both higher sensitivity and higher specificity than the SMR
biomarker alone.

3.4

Methods

3.4.1

Functional testing of Ba/F3 BCR-ABL and Ba/F3 BCR-

ABL T315I cell lines
Ba/F3 BCR-ABL and Ba/F3 BCR-ABL T315I cell lines were a gift from the Weinstock
laboratory at the Dana-Farber Cancer Institute. Both the Ba/F3 BCR-ABL and Ba/F3 BCR-ABL
T315I cell lines were maintained in RPMI-1640 medium (ThermoFisher) supplemented with 10%
FBS (Sigma-Aldrich), 25 mM HEPES (Gibco), and 1X antibiotic/antimycotic (Gibco). For
maintenance, cells were passaged every 2-3 days to a minimum concentration of 75,000 cells/mL.
For functional testing, cells were seeded at 75,000 cells/mL in 12-well plates (Argos P1012), with
a volume of 1 mL/well. After 24 hours, cells were dosed with imatinib (Santa Cruz Biotechnology),
ponatinib (Santa Cruz Biotechnology), or a vehicle control (0.2% DMSO). At 8-10 hours of drug
exposure, cells were collected and immediately sampled by an SMR system for up to 20 minutes
per sample.

3.4.2

Functional testing of PC9 and PC9-GR4 cell lines
PC9 and PC9-GR4 cell lines were a gift from the Jänne laboratory at the Dana Farber

Cancer Institute. Both cell lines were maintained in RPMI-1640 medium (ThermoFisher)
supplemented with 10% FBS (Sigma-Aldrich), 25 mM HEPES (Gibco), and 1X
antibiotic/antimycotic (Gibco) in 75 cm2 culture flasks (VWR 10062-860). For maintenance, cells
were passaged every 3 days to a concentration 50k cells/mL in a volume of 15 mL (i.e., 10k
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cells/cm2). At each passage, medium was aspirated, cells were detached from the culture surface
by incubating with 0.25% trypsin-EDTA (ThermoFisher) for 10 minutes at 37 °C, then washing
with medium and resuspending at the desired concentration.
For functional testing, cells were trypsinized and seeded in 12-well plates (Argos P1012)
at a concentration of 50k cells/mL in a volume of 1 mL. After 24 hours, cells were exposed to
gefitinib (Selleck Chemicals), osimertinib (Selleck Chemicals), or a vehicle control (0.1%
DMSO). At timepoints of 8, 16, and 24 hours of drug exposure, cells were trypsinized then
resuspended in 150 μL medium for SMR measurement, with a measurement duration of 20
minutes per sample.

3.4.3

Functional testing of GBM patient-derived models
For the SMR assay, patient-derived models were dissociated to single cells (10-minute

treatment with 1X Accutase at 37 °C), then seeded at a density of 15,000 cells/mL in 24-well ultralow attachment plates (Costar 3473), with a volume of 1 mL/well. After allowing 24 hours for
neurosphere formation, the cells were exposed to 20 μM temozolomide or a vehicle control (0.1%
DMSO). Medium was replenished (100 μL/well) at days 3, 6, 10, and 13 after drug exposure, while
cells were sampled for SMR measurement on days 3, 5, 7, 10, 12, and 14. For SMR measurement,
neurospheres were dissociated to single cells by treatment with 1X Accutase for 10 minutes at 37
°C, then resuspended in 50 uL medium and sampled by the SMR for 20 minutes. Samples with
fewer than 300 cells detected in this time period were excluded.
For the CellTiter-Glo assay, patient-derived models were dissociated to single cells (10minute treatment with 1X Accutase at 37 °C), then seeded at a density of 15,000 cells/mL in 96well ultra-low attachment flat-bottom plates (Corning 7007), with a volume of 100 μL/well, with
three biological replicates per condition. After allowing 24 hours for neurosphere formation, the
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cells were exposed to 20 μM temozolomide or a vehicle control (0.1% DMSO). Medium was
replenished (10 μL/well) at days 3, 6, 10, and 13 after drug exposure. At days 3, 5, 7, 10, 12, and
14 after drug exposure, the CellTiter-Glo assay was performed following the manufacturer’s
protocol.
For the IncuCyte assay, patient-derived models were dissociated to single cells (10-minute
treatment with 1X Accutase at 37 °C), then seeded at a density of 1500 cells/100 μL in 96-well
ultra-low attachment round-bottom plates (CLS7007), with three biological replicates per
condition. After allowing 24 hours for neurosphere formation, the cells were exposed to 20 μM
temozolomide or a vehicle control (0.1% DMSO). Cells were then loaded on an IncuCyte S3 LiveCell Analysis Imaging System (Essen BioScience), and imaged every 2 hours for 14 days
following drug exposure, using the built-in Spheroid Analysis module. Images were segmented to
identify neurospheres, then spheroid size was quantified as the total projected spheroid area per
well. To eliminate cases in which the IncuCyte did not successfully capture an in-focus image of
the neurosphere, we excluded frames in which the total observed spheroid area per well was less
than 0.25 mm2.

3.4.4

SMR response score
For each functional assay, a “response score” was calculated that summarizes the extent to

which the sample responds to the drug treatment compared to a vehicle control across all measured
timepoints.
The SMR response score is based on the Hellinger distance between the control and drugtreated cell mass distributions. The Hellinger distance is a measure of statistical distance between
mass distributions 𝑃(𝑚) and 𝑄(𝑚), and is defined as:
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∞

1/2

𝐻(𝑃, 𝑄) = [1 − ∫ √𝑃(𝑚)𝑄(𝑚) d𝑚]
−∞

A Hellinger distance of 0 corresponds to no difference between the control and drug-treated mass
distributions (i.e., no drug response), and a Hellinger distance of 1 would correspond to completely
non-overlapping mass distributions. This summary statistic has the advantage that is agnostic to
whether drug treatment caused mass to increase or decrease, and simply identifies the degree of
change in the mass distribution. We evaluated the Hellinger distance between each control-drug
pair by computing kernel density estimates of 𝑃 and 𝑄 and then numerically integrating. Further,
we obtained bootstrap standard errors and confidence intervals for the Hellinger distance by
repeatedly resampling the measured cell mass distributions and re-computing the kernel density
estimates and Hellinger distance (200 iterations per sample).
For the GBM patient-derived models, the SMR response score is defined as the average of
the Hellinger distance between the TMZ and vehicle control samples at days 5, 7, and 10.
For the Ba/F3 and PC9 cell lines, the SMR response score is simply defined as the Hellinger
distance between the drug and vehicle control conditions at the timepoint or drug dose of interest.

3.4.5

CellTiter-Glo response score
For the GBM patient-derived models, the “CellTiter-Glo response score” was defined as

1 − (average viability across timepoints), where “viability” is defined as the ratio of the mean
CTG luminescence signal for the TMZ sample to the mean CTG luminescence signal for the
vehicle control sample. This metric integrates the difference between the treatment and control
conditions across all measured timepoints, with larger CTG response scores corresponding to a
greater reduction in CTG luminescence signal in the drug-treated samples compared to matched
controls.
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3.4.6

IncuCyte response score
For the GBM patient-derived models, IncuCyte images were segmented to estimate the

total spheroid area per well. We excluded images in which the measured spheroid area was less
than 0.25 mm2, which typically correspond to cases in which the spheroid was out of focus. We
filtered the spheroid size traces using locally-estimated scatterplot smoothing (LOESS). Finally,
the “IncuCyte response score” was defined by integrating the difference in spheroid size between
the vehicle control and drug-treated conditions, and averaging across replicates. Larger IncuCyte
response scores correspond to a greater reduction in size in the drug-exposed samples compared
to matched controls.

3.4.7

SMR operation
SMR mass measurements were performed using parallel SMR arrays, as described

previously32. Briefly, single cells in suspension flow through a micromechanical resonator with an
embedded fluidic channel, generating a shift in resonance frequency proportional to the cell’s
mass. The sensors are calibrated by measuring monodisperse polystyrene beads of known mass.
The measurements described here were performed using a parallel SMR array, in which twelve
sensors are connected fluidically in parallel and operated simultaneously for increased
throughput32. Before measurement, the fluidic channels were passivated with poly-L-lysine. Cell
samples remained at room temperature throughout the (typical) 20-minute measurement duration.

3.4.8

Receiver operator characteristic analysis
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To evaluate whether functional biomarkers predicted patient outcome, we computed the
receiver operator characteristic (ROC) between the functional biomarker value (i.e., the SMR
response score, IncuCyte response score, or CellTiter-Glo response score) and the binary survival
outcome of interest (e.g., 18-month survival). We computed the ROC c-statistic by integrating the
receiver operator characteristic with respect to false positive rate, i.e., as the area under the ROC
curve. To estimate the standard error of the ROC c-statistic, we used a bootstrap approach in
which the biomarker values were resampled with replacement, and the ROC and c-statistic were
re-computed using this resampled dataset. We performed 500 bootstrap iterations, and summarized
the resulting distribution of bootstrap c-statistic values as the standard error.

3.4.9

Description of patient cohort
We performed functional testing on 80 patient-derived models established from patients

with grade IV GBM and wild-type IDH. Of these, 74/80 models had known MGMT methylation
(47/74 methylated and 27/74 unmethylated). For 63/80 models we independently tested MGMT
methylation of the primary tumor sample (of which 29/63 were methylated and 34/63 were
unmethylated); a detailed comparison of the patient MGMT and patient-derived model MGMT
results is given in Supplemental Note 1. Of the 72 models for which patients had known clinical
diagnosis, 53/72 patients were newly-diagnosed with GBM and 29/72 recurrent disease. Of the
newly-diagnosed patients, 47/53 had known overall survival. A total of 5 patients had MMR
alterations and were excluded when comparing functional biomarkers against MGMT promoter
methylation.

3.4.10

Patient-derived model initiation and culture
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GBM patient-derived models were established and maintained as described previously5.
Briefly, GBM tumor resections were subjected to enzymatic and mechanical dissociation, then
seeded in neurosphere culture conditions. The models were propagated in a proprietary
neurosphere culture medium (NeuroCult; STEMCELL Technologies) supplemented with
additional growth factors (20 ng/mL epidermal growth factor, 10 ng/mL fibroblast growth factor)
and 2 μg/mL heparin. Models were propagated in ultra-low attachment flasks (Corning 3814), and
passaged by dissociating to single cells (10-minute treatment with 1X Accutase at 37 °C;
STEMCELL Technologies) and resuspending at 50k cells/mL.

3.4.11

Measurement of MGMT promoter methylation

Methylation of the CpG island of the MGMT gene was measured using standard
methylation-specific PCR. Specifically, bisulfite treatment converted unmethylated (but not
methylated) cytosines to uracil, prior to PCR using primers specific for either the methylated or
modified unmethylated DNA54s. PCR products were analyzed using capillary gel electrophoresis
in duplicate parallel runs.

3.5 Supplemental Notes
3.5.1

Supplemental Note 1: Comparing patient-derived model

MGMT to patient MGMT
We independently tested MGMT promoter methylation of a subset of the patient-derived
models, in addition to the initial test performed on the primary tumor samples. Here we compare
in detail for which patients the results agree and disagree. There were 61 patient-derived models
for which both patient MGMT methylation (“patient MGMT”) and patient-derived model MGMT
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methylation (“PDM MGMT”) were measured. A total of 28/61 models (46%) had methylated
patient MGMT; of these, 21/28 (75%) also had methylated PDM MGMT while 7/28 (25%) had
unmethylated PDM MGMT. The remaining 33/61 models (54%) had unmethylated patient
MGMT; of these, 16/33 models (48%) also had unmethylated PDM MGMT, while 17/33 models
(52%) had methylated PDM MGMT. In other words, 21/61 patients (34%) had both methylated
patient MGMT and methylated PDM MGMT; 16/61 patients (26%) had both unmethylated patient
MGMT and unmethylated PDM MGMT; 7/61 patients (11%) had methylated patient MGMT but
unmethylated PDM MGMT; and the remaining 17/61 patients (29%) had unmethylated patient
MGMT but methylated PDM MGMT.
It remains unclear whether these shifts in MGMT methylation between the patient sample
and patient-derived model occur due to bias in the MGMT assay (either an abundance of false
negative unmethylated calls from primary samples, or false positive methylation calls from PDM
samples), or whether this corresponds to a real phenotypic shift between the primary sample and
patient-derived model. However, despite any disagreement between patient MGMT and PDM
MGMT results, these results are sufficient to support the conclusion that functional testing is
broadly consistent with the MGMT biomarker.
While the patient MGMT and PDM MGMT biomarkers were both correlated with
functional testing results (i.e., MGMT methylated samples tended to have more significant TMZ
responses), the patient MGMT biomarker was slightly more strongly correlated than was the PDM
MGMT biomarker (Fig. 22). Specifically, we computed the ROC AUC statistic to quantify to what
extent functional response scores are segregated by both the patient MGMT and PDM MGMT
biomarkers. For all three assays, the ROC AUC statistic was slightly higher for patient MGMT
than for PDM MGMT (SMR, 0.79 vs. 0.74; CellTiter-Glo, 0.75 vs. 0.74; IncuCyte, 0.63 vs. 0.62).
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Chapter 4: Appendices
4.1

Effect of additive noise on Hellinger distance
For two probability density functions 𝑝(𝑚) and 𝑞(𝑚), the Hellinger distance 𝐻(𝑝, 𝑞) is

defined as
∞

𝐻 2 (𝑝, 𝑞) = 1 − ∫−∞ √𝑝(𝑚)𝑞(𝑚) d𝑚
In general, to calculate the Hellinger distance between two measured probability density functions,
this integral needs to be evaluated numerically. However, to gain insight into how the Hellinger
distance depends on the parameters of the distributions 𝑝 and 𝑞, it is useful to construct a simple
example for which the integral can be computed analytically.
It is possible to calculate the Hellinger distance analytically if 𝑝 and 𝑞 are Gaussian – i.e., if the
mass distributions have the form 𝑝(𝑚) = 𝑁(𝜇1 , 𝜎12 ) and 𝑞(𝑚) = 𝑁(𝜇2 , 𝜎22 ), where 𝑁(𝜇, 𝜎 2 ) =
1 (𝑚−𝜇)2

1

exp [− 2
√2𝜋𝜎2

𝜎2

].

Evaluating this expression, the Hellinger distance between two Gaussians is
𝐻 2 (𝑝, 𝑞) = 1 − √

2𝜎1 𝜎2
1 (𝜇1 − 𝜇2 )2
exp
[−
]
4 (𝜎12 + 𝜎22 )
𝜎12 + 𝜎22

This result allows us to study how the Hellinger distance metric behaves in some simple practical
examples.

4.1.1

Drug perturbation
First, consider a simple example in which 𝑝(𝑚) is the mass probability density function of

untreated cells, and 𝑞(𝑚) is the mass probability density function for the same cells perturbed with
a drug. In this simple example, the untreated cell mass distribution 𝑝(𝑚) is normal with mean 𝜇0
and variance 𝜎02 , and the effect of the drug is to decrease the population mean mass by an amount
𝛿𝑚, without affecting the variance.
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More specifically, the untreated cell mass distribution is
𝑝(𝑚) =

𝑁(𝜇0 , 𝜎02 )

1 (𝑚 − 𝜇0 )2
=
exp [−
]
2
𝜎02
√2𝜋𝜎02
1

and the drug-treated cell mass distribution is
𝑞(𝑚) = 𝑁(𝜇0 −

𝛿𝑚, 𝜎02 )

1 (𝑚 − 𝜇0 − 𝛿𝑚)2
=
exp [−
]
2
𝜎02
√2𝜋𝜎02
1

What is the Hellinger distance between 𝑝 and 𝑞 as a function of the 𝛿𝑚, the average mass
change induced by the drug?
Because the drug doesn’t change the variance of the mass distribution, the Hellinger
distance is
1

𝛿𝑚 2

𝐻 2 (𝑝, 𝑞) = 1 − exp [− 2 ( 𝜎 ) ]
0

This provides some useful insights –


The Hellinger distance between the control and drug treated samples doesn’t depend on the
initial mean mass 𝜇0 – it only depends on the mass change 𝛿𝑚 relative to the population
standard deviation 𝜎0 . (This should be obvious from the definition anyway).



In the limit (𝛿𝑚/𝜎0 ) ≪ 1, which is a reasonable approximation for many drug
perturbations where the change in average mass is much less than the standard deviation
of the population size distribution, we can take a Taylor expansion to simplify. For these
small mass changes the Hellinger distance is approximately proportional to 𝛿𝑚/𝜎0 :
1 𝛿𝑚 2
𝛿𝑚
𝐻(𝑝, 𝑞) = √1 − exp [− ( ) ] ≈ 0.707 ( ) ,
2 𝜎0
𝜎0

𝛿𝑚
if ( ) ≪ 1
𝜎0

Fig. 27 shows how the Hellinger distance varies with the drug effect size 𝛿𝑚/𝜎0 .

106

Figure 27. Hellinger distance between treated and untreated cells with normally distributed
masses, as a function of the average reduction in mass.

4.1.2

Measurement noise
How does noise in our cell mass measurements affect the Hellinger distance we measure?

Modeling the measurement noise as additive, Gaussian, and white, the effect of noise in the
measurements is to increase the variance of the measured mass distributions 𝑝 and 𝑞 by an amount
2
𝜎𝑛𝑜𝑖𝑠𝑒
. Returning to the example of a drug that reduces the population mass by 𝛿𝑚, the expected

Hellinger distance in the presence of noise is given by
𝐻 2 (𝑝, 𝑞) = 1 − exp [−

1
𝛿𝑚2
( 2
)]
2
2 𝜎0 + 𝜎𝑛𝑜𝑖𝑠𝑒

i.e., the Hellinger distance is the same, but the true population mass variance 𝜎02 is replaced by the
2
measured population mass variance (𝜎02 + 𝜎𝑛𝑜𝑖𝑠𝑒
). However, the population standard deviation 𝜎0
2
is almost always much larger than the noise standard deviation 𝜎𝑛𝑜𝑖𝑠𝑒 , and so the sum 𝜎02 + 𝜎𝑛𝑜𝑖𝑠𝑒

is almost always dominated by 𝜎02 . For SMRs, 𝜎𝑛𝑜𝑖𝑠𝑒 /𝜎0 might be on the order of 1%, so

2
𝜎𝑛𝑜𝑖𝑠𝑒

𝜎02

~

0.01%, and the added noise only increases the Hellinger distance by a negligible amount.
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Therefore, the Hellinger distance is only negligibly affected by measurement noise, as long as
2
𝜎𝑛𝑜𝑖𝑠𝑒

𝜎02

≪ 1.
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4.2

Comparing precision of particle-sizing instruments
Upon exposure to cancer therapeutics, cells undergo a range of molecular and biophysical

changes, depending on the mechanism of the drug. The goal of functional precision medicine is to
detect these molecular and biophysical changes in order to infer that cells are being effectively
targeted by the drug. Because a wide range of physical changes take place, there are many
molecular and biophysical readouts that could likely detect a drug response, including cell size,
growth, proliferation, ATP, or apoptotic signaling. In this work we have explored the idea of using
cell mass as one example of a readout. However, there exists a wide range of other cell size
measurement techniques that would likely produce similar results, and could potentially be used
in place of the SMR assay for drug sensitivity testing. These other techniques could potentially
have advantage such as higher throughput, smaller sample requirements, or greater availability.
As a first step toward evaluating these other cell size measurement techniques, we
performed a head-to-head comparison of three instruments:
(1) A parallel SMR array, which measures single-cell mass;
(2) A Multisizer 4 Coulter counter, which measures cell volume; and
(3) A BD LSR-II flow cytometer measuring forward light scatter and side light scatter,
which (under certain conditions) can be used as proxies for cell size.
In the 1-20 μm size range, particle size is most commonly measured using resistive-pulse
(Coulter) sensing, transmitted-light microscopy, or quantitative phase-contrast microscopy. Each
technique is based on a different physical parameter.
Resistive-pulse sensing works by detecting an increase in electrical impedance as particles
suspended in an electrolyte flow through a 20-100 μm pore; for particles with similar electrical
properties, the magnitude of this shift is proportional to the particle’s volume. Typically, resistive-
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pulse sensing instruments achieve volumetric precision on the order of 5-10% for particles within
the 1-20 μm size range. Throughput can reach thousands of particles per minute due to the
continuous flow-through nature of the measurement.36,37
For spherical particles, transmitted-light microscopy can be used to directly measure
particle diameter and infer particle volume. Commercially-available “micro-flow imaging”
systems can perform these measurements in a high-throughput, flow-through fashion, at reported
rates as high as thousands of particles per minute38. Precision is limited by the optical resolution,
with typical imaging systems achieving volumetric precision on the order of 7.5-15% for 10 μm
particles. However, these volume measurements are only accurate to the extent that particles being
measured are spherical.
For non-spherical or irregular particles, such as adherent cells, other imaging modalities
are typically used. “Quantitative phase-contrast microscopy” encompasses a variety of imaging
techniques that map the optical path length in 2D over the projected area of the cell; since cellular
components with different densities (i.e., water, protein, nucleic acids) have different refractive
indices, these measurements can be used to infer the distribution of mass density and the total dry
mass of the cell.39 Typically, these methods achieve dry mass precision on the order of 1-10%27.
However, since these measurements are typically performed on cells attached to a dish, throughput
is limited by the speed with which the imaging system can scan through multiple fields of view.
Particle size can also be indirectly measured via light scattering measurements using a flow
cytometer. In flow cytometry, particles are interrogated one-by-one by a focused laser beam as
they flow sequentially through a channel. Most often, the laser is used to excite a fluorophore, and
the resulting fluorescence emission is detected to interrogate a cell phenotype of interest. However,
one can also simply measure the amount of incident light that is scattered by the cell, both in the
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forward direction (“forward scatter”, or FSC) and orthogonal to the path of the incoming beam
(“side scatter”, or SSC). While these measurements are not directly proportional to cell size and
also depend on cellular features such as shape and composition, they are commonly used as a
rough size measurement to distinguish between subsets of a mixed cell population55.
In contrast with techniques that size particles by volume, suspended microchannel
resonators directly measure particle mass by detecting a shift in resonance frequency as particles
flow through a vacuum-packaged microfluidic resonator. By varying the size of the resonator,
SMRs have been used to precisely weigh particles with buoyant masses ranging from ~10 ag (10
nm gold nanoparticles) to ~100 pg (15 μm polystyrene microparticles and cells). For particles in
the 1-20 μm size range, SMRs are capable of achieving buoyant mass precision on the order of
1%.
Here, we compared the SMR, Coulter counter, and light-scattering particle-sizing
measurements by preparing various samples and measuring the same samples on each instrument.
Specifically, we were interested in the following comparisons:
(1) How accurate is each instrument? i.e., to what extent do the measured size parameters
correlate with true particle size?
(2) How precise is each measurement? i.e., what is the relative uncertainty of a single
particle’s measurement?
We addressed these questions by measuring five sizes of NIST-traceable polystyrene bead
standards (ThermoFisher 4000 Series Monosized Particles). The beads have nominal diameters of
6.0, 7.0, 8.0, 9.0, and 10.0 μm, and coefficients of variation on the order of 2% (volume/volume)
depending on the particle size, and uniform density (1.049 g/mL). We measured at least 1000
particles of each size on each instrument.
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Fig. 28 shows the measured size distributions. For both the SMR and Coulter counter, the
measured size parameters (buoyant mass and cell volume respectively) increased linearly with the
nominal particle buoyant mass (R2 > 0.999). However, the light scattering measurements showed
more variation. Side scatter increased monotonically with particle size, approximately proportional
to particle diameter rather than volume (R2 = 0.980). On the other hand, forward scatter did not
increase monotonically with particle size. The measured FSC-A parameter trended larger for larger
particles, but with significant deviation from linearity, i.e., in several cases, smaller particles had
larger FSC-A values than larger particles, despite having the same shape (spherical) and
composition (polystyrene). This phenomenon has been observed previously, and is in fact
predicted by a simple model of elastic scattering of light by a homogeneous sphere; the degree of
nonlinearity in the measurements depends on the relative values of the particle size, particle index,
and wavelength of incident light55. Based on this observation, which is perhaps not surprising to
experts in flow cytometry, one should be cautious in interpreting larger FSC measurements as
indicating larger particles or cells, even when comparing particles of the exact same composition
and shape.
Next we evaluated the precision of each instrument. Because each instrument measures
parameters with different units, precision can’t be compared directly. We defined a “volumeequivalent coefficient of variation” to fairly compare between the different measurements. Briefly,
we computed a ±1 standard deviation confidence interval for each measured signal (buoyant mass,
volume, FSC-A, or SSC-A), then computed the range of particle volumes (in fL) corresponding to
this range of measured signals. Finally, we computed the volume-equivalent coefficient of each
measurement by computing the half-width of this confidence interval and dividing by the mean
(nominal) particle volume. As is obvious from visual inspection of the mass distributions, the SMR
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assay was the most precise for each particle size, followed by the Coulter counter and light
scattering.
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Figure 28. Comparing precision of the SMR, Coulter counter, and light scattering using
monodisperse polystyrene bead standards. (Left) Measured particle size distributions (n = 1000
or more particles per size per instrument). (Center) Linearity. Measured particle size (mean ±
standard error of mean) is plotted against nominal particle size. Greater correlation (R2)
corresponds to greater linearity of the instrument. (Right) Precision of each particle-sizing
instrument, given as volume-equivalent coefficient of variation.
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