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Glycosaminoglycans (GAGs) are a class of polysaccharides with
potent biological activities. Due to their complex and heterogeneous
composition, varied charge, polydispersity, and presence of isobaric stereo- r
isomers, the analysis of GAG samples poses considerable challenges to current
analytical techniques. In the present study, we combined solid-state nano-
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pores—a single molecule sensor with a support vector machine (SVM)—a
machine learning algorithm for the analysis of GAGs. Our results indicate that @

the nanopore/SVM technique could distinguish between monodisperse frag- Nanopore

ments of heparin and chondroitin sulfate with high accuracy (>90%), allowing as \

low as 0.8% (w/w) of chondroitin sulfate impurities in a heparin sample to be ie cs

detected. In addition, the nanopore/SVM technique distinguished between
unfractionated heparin (UFH) and enoxaparin (low molecular weight heparin)
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with an accuracy of ~94% on average. With a reference sample for calibration, a nanopore could achieve nanomolar
sensitivity and a 5-Log dynamic range. We were able to quantify heparin with reasonable accuracy using multiple
nanopores. Our studies demonstrate the potential of the nanopore/SVM technique to quantify and identify GAGs.

nanopore, glycosaminoglycan, heparin, machine learning, SVM

lycosaminoglycans (GAGs) are a class of linear

polysaccharides ubiquitous to all mammals. Although

GAGs can be found in most cellular compartments,
they mostly occur on cell surfaces and in the extracellular
matrix. Biologically, GAGs play regulatory roles in physio-
logical and pathological processes such as cell growth and
development,' cancer progression,””* neurodegenerative dis-
eases,””’ wound healing,8 and angiogenesis.9 Moreover, the
sulfated GAGs may represent a type of promising biomaterials
for tissue engineering, repair, and reconstruction.'® Structur-
ally, a naturally occurring GAG is a polydisperse linear
polymer characterized by disaccharide repeats. The composi-
tion of the disaccharide is used to classify GAGs. For example,
heparin is mostly composed of a-L-iduronate-(1 — 4)-a-p-
glucosamine disaccharides, whereas chondroitin sulfate (CS) is
mostly composed of f-L-glucuronate-(1 — 3)-f-p-galatos-
amine disaccharides. Nonetheless, the structure of GAGs is
complicated as a result of variations in the length of the chains,
semirandom epimerization, and sulfation of the sugars due to a
template independent enzymatic process in vivo. These
structural complexities pose si%niﬁcant challenges for the
compositional analysis of GAGs."'~'* NMR remains one of the
most effective techniques to unambiguously identify glycosidic
linkages and positions of the sulfates in GAGs. It is a de facto
method for detecting traces of oversulfated chondroitin sulfate
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(OSCS) in heparin, approved by the US pharmacopoeia for
analysis of low molecular weight and highly homogeneous
heparins. Mass spectrometry (MS) based hyphenated methods
like liquid chromatography (LC)-MS'>'® and capillary electro-
phoresis (CE)-MS'~"? are also commonly used techniques for
the separation and identification of GAGs. However, the mass
analysis is inefficient for distinguishing between isobaric
isomers which commonly exist in GAGs. Either LC or CE
alone is also inadequate because of their limited resolvability of
a mixture of charged isomers.

Nanopores, made of either biological or inorganic materials
with orifices of nanometer diameters and depth,”’ have been
exploited as a single molecule sensor for analysis of DNA,”’
RNA,”*™** proteins,”>*® and unsulfated GAG polysaccharides,
such as hyaluronan.””** Recently, Dwyer and co-workers
reported on the analysis of two sulfated GAGs—heparin and
OSCS using silicon nitride nanopore.”” They demonstrate that
heparin and OSCS mixed in equal proportions can be
qualitatively identified either by current blockade magnitudes
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Figure 1. (a) Structural characteristics of heparin. (i) the major disaccharide; (ii) possible substitution patterns. (b) Schematic illustration of
a solid-state nanopore device for translocation of linear negatively charged polysaccharides (the cis-side electrode is grounded). (c) Ionic
current traces of HP,,, and CSy, translocating through a nanopore. (d) Distributions of dwell times and blockade ratios for HP,5 and
CS4pz0; P is the probability of separating the two sets of data. (e) A two-dimensional plot of both dwell time and blockade for HPdp20 and

CSapa0- (Red denotes HPg;y, and green CSdpzo).

or blockade durations despite considerable overlaps of these
parameter distributions in a 2D scatter plot.

We have been working on employing a solid-state nanopore
as a molecular transporter for our nanoelectronic technology to
sequence GAGs.”’ We chose the highly sulfated GAG
molecule heparin as our first target, which is a potent
anticoagulant”' and one of the most commonly used blood
thinners in medicine. The low molecular weight heparins
(LMWHs) are a major type of heparin for antithrombotic
use’> and the first line choice for cancer-associated
thrombosis.”>** Heparin also has the most complex structure
among GAGs. Although the disaccharide 2-O-sulfo-a-L-
iduronate-(1 — 4)-a-p-glucosamine-N,6-O-disulfate-(1 — 4)
accounts for 70—90% of disaccharide units in heparin (Figure
la, i), it may contain 32 possible disaccharides (Figure la,
ii),*® so a dodecasaccharide fragment of heparin could have
more than 1 million different sequences. This degree of
complexity renders the accurate analysis of heparin and other
GAGs beyond the reach of current analytical technologies. The
detection of the GAG contamination or impurities in medicinal
heparin remains a significant challenge. As a consequence, the
2007—-2008 crisis of heparin contaminated by OSCS resulted
in the death of more than 80 people in the United States
alone.”” Therefore, a rapid and cost-effective method for
identifying heparin and analogous GAGs is sorely needed for
routine quality control.

In the present study, we demonstrate that the solid-state
nanopore can effectively translocate GAGs and the nanopore
data can be used to identify GAGs with the aid of machine
learning. As illustrated in Figure 1b, when a negatively charged
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GAG molecule translocates through a silicon nitride nanopore
under a voltage bias, it causes a transient blockade of the ionic
current, evoking a current spike—an event that carries
information on the structure or physical properties of an
individual GAG molecule. Figure 1c shows current traces of
monodispersed heparin (HPyy,,) and CS (CSyyy) fragments
generated by nanopore measurements. Herein, HP,, denotes
a heparin fragment that is composed of 20 sugar units (dp:
degree of polymerization) and CSy,y, denotes a chondroitin
sulfate fragment comprised of 10 disaccharide units of f-p-
glucuronic acid-(1 — 3)-f-N-acetylgalactosamine-4-sulfate-(1
— 4).*® To have insight into the nanopore data, we first
characterized each individual signal by its blockade ratio (or a
ratio of spike amplitude to baseline ionic current) and dwell
time (width of the spike). Each of these individual parameters
exhibited similar distributions between HPgy,, and CSy;0. As
shown in Figure 1d, the probability of separating HP ;o from
CSgpz0 by their dwell times is about 54% (similar to a random
pick that is S0%) and the probability by their blockade ratios is
about 61% (slightly better than a random pick). When these
two parameters are plotted together as the probability density
for the simultaneous appearance of a pair of values in a given
spike, the likelihood of correctly classifying each event
improves to >66% (Figure le). Thus, one may envisage
achieving higher accuracy if a high dimensional parameter
space is used to classify the nanopore data. Winters-Hilt and
Akeson pioneered the use of machine learning for analysis of
the nanopore data, engaging support vector machines (SVMs)
as a DNA base discriminator.”” SVM is a supervised learning
model to separate different classes in a hyperdimensional space
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Figure 2. (a) DFT (density functional theory) structures and electrostatic potential maps of HP,50 and CSyy5 disaccharides, in which the
potential is scaled in an order of red (the most negative) < orange < yellow < green < blue (the most positive). (b) A TEM image of the
solid-state nanopore in the silicon nitride membrane. (c) A workflow for a multiple run experiment, which was carried out in a 0.4 M
KCI phosphate buffer, pH 7.4, with a concentration of 100 nM for both samples. (d) Typical ionic current traces for the buffer, HP,, in the
buffer, and CSgyy in the buffer, recorded with a voltage bias of 500 mV. (e) Histograms of dwell times with their log normal fitting curves for
HP,,,, and CSy,,, for different runs. (f) Histograms of blockade ratios with their Gaussian fitting curves for HP,50 and CSy,5, for different

runs.

and has become a tool for analyzing data from single molecule
techniques. Previously, we successfully exploited SVM to
identify mono- and disaccharides by classifying their electron
tunneling data.”” In the present work, we extended it to the
analysis of solid-state nanopore data from translocation of
GAG polysaccharides.

RESULTS AND DISCUSSION

Nanopore/SVM Identification of HP ;50 and CSyp5. As
mentioned above, we first analyzed two monodisperse GAG
samples—HP,,; and CSy,o—using a solid-state nanopore.
Beforehand, all of the GAG samples we acquired were
characterized by size exclusion and strong anion-exchange
(SAX) HPLC (Figure S1, Supporting Information). Despite
similar molecular weights between each other, HPy,, is more
negatively charged than CSy. Density functional theory
(DFT) calculation shows that the most common disaccharide
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units in heparin and CS have distinct structural features, albeit
both are highly negatively charged (displayed in red, Figure
2a). This modeling study suggests these two GAGs should be
distinguishable by a nanopore. The solid-state nanopores we
used were fabricated in a silicon nitride membrane by drilling
with a transmission electron microscope (TEM). It has been
reported that such nanopores most likely have an hourglass-
shaped geometry.”” By I-V scans, we observed rectified
currents at pH 8, not at pH 7.5 and 6.5 (Figure S2, Supporting
Information). The silicon nitride surface is zwitterionic, and its
isoelectric point (pI) intrinsically relies on the ratio of Si—OH
to both Si—NH, and Si,NH on the surface, varying from pH
3.0 to 9.0."" Thus, our nanopores probably had their pls
between pH 7.5 and 6.5, where its surface had no net electrical
charge. The current rectification at pH 8 may be explained by a
negative charge dominated surface with an asymmetric
nanopore geometry.42 We carried out our translocation
experiments in a phosphate buffer, pH ~ 7.4. Besides, we
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Table 1. Statistical Parameters Derived from Curve Fitting of Raw Data in Figure 2e and {*

HPyp0

C sdeO

dwell time (ms)

blockade ratio

dwell time (ms) blockade ratio

median mean mean
run 1 0.083 0.092 0.120
run 2 0.087 0.098 0.118

o

0.027
0.027

median mean mean o
0.080 0.092 0.105 0.019
0.073 0.081 0.111 0.028

“Note: (1) all adj. R? > 95%; (2) all fitting errors for median < +1.0% and for mean < +1.0%; (3) all fitting errors for peak < +0.1% and for width

< +0.2%.

Table 2. Accuracy of SVM Calling Individual Spikes

SVM training

SVM calling (%)

remaining 50% data untrained data

training data set analyte number of features
SVM-2 50% of run 1 HPy;0 11
CSap20
SVM-4 50% of run 2 HP 50 11
CSapo

training accuracy HPgp50 CSap20 HP g0 CSap20
100 93.2 79 run 2 94.2 4.9

6.8 92.1 5.8 95.1

100 96.2 6.0 run 1 93.7 8.8

3.8 94.0 6.3 91.2

chose 30 nm thick nanopores for this study because it provided
some measurement advantages over those with a thickness of
15 and S0 nm (section 1 and Figure S3-1, Supporting
Information). By a reverse bias experiment, we confirmed that
HPyp, translocated through a solid-state nanopore of ~3.0 nm
in diameter (section 2 and Figure S3-2, Supporting
Information). Following these benchmark works, we con-
ducted a serial measurement on HPyy,, and CSyyo with a
freshly fabricated silicon nitride nanopore (see Figure 2b for its
TEM image). As illustrated in Figure 2c, the two GAG samples
were measured in run 1 and then repeated in run 2, where a
process of rinsing nanopore and stabilizing (or recovering)
baseline was involved before each measurement. Figure 2d
displays typical traces of ionic currents recorded from the
nanopore measurement (black, a 0.4 M KCI phosphate buffer;
red, 100 nM HPy,, in the buffer; green, 100 nM CSy», in the
buffer), where each spike may represent a single molecule
translocating or bumping event. First, we examined the
translocation efficiency defined by an event rate (events/
min) and found that the event rates for HPyyy are always
higher than those for CSy;y. It may be explained by the fact
that the former is more negatively charged than the latter.
However, the event rate fluctuated from run to run
significantly for both HPgy,, and CSg,, We found that
HPyy always had a higher event rate in run 2 than in run 1,
whereas CSg, had a lower event rate in run 2 than in run 1
(Table S1).

We analyzed the nanopore data mentioned in Figure 2d by
determining dwell times and blockade ratios of individual
spikes (see the note in the Supporting Information file for
instructions on obtaining source data files), plotting them in
histograms (Figure 2e and f), in which each data set is
composed of more than a thousand data points. The
distributions of dwell times were best fit to the log normal
function, whereas those for blockade ratios were best fit to the
Gaussian function, from which statistical values of these
parameters were derived for both HPg,,y and CSgy and
summarized in Table 1. These parameters are only marginally
different from run 1 to run 2 for both HPg,, and CSyp0. In
this respect, the nanopore measurement is reasonably
reproducible. Statistically, each parameter distribution shows
a significant overlap between HP 5 and CSgp50 (see Figure 2e
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and f). As mentioned above, these primary parameters are not
sufficient for discriminating among monodisperse GAG
samples unambiguously.

Therefore, we specifically engaged SVM for the identi-
fication of GAGs with nanopore data. SVM is a method that
utilizes many independent parameters (or features) to classify
data in a hyperdimensional space. For the machine-learning-
based analysis, we first extracted a series of features by means
of Fourier transform (FFT) and cepstrum transform of the
nanopore data that were recorded in the time domain (see the
Methods section and Table S2 and Figure S4, Supporting
Information) to index each individual spike. With these
features, we randomly took 50% of the nanopore data either
from run 1 or run 2 to train SVM until it could successfully
assign each of the spikes in the training data to its
corresponding GAG analyte with 100% accuracy (Table 2).
We found that the SVM could be trained with different
combinations of features to achieve the 100% accuracy; that is,
many of the different SVMs can be created using the same data
set (Tables S3-1 and S3-2, Supporting Information). To score
these trained SVMs, we engaged them to call the remaining
50% of the nanopore data by scaling a perfect calling accuracy
to 100%. As shown in Table 2, SVM-2 has the highest rating of
92.7% among those trained with the run 1 data and SVM-4 has
the highest score of 95.1% among those trained with the run 2
data on average. Then, we used SVM-2 to call the run 2 data,
which identified HPy;5 and CSgyyo with an accuracy of 94.2%
and 95.1%, respectively. In turn, SVM-4 called HPg,, and
CSgpp in the run 1 data with an accuracy of 93.7% and 91.2%,
respectively. As a result, SVM called these two GAGs with high
accuracy. We should point out that (1) the accuracy is related
to SVM calling each single spike. Assuming the errors occur
randomly, one may expect that it can be further improved by
multiple nanopore measurements; (2) the nanopore data may
be a sum of molecular bumping and translocating events. The
above results suggest that both bumping and translocating data
can be used by the SVM to identify the GAG molecules; (3)
the fine features in translocation signals may reflect the
translational movements of the molecule in a pore and are
highly dependent on the geometry of the pore. As a result,
SVM created using one set of training data may only be
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Table 3. CSy;50 Molar Percentages in Mixtures Determined by the Nanopore/SVM Method

molar percentage of CSyyyg in HPyjp0

1% 5% 10% 20% 50%
nanopore SVM score percentage (%) of CSapa0 determined by SVM calling
pore 1 98.3 46.1
pore 1¢ 100 572
pore 2 93.3 14 11.1
pore 3 94.0 3.0 7.4
pore 4 84.1 23.2
pore S 83.3 0.5 39
pore 6 80.8 9.3 21.9
average + SEM” 1.6 + 0.7 5.7+ 1.8 102 + 0.9 22.6 + 0.7 51.7 £ 5.6
CV° (%) 77.5 43.8 12.5 4.1 15.2
error rate” (%) 60.0 14.0 2.0 13.0 34

“A repeat of the measurement in pore 1. “SEM: standard error of mean. “CV: coefficient of variation. “Error rate = (averaged called percentage —

molar percentage in sample)/molar percentage in sample.

applicable to the data collected with nanopores of similar
physical characteristics.

Detection of CSy,,, in a Binary Mixture. We further
tested the nanopore/SVM method for its potential use in the
detection of impurities in a heparin product. To prove the
principle, we mixed CSg,,o with HPy,, in a molar percentage
of 1, 5, 10, 20, and 50%, respectively. The nanopore
measurement was carried out in the same way as described
above, following a sequence of CSy;50, HP 450, and the mixture.
Here, the pure CSy,o and HPg,, samples were used as
standards to produce the reference data for training SVM.
Under our experimental conditions, the nanopore was easily
blocked by these GAG samples. However, we managed to
finish the measurement using multiple nanopores. As shown in
Table 3, six nanopores were used in this study, and each
mixture was measured at least twice either by the same
nanopore or different nanopores. Following the nanopore
measurement, we trained SVM with data from the reference
samples in the same manner as described above and engaged
the SVMs to call HP 4, and CSy;y0 in the mixtures from their
nanopore data (Table S4, Supporting Information). Table 3
lists the percentages of CSy,, in the different mixtures
determined by the best-scored SVM. First, we observed that,
although the measured percentage of CSgy,, varies more or less
from nanopore to nanopore, which may be attributed to the
variations in the geometry of these nanopores (Figure SS,
Supporting Information), its average is close to the one
actually existing in the mixture. A plot of the average called
percentages against the molar percent of CSy», in the mixtures
fits a linear function (Figure 3). With its intercept fixed at the
origin, the fit gives the trend line with a slope of ~1.1, slightly
higher than 1.0—the best-case scenario, which may result in an
overestimate of CSgy, by 10%. Overall, the variations among
different pores decrease with increases of CSy;,, percentage in
the mixture, as do the SVM calling error rates (based on CV
values and error rates in Table 3). This study demonstrates
that, with our current setup, the nanopore/SVM method can
identify CSyy in @ mixture down to ~1% in molar percentage,
equal to a weight percentage of 0.8% (w/w). This sensitivity is
comparable to 500 MHz NMR, which has a limit of detection
of 0.1% (w/w) for oversulfated chondroitin sulfate (OSCS).*
However, NMR requires milligrams of sample/0.7 mL of
solvent for the measurement so that the OSCS ought to be at
least at a microgram level in the sample. For the nanopore
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Figure 3. Percentages of CSdp20 determined by the nanopore/
SVM method against its compositions in the mixture samples.

measurement, we only used 0.1 mL of solution with the
mixture containing a total GAG concentration of 100 nM. To
measure a 1% mixture, we only needed 0.4 ng of CSgy, for the
nanopore detection.

Identification of Unfractionated Heparin and Enox-
aparin. To explore its potential applications in pharmaceutical
production, we tested the nanopore/SVM method on two of
the clinically used GAG samples—unfractionated heparin
(UFH) and the LWMH enoxaparin.”* In contrast to HPy,50
and CSy,0 both UFH and enoxaparin are polydisperse.
Enoxaparin has a smaller molecular weight than UFH,
containing an unsaturated uronate residue at its nonreducing
end as well as an amino sugar or a 1,6-anhydro amino sugar at
its reducing end (Figure 4a). We sequentially measured
HP4p20, CSgpaoy enoxaparin, and UFH at a 1.0 uM
concentration using a freshly drilled nanopore of ~3 nm in
diameter (Figure 4b). Between the measurements, there was a
process of rinsing and baseline recovery. Figure 4c displays the
typical current traces of these GAG products recorded by the
nanopore and their event rates which follow an order of UFH
> HPyy0 > enoxaparin > CSy0. First, we characterized the
current spikes of each product by their dwell times and
blockade ratios, which were then placed in a 2D scatter plot
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Table 4. Accuracy of SVM Calling Heparins and CSgyy

identification accuracy” (%)

entry entity training accuracy (%) UFH
1 UFH vs CSg;0 100 94.6 £ 1.2
2 UFH vs Enox 100 959 £ 0.9
3 UFH vs HP g0 100 872 + 1.6
4 Enox vs CSyy50 100
N Enox vs HP g0 100
6 HPy50 vs CSypno 100
7 pool of four 100 80.6 + 1.6

CSapa0 Enox HPy;0 average

91.0 + 1.5 92.5 + 1.0
929 + 09 94.4 + 0.6

82.1 + 1.4 847 £ 1.1

73.8 +£2.7 72.1 + 1.7 730 £ 1.6
884 + 2.3 864 + 1.3 874 + 1.3

88.7 + 1.8 833 + 1.4 86.0 + 1.1
65.1 + 2.6 652 + 3.3 64.8 + 3.3 689 + 1.4

“Bach value is an average of three calls by the SVMs trained from three randomly selected subsets of data.

(Figure 4d). Interestingly, unlike other GAG samples, UFH
displays a two-peaked distribution in its blockade ratios, one of
which is located at the low end between 0.1 and 0.2, similar to
those for the other GAGs, and the other located between 0.6
and 0.8, which can be attributed to a significant portion of high
molecular weight polymer in UFH. Also, these GAG products
have their dwell times in a range of 60—90 us (Table SS,
Supporting Information) on average. Since the data was
recorded at a sampling rate of 500 kHz with 100 kHz low pass
frequency bandwidth, the differences among those dwell times
may not be significant.

To identify these GAGs, we randomly selected 50% of the
data from each data set to train the SVM with up to 88
available signal features and then applied the trained SVM to
classify the remaining 50% data. This allowed us to quickly
determine how effective SVM is in identifying GAGs without
going through laborious multiple runs for the proof of concept
study. At first, we attempted to distinguish between the four
products in pairs by SVM. All SVMs were trained to be capable
of identifying individual spikes in the training data with 100%
accuracy. As shown in Table 4, both UFH and CSg,, were
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called with an accuracy of 94.6% and 91.0%, respectively,
92.5% on average (entry 1); UFH and enoxaparin (designated
as Enox) were called with an accuracy of ~96% and 93%,
respectively (entry 2). However, UFH and HP,,, were
distinguished with a lower accuracy of ~85% on average (entry
3). For calling Enox, the SVM distinguished between Enox and
HP;, (entry S) marginally better than between UFH and
HPdeO

However, it distinguished between Enox and CSyy, with
only an averaged accuracy of ~73% (entry 4), significantly
lower than it did between UFH and CSgy,,. This may be
explained by the scatter plots in Figure 4d, where data points
of CSgp0 overlap with those of enoxaparin more than those of
UFH. Interestingly, SVM distinguished between HPy,, and
CSgpo (entry 6) better than between Enox and CSyy (entry
4), even though HPy,50 has a molecular weight distribution
overlapped with CSy;50’s more than enoxaparin does with
CSypz0's (Figure SI1A, Supporting Information). Thus, the
result may be better explained on the basis of their SAX-HPLC
chromatograms (Figure S1-B, Supporting Information), where
HPy»0 has its charged fragments overlapped with CSg,0's less
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Figure 5. (a) Plot of event rates vs the concentrations of HPg;,, from individual nanopores. (b) Plot of averaged event rates vs the
concentrations of HP;,, with their fitting lines. For the linear function, y = log(event rate) and x = log(conc).

Table 5. Testing the Fitting Functions for Determination of HPg4;,, Concentration by Nanopores

Concentration Measurement
Pore TEM image
Sample conc. (UM) 0.01 0.05 1.0 5.0
Event rate* (spikes/s) | 0.430 0.637 | 1.523 6.175
9
Derived conc. (uM) | 0.008 0.025 | 0.6 4.8
Event rate* (spikes/s) | 0.509 - 2.466 -
10
Derived conc. (uM) | 0.013 - 1.20 -
Average (UM) 0.011+0.004 0.90+0.42

“Normalized event rates and see Table S8 in the Supporting Information for their raw data.

than Enox does. We also noticed that the nanopore shown in
Figure 2b had a higher accuracy for distinguishing between
HPy;0 and CSyyyp than the one in Figure 4b. From their TEM
images, these two nanopores had different shapes and
diameters, which may contribute to the difference in accuracy.
Furthermore, we also tested SVM for calling all four GAG
products from a pool of nanopore data. The SVM called UFH
with an accuracy of ~80% and the rest with an accuracy of
around ~65% (entry 7). These calling accuracies are
statistically significant because the probability of a random
pick would only be 25%. The better calling accuracy for UHF
could be explained by the fact that UHF contains a portion of
blockade currents well separated from those of the rest of the
GAGs, which are overlapped with one another (Figure 4d).
Nonetheless, the low calling accuracy indicates that the data
from a single nanopore would not be sufficient for SVM to call
multiple GAGs all at once. To address the issue, we will
explore a nanopore array approach to increase the output of
data and try different machine learning algorithms, such as
deep learning. ™

Quantification of HP,,. Lastly, we explored the use of a
solid-state nanopore for the quantitation of sulfated GAGs.
Dwyer et al. have demonstrated that the event rates in a
nanopore linearly increased with concentrations of heparin in a
range from 0.25 to 1.25 uM (a S-fold change).29 In our study,
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we first created a calibration curve (Figure Sb) using multiple
nanopores to measure a series of HP4y;50 solutions with their
concentrations in a range of 100 yM to 1.0 nM prepared by
diluting a stock solution. The measurement on each
concentration was repeated at least once in the same or a
different nanopore. From each of the nanopore data sets, an
event rate (spikes/s) was determined by dividing the ionic
current signals above a threshold by time (Table S6,
Supporting Information). Our first observation is the event
rate of a sample varied from nanopore to nanopore. That may
be attributed to different diameters and shapes among these
nanopores even though they were fabricated under the same
TEM conditions (Figure S6). To compare the event rates
between different nanopores, we normalized all of the event
rates measured with the same nanopore by referencing the one
at 0.1 uM as 1.0 (Table S7, Supporting Information). The
normalized data were plotted on a log—log scale (Figure Sa),
an approach that has been used to analyze the data of DNA
translocation through nanopores.*”*” In turn, the averaged
event rate for each of the concentrations from different
nanopores was plotted, shown in Figure 5b. The averages were
fitted to two different linear functions separately, which is
statistically more satisfactory than an exponential or Langmuir
fitting. The results indicate that the event rate changes more
rapidly in the yM region than in the nM region. On the basis
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of such a linear standard curve, we estimate that the nanopore
measurement has a sensitivity down to a nM level with a 5-
Log dynamic range for the detection of HPg,, under our
current setup.

To test the accuracy of the method, we determined the
concentrations of HPy,,, samples using two freshly fabricated
nanopores. In the same way as mentioned above, 0.1 uM
HPy;o sample was used as a standard and its event rates in the
nanopores were referenced as 1.0 (Table S8, Supporting
Information). As shown in Table 5, we first measured four
HP,,,, samples for their event rates with a nanopore
(designated as pore 9), from which their concentrations were
derived by applying one of the two functions in Figure Sb, and
then repeated the measurement with two of the samples using
the second nanopore (designated as pore 10). The results
show that the concentration determined by different nano-
pores varied, deviating considerably from the actual value of
the tested sample. For example, the 0.01 M sample was
determined as 0.008 yM by pore 9 and 0.013 uM by pore 10.
However, the average of these two measurements is 0.011, only
10% off from the actual concentration. For the 1.0 zM sample,
the average of measurements by these two nanopores is 0.9
uM, just 10% lower than expected. At the higher
concentration, 5.0 uM in this study, the concentration
determined by a single nanopore measurement only deviated
from the actual one by 6%. These results show that the
nanopore can potentially be used to quantify sulfated GAG
samples by introducing a reference sample for the nanopore
calibration. Besides, repeatednanopore measurements
are needed to achieving high accuracy, especially when the
sample concentration is below the yM range.

CONCLUSIONS

In the present study, we combined the nanopore measurement
with machine learning (SVM) for identification of heparin and
CS. Our data show that the nanopore/SVM method can
effectively distinguish between different heparin preparations
as well as between monodisperse heparin and CS. We were
able to identify CSyyy in its mixtures with HPyyy at a level
down to 0.8% (w/w) using the nanopore/SVM method,
comparable to the NMR technique for detection of OSCS. In
contrast to NMR, which requires bulky and expensive
instruments as well as more material, the nanopore measure-
ment provides a cost-effective method and potentially a hand-
held electronic device for the detection and analysis of these
GAG molecules. Although we only examined monodisperse
heparin and CS in this study, the results indicate translocation
signals contain information on the sulfate content as well as the
size of the molecule. Given the fact that heparin and CS have
drastic differences in both size and sulfation density, we are
hopeful that the technique can be used to distinguish between
heterogeneous samples given proper calibration standards.
Indeed, the demonstration that UFH can be easily
distinguished from enoxaparin shows the technique may be
applicable to heterogeneous samples. We are aware that many
technologies have been developed for detection of the OSCS
contaminant in the past decade since the heparin contami-
nation crisis."*>” The most sensitive one is probably the
nanometal surface energy transfer (NSET) based gold-heparin-
dye nanosensor, which detected OSCS as low as 1 X 107°%
(w/w).>> NSET is a fluorescent detection method that relies
on measuring fluorescent dyes released from the hydrolysis of
their heparin conjugates attached to gold nanoparticles by
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heparitinase. Since enzymatic activity is inhibited by the
presence of OSCS in solution, it cannot effectively detect the
contamination at the higher weight percentage, such as above
1073%. On the other hand, our current data indicate that the
nanopore/SVM method may only detect ~1% contamination.
By combining the nanopore/SVM with the enzymatic
hydrolysis of the heparin method, we believe that it should
be able to identify the contamination at a significantly lower
level.

Unlike protein nanopores, the solid-state nanopores are
mostly fabricated using currently available nanotechnologies,
such as TEM. Thus, it is difficult to create two identical
nanopores, which is one of the sources for the data variations.
To address this issue, we included a standard sample as a
reference in each nanopore measurement (0.1 uM HPy,50 in
this study), to which the data from the nanopore was
normalized. With this approach, we created a standard curve
for the quantitation of HPg,, using multiple nanopores. Our
preliminary results show that the HPg,, concentrations were
quantified with reasonable accuracy using two nanopores. We
estimate the nanopore measurement has a nM limit of
detection and 5 orders of magnitude dynamic range. It is
known that the heparin level in the human blood is about 1—
2.4 mg/ L,58 equivalent to a range of 67—160 nM (assuming an
average molecular weight of 15,000 for UFH). This implies
that a nanopore device can potentially be used to monitor
GAG concentrations in blood when it is integrated with a
microfluidic device for sample preparation. Currently, we are
working on the development of a manufacturing method to
integrate an electron nanogap with the solid-state nanopore to
achieve the goal of sequencing GAGs.

METHODS

Chemicals. UFH was purchased from Toronto Research
Chemicals Inc. HPg4,, and CSg,, were purchased from Iduron
(product numbers H020 and CS020). Samples of enoxaparin were a
gift from Dr. Christian Heiss of the Complex Carbohydrate Research
Center at the University of Georgia.

Fabrication of Nanopores. Silicon chips (5 X 5 mm?) coated
with silicon nitride (30 nm thick) were purchased from Norcada Inc.
(part number: NXS5025X). Following a process of argon plasma
cleaning, nanopores were drilled using the electron beam in JEOL
2010FEG and ARM 200F transmission electron microscope (TEM)
at 200 keV. The size of the pores was controlled by the electron beam
size and exposure time. The nanopores were imaged right after the
drilling.

Preparation of Sample Solutions. Stock solutions of HPq,,
and CSyp,,, were prepared respectively by dissolving the sample into
H,0. The molarity of HPy;y and CSy;o was determined on the basis
of the assumption that heparin contains mostly trisulfated
disaccharides and CS contains mostly monosulfated disaccharides.
Therefore, the average molecular weight of HP gy, is 6 kDa, and that
of CSypyg is 4.6 kDa. Their actual concentrations were determined on
the basis of the carbazole assays.’® These two stock solutions of
HP,5 (10 mM) and CSyy5, (10 mM) were used to prepare mixtures
of HPyp0 and CSyypg with a ratio of 1, §, 10, 20, and 50% of CSgpy.
The final concentrations of these mixtures were diluted to be 0.5—1
uM with an electrolyte solution of 0.4 M KCI in 1 mM phosphate
buffer (pH 7.4).

For the dilution study, the 10 mM stock solution of HPy;, was
diluted to various concentrations from a range of 1 mM to 10 nM and
injected into the cis reservoir to make the final concentrations of the
analyte 100 yuM to 1 nM for the measurement.

Nanopore Measurements. A nanopore chip was first cleaned by
immersing in a hot piranha solution (H,0,:H,SO, = 1:3) for 20 min
and then rinsed with Milli-Q water (a resistivity of ~18.2 MQ X cm
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and a total organic carbon of less than S ppb). Piranha solutions are
extremely energetic and may result in explosion or skin burns if not
handled with extremecaution. After drying with N, gas, the nanopore
chip was placed in a piranha-cleaned PCTFE cell to form a cis
reservoir and sealed with a quick-curing silicone elastomer gasket. The
PCTEE cell with a nanopore chip was then assembled with a PTFE
base to form a trans reservoir. The electrolyte solution used was 0.4 M
KClin 1 mM phosphate buffer (pH 7.4), filtered with a Millipore 0.2
um filter. Ag/AgCl electrodes, freshly made from Ag wires with
bleach, were inserted into both cis and trans reservoirs for ionic
current measurement. All of the analytes were dissolved in the
electrolyte solution for the nanopore analysis.

For the measurement, both the cis and trans reservoirs were filled
with the electrolyte solution, in which the nanopore was immersed for
1-2 h, followed by applying a high voltage (~1 V) between two
reservoirs for S—10 min to obtain a steady baseline current and no
electrical spikes, an indicator for an open and wet nanopore. Then, an
analyte solution (~10 uL) was injected into the cis reservoir with a
final concentration of ~1 yM. A translocation bias was applied to the
Ag/AgCl electrode in the trans reservoir, while the electrode in the cis
reservoir was kept grounded to avoid adsorption of analyte molecules
to the reference electrode. After recording the ionic current, the cis
reservoir was drained and rinsed with the electrolyte solution by
carefully removing the old buffer and replacing with a fresh buffer
using a micropipette. Another baseline was recorded to ensure no
contaminations were left in the cis reservoir before a fresh analyte
solution was injected. Each SVM training session utilized 50% of
experimental data (each data set contained between 500 and 2500
translocation events), and several SVM training sessions with different
sets of randomly selected data were run for each comparison.

Data Collection. Ionic currents were collected at a 500 kHz
sampling rate with a 100 kHz low pass filter using patch clamp
amplifier Axon Axopatch 200B, with digitizer DigiData 1550A from
Axon Instruments Inc. PClamp 10.4 software and an in-house
developed LabView program were used for data recording. Raw data
files are available upon request.

SVM Data Analysis. An in-house program written in MATLAB
was used for the data process. First, a baseline of recorded ionic
currents was determined by the most probable electrical current, the
width of which was determined by 60 (standard deviation) of the
trace. Those spikes larger than the baseline width were recognized as
translocation events. Then, each of them was subjected to Fourier
transformation by down-sampling it to 20 equal frequency bins,
corresponding to 25 kHz bin size. The Fourier transformed frequency
spectrum was further transformed to the cepstrum domain and down-
sampled into 51 equal bins (Figure S4, Supporting Information). As a
result, a total of 88 signal features were created from the three
domains (Table S2). To avoid features with a large numeric range
from dominating those with a small numeric range, all of the
calculated features were normalized to make the mean of each feature
with its standard deviation between O and 1. We calculated the
normalized correlation between different pairs of all of the features
and selected one of them as a representative feature for the following
analysis. The features were ranked according to the ratio between the
in-group fluctuation (variation over repeated experiments of the same
analyte) and the out-group fluctuation (variation between different
analytes), and then, the low ranked features were removed. Those
survived features were evaluated by the classification accuracy, from
which an optimized set of features was chosen to achieve a maximum
true positive accuracy. The SVM was run with the kernel-mode
adapted from https://github.com/vjethava/svm-theta, and its running
parameters C and gamma were optimized through cross-validation of
a randomly selected subdata set.

Statistical Analysis. The statistical analysis was carried out in
OriginPro 2017, in which the Levenberg—Marquardt algorithm was
used for the curve fitting.

Computational Modeling. DFT calculations were performed
using Spartan’16 for Windows, a commercially available software from
Wave Function, Inc. Two-dimensional molecular structures were
drawn in ChemDraw Ultra 12.0 and imported to Spartan’l6 to
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generate corresponding 3D structures. Each structure was subjected
to energy minimization using the built-in MMFF molecular
mechanics prior to optimization calculation. The DFT calculations
were performed at their ground-state equilibrium geometry using the
B3LYP/6-31G* basis set in a vacuum.
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