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The AC nanopore method can measure the impedance of single nanoparticles to obtain
information on their material properties as well as their size. One of the technical challenges in
applying this capability to bacterial sensing lies in the realization of an analytical method to
identify bacteria from measured values. In this study, we improved the bacteria identification
performance of the AC nanopore method by using machine learning. Comparing four
representative machine learning methods for the classification of bacterial groups that are nearly
identical in size and difficult to classify based on size, we found that the random forest method
has the best classification performance, achieving a classification accuracy of 78.6% for six
different particles containing five bacterial species. The use of machine learning was
demonstrated to be effective in improving the performance of the bacterial classification
capability in the AC nanopore method.

1. Introduction

Nanopore sensing is an electrical measurement technique that utilizes the change in electrical
current as a target passes through a nanometer-sized pore (nanopore) and is characterized by the
ability to study the behavior and interaction of individual particles at the single-particle level.01 )
Nanopore sensing has become an important tool in life sciences, medicine, and other fields,
providing both spatial resolution at the single-particle, single-molecule level and temporal
resolution in milliseconds or less, and is in some respects superior to optical single-particle
observation using fluorescent molecules.>3 Although it has primarily been studied for
applications in DNA sequencing, its use is expanding to the detection of bio-nanoparticles such
as viruses and extracellular vesicles.©®11)

The conventional nanopore method is a DC measurement method (DC nanopore method),
and the measurement quantity obtained is limited to changes in the magnitude (pulse height) and
time (pulse width) of the current.)). The magnitude of the current pulse corresponds to the
particle size and the current pulse width corresponds to the zeta potential of the particles.
However, zeta potential has low measurement accuracy owing to various effects such as electro-
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osmosis and off-axis motion of particles, and practical measurements are often limited to particle
size measurement.(!2-14) Therefore, it was difficult to distinguish between particles of the same
size. One solution to this problem is to improve the particle identification capability using
machine learning, which learns and classifies the characteristics of the waveform itself without
converting the measured waveform into a physical quantity.(!>-17) In addition, machine learning
algorithms that remove noise from noisy waveforms are beginning to be used, and this
integration with information science is improving the sensing capabilities of nanopores.(1®

On the other hand, we are developing an AC-measured nanopore method (AC nanopore
method), which is characterized by its ability to measure the impedance of particles because it
can acquire two types of information, namely, magnitude and phase of the current, thus
providing more information than DC. In this study, we aim to improve the particle identification
performance over the conventional DC nanopore method by combining our AC nanopore
method with machine learning.

First, single-particle detection was evaluated by measuring the size distributions of various
bacteria. We then demonstrated that high classification performance can be achieved by using
machine learning, even for bacteria of similar size.

2. Materials and Methods
2.1 Particles

Standard carboxylated polystyrene particles of 100 nm (CPC100) and 930 nm (CPC1000)
diameter were purchased from IZON Science. These particles were dispersed in a measurement
solution consisting of phosphate buffered saline (PBS) (17-516Q, Lonza) containing 0.01% final
concentration of an artificial phospholipid-type surfactant (Lipidure BL206, Nichiyu
Corporation) as an anti-adsorption agent. In all experiments, measurements were performed at
pH 7.4 and conductivity of 17 mS/cm. To prevent aggregation, particles were diluted in PBS
solution to a concentration of 10°—10% particles/mL and agitated with a vortex mixer immediately
before use.

2.2 Bacteria

Escherichia coli (EC) cells with an optical density of 0.5 at 600 nm wavelength were
suspended in LB medium, incubated at 37 °C for 3 h, centrifuged at 5000 x g for 2 min, and the
supernatant was replaced with the measurement solution to prepare an EC sample. Lacrobacillus
plantarum (LP, AOK-L1315), Enterococcus faecalis (EF, AOK-L1390), Leuconostoc
mesenteroides (LM, AOK-L1789), and Pediococcus pentosaceus (PP, AOK-L4140) were
purchased from Akita Konno Shoten. For these bacteria as well, samples were prepared by
suspending a bacterial solution with an optical density of 0.5 at 600 nm in MRS medium [BD
Difco (TM) Lactobacillus MRS Broth, 63-6530-37, Becton Dickinson], incubating at 37 °C for
3 h, centrifuging at 5000 x g for 2 min, and replacing the supernatant with the measurement
solution.
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2.3 Nanopores

We used the commercially available nanopores NP100 and NP2000 (Izon Science, Inc.) with
tunable pore sizes. The nanopores were attached to the stretching jaws of a commercially
available QNano system (Izon Science Ltd.), and measurements were performed under 42 mm
stretching conditions. All measurements were performed under the same nanopore and
measurement conditions, except for the sample.

2.4 AC nanopore measurement

In this study, a lock-in amplifier was used to realize AC measurements for various single
bacteria. Lock-in detection is a technique that applies a specific frequency modulation to a
sample and extracts only signals of the same frequency that pass through the sample by
homodyne detection, as shown in Fig. 1. A commercial lock-in amplifier (MFIA 5M, Zurich
Instruments AG) connected with a current amplifier (SA-604F2, NF Corporation) with a gain of
107 V/A was used to measure the ultralow AC current required by the AC nanopore method. To
reduce noise from the power supply, batteries (Eneloop, Panasonic) were used to power the
preamplifier. Because the shielded cage provided with QNano reduced the noise to a level that
was acceptable for measurement, no shield box or similar device was used. With these various
noise reduction measures, the baseline current noise was reduced to 10 pA,,,; under the present
measurement conditions, and the measurement was performed at a signal-to-noise ratio (SNR) of
5 or better throughout. In all experiments, the particle suspension was added to the upper cell
with a 3 mm (30 Pa) pressure head, and the particle suspension was hydrostatically driven.

A minimum of 500 particles were measured for machine learning. The same nanopore chip
and stretching conditions were used as for the measurements, and only the sample solution was
changed to perform a series of measurements under identical conditions across samples. Each
measurement was performed within 10 min to avoid the effect of pressure fluctuations caused by
decreasing solution volume.
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Fig. . (Color online) AC nanopore measurement system with lock-in amplifier.
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2.5 Particle sizing

The magnitude of the current pulse is proportional to the size of the particles.(!”) Therefore,
the size of the bacteria was determined by calibrating standard particles of known size
(CPC1000) with excellent monodispersibility against the size of the current. As for the
measurement conditions, we used the following conditions, which gave the best SNR in our
previous study using a similar measurement system. The measurement conditions were applied
voltage of 200 mVpp at measurement frequency of 10 kHz, 3rd-order low-pass filter, bandwidth
of 2 kHz, and particle driving pressure head of about 30 Pa, which gave the best SNR results in
our previous studies.??) For nanopores, NP1000 was used to cover a bacterial diameter range of
approximately 1 to 2 um. These measurement conditions were optimized in advance on the basis
of the particle velocity generated by the applied pressure, and the measurement frequency and
low-pass filter settings, which affect quantitation, were closely adjusted and checked. Since the
measurement frequency in this measurement is equivalent to the time resolution, the
measurement frequency must be sufficiently high relative to the particle velocity. In addition, the
low-pass filter setting must be set to a time constant (bandwidth) that is sufficiently fast relative
to the particle velocity. However, if the measurement frequency or LPF setting is set higher than
necessary, noise will increase and SNR will decrease, so the balance between measurement
speed and SNR is important. For example, in the above measurement, the pulse widths of the
current and phase were several milliseconds, and the speed was their reciprocal. The
measurement frequency of 10 kHz corresponds to 0.1 ms in the time domain, which is a profiling
condition of several tens of points for a pulse width of several milliseconds.

2.6 Initial data processing

To detect the small signal pulses obtained by the AC nanopore method, it is necessary to
separate the signal pulses from the background noise. A threshold is defined to distinguish
between spikes and noise, so that spikes are detected by considering them as spikes if they are
higher than the threshold. The threshold was defined as five times the standard deviation of the
signal intensity of the noise. However, the baseline current fluctuates over time due to increases
in electrolyte concentration caused by solvent evaporation, electrode reactions, and so forth.
Therefore, using data processing software (DIAdem, National Instruments), we flattened the
data by finding the baseline trend at the moving median for every 3000 points and determined
the difference from the original baseline. Since the baseline of the measurement data was
horizontal after flattening, which allowed the threshold to be set, spikes were detected using the
procedure described above. The spike detection algorithm provided by SciPy, a Python library,
was used to detect spikes.

2.7 Machine learning

Supervised learning was used to classify bacteria from the pulse waveforms obtained in the
experiment. In this learning method, the features extracted from each pulse wave are pretrained
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in the learning model as to which bacteria they are derived from. Six types of feature were used
for learning: the height of the pulse waveform shown in Fig. 2(c) and the width of each height
divided into five equal parts on the basis of the peak of the pulse waveform height. When two
pulse waveforms of current magnitude and phase were used in pairs, there were 12 types of
feature.

Machine learning was performed using SciPy, a Python library, to calculate the pulse height
and width from the measured current and phase difference data, respectively. Four classification
models were employed from the generic model: random forest, K-nearest neighbor method,
support vector machine, and logistic regression.

As a preprocessing step for learning, the number of training data was first made the same for
each classification method by undersampling, which randomly removes data from the majority
group and aligns them with the number of data from the minority group. In addition, because the
scale of the input data could affect the learning results, the data were normalized and the scales
were adjusted. Furthermore, because some features may be unnecessary, all combinations were
trained and the combination showing the highest accuracy was adopted. The accuracy of the
training model was determined by k-partition cross-validation in order to prevent overtraining.

3. Results and Discussion

The lock-in amplifier converts the measured AC signal to a DC root-mean-square signal.
This provides a measurement waveform similar to a DC measurement. Figure 2 shows a typical
measurement waveform obtained by AC nanopore measurement, showing the magnitude change
of the current and the phase change of the current with respect to the applied voltage. This
example used CPC100 with a particle diameter of about 100 nm, a nanopore chip of NP100, and
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Fig. 2. (Color online) Representative measurement waveforms. (a) Current changes, (b) phase changes, and (c)
magnified view of the current and phase waveform pairs.
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a measurement frequency of 10 kHz. As the particles pass through the nanopores, downward
pulsed current changes occur, as shown in Fig. 2(a). On the other hand, the phase changes
upward (phase advances), as shown in Fig. 2(b). Since the phase of the current is more advanced
than the applied voltage, it is clear that the response is capacitive. It is also clear that the current
and phase changes originate from the same particle, since they occur synchronously. Figure 2(c)
shows a magnified view of each waveform. The figure shows the pulse height and each width of
the height divided into five equal parts on the basis of the peak of the pulse height; these were
used as the parameters for machine learning.

Conventional studies revealed that the magnitude of the current pulse is proportional to the
particle volume.(!”) On the other hand, it has been shown that for nonspherical particles such as
bacteria, i.e., ellipsoids, the longitudinal direction has a lower Brocade rate of current through
the nanopore than the transverse direction.?!) Therefore, if nonspherical particles are assumed to
be spherical, they must be freely rotating. However, in this study, we did not evaluate microscopic
motion; thus, the analysis results include the possibility that the measured signal may vary
depending on the direction in which the nonspherical particles pass through the nanopores.
Assuming that the bacteria are spherical, although asymmetry effects may be included, the
particle size distribution of each bacterium calibrated by the magnitude of the current pulse for a
standard particle of known size is as shown in Fig. 3. The distribution results were in good
agreement with the Gaussian distribution, confirming that the mean and mode diameters were
nearly equal (Table 1). The coefficient of variation (CV) was found to be 7.1% for CPC1000, the
calibration particle, whereas the bacteria were dispersed at a size of 7-10%.
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Fig. 3. (Color online) Size distribution of bacterial particle.

Table 1
Statistics on measured bacterial particles, taken from Fig. 3.
Mean dia. (nm) Mode dia. (nm) CV (%)

CPC1000 9377 928.7 7.1
EC 1008.3 1033.0 9.8
LP 1314.6 1333.1 7.2
EF 1141.3 1119.0 7.7
LM 1236.0 1249.9 9.9

PP 1179.7 1191.5 10.4
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Because of the high dispersion and overlapping particle size distributions, it was difficult to
identify specific bacteria when evaluated on the basis of particle size alone, as in the DC
nanopore method. Therefore, we attempted to classify bacteria by machine learning. Pulse
waveform pairs of current magnitude and phase obtained by the AC nanopore method were used
for training. These waveforms were classified using four different classification methods.
Random forest, logistic regression, k-nearest neighbor, and SVM are all widely used machine
learning algorithms. In this study, we evaluated these algorithms for use in edge Al, where the
actual classification is performed by sensors in the field, using a pretrained classification model.
Therefore, the time and computational cost required for training were excluded from the
evaluation, and only the classification performance was evaluated. Figure 4 shows the sample
size dependence of accuracy for each method. From this figure, it is clear that the random forest
method has the highest accuracy among the four methods. However, despite parameter tuning,
convergence was not reached with 720 samples, the maximum number of samples in this study.
Therefore, there remains a possibility that the accuracy can be further improved by increasing
the number of samples in the future. Figure 5(a) shows representative measured waveforms of
each bacterium used as training data for machine learning. Figures 5(b) to 5(e) are confusion
matrices showing the classification performances of random forest [Fig. 5(b)], k-nearest neighbor
algorithm [Fig. 5(c)], support vector machine [Fig. 5(d)], and logistic regression [Fig. 5(e)]. The
darker the blue color of the right-down diagonal, the higher the classification performance. The
number in the matrix is the number of particles classified. Comparison of the four methods
revealed that the random forest method has the highest accuracy of 78.6%, with an F1 score
(harmonic mean of accuracy and reproducibility) of 78.4%, as shown in Fig. 4.

It is assumed that this accuracy ranking reflects the following characteristics of each method.
Logistic regression has difficulty with nonlinear classification and is not good at multiclass
classification along with k-nearest neighbor and SVM. SVM and k-nearest neighbor are
vulnerable to noise and outliers; moreover, hyperparameter tuning is a difficult feature, leaving
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Fig. 4. (Color online) Dependence of accuracy on the number of samples for four methods.
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(a) Representative measurement waveform for each particle
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Fig. 5. (Color online) Identification results of bacteria using four classification methods. (a) Representative

waveform for each particle. Classification of five bacterial species by (b) random forest, (c) k-nearest neighbor
algorithm, (d) support vector machine, and (e) logistic regression. CPC1000 is the calibration particle for each
particle size. Accuracy is the percentage of correct answers relative to the total data. Precision is the percentage of
predicted positives that are actually positive, indicating fewer false positives. Recall is the percentage of predicted
positives that are actually positive, indicating fewer false negatives. F1-measure is the harmonic mean of precision
and recall, which indicates the balance between the two. The maximum value for all is 100, with closer to 100

indicating better performance.
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(a) Current only (DC nanopore method)
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Fig. 6. (Color online) Classification results when only current magnitude and phase are used in the random forest
method. (a) Result of current-only classification; (b) result of phase-only classification.

the possibility that they cannot be tuned to optimal values. On the other hand, random forests are
suitable for data sets that are nonlinear and have a large number of features, and they are highly
resistant to noise and outliers. It is assumed that the advantages of random forests were utilized
in classification based on a large number of nonlinear features with a lot of noise and outliers, as
in the present case.

In contrast to the results of classification based on both current magnitude and phase
waveforms in Fig. 5, Fig. 6 shows the classification results when only the current magnitude
waveform (equivalent to the conventional DC nanopore method) or only the phase waveform is
used, taking the random forest method as an example. The accuracy was 51.6% for current
magnitude alone and 77.5% for phase alone. In this example, the classification accuracy was
higher for phase than for current, and it was clear that the highest accuracy was achieved when
both were used. In other words, under the conditions of this study, the AC method was 27.0%
more accurate than the DC method.

The phase includes not only particle size but also information related to material properties
such as dielectric constant, which may be one of the reasons for the higher accuracy, although
clarifying the details of this is a future issue.

4. Conclusions

In this study, the bacterial classification ability of the AC nanopore method was improved by
implementing machine learning data analysis. First, we evaluated the performance among four
major machine-learning-based classification methods, and found that the random forest method
gave the best accuracy. Classification by the random forest method provided a 78.6% accuracy
and 78.4% Fl-measure for bacterial samples that were difficult to classify on the basis of particle
size alone, such as those with overlapping particle size distributions.

The AC nanopore method also improved classification accuracy by 27.0% compared with the
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DC nanopore method using only current magnitude alone. This indicates that the AC nanopore
method, with its multimodal measurement capabilities, such as current magnitude and phase, is
superior to the DC nanopore method in classification using machine learning.

In the future, not only the measurement accuracy of the AC nanopore method, but also
further improvements in the machine learning algorithm are expected to improve the
identification performance. With these improvements, we expect this technology to have a wide
range of applications, including the realization of identification at the virus, extracellular vesicle,
and even molecular scales.
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