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Simultaneous characterization of proteins, RNAs and glycans with a
nanopore remains a substantial challenge. To advance toward this goal, we
introduce a multifunctional adaptor, maleimido-C2-formylphenylboronic
acid (maleimido-C2-FPBA), into the Mycobacterium smegmatis porin

A (MspA) nanopore at the pore constriction site. Here we demonstrate

that the engineered nanopore, MspA-FPBA, enables the simultaneous
identification of adiverse set of analytes, including 21 proteinogenic amino
acids, three post-translationally modified (PTM) amino acids, four canonical
nucleoside monophosphates (NMPs), three epigenetically modified

NMPs, four monosaccharides and five peptides. Combined with machine
learning, this sensor achieves an overall accuracy of 98.7%. Furthermore, it
generates predictable event signatures for specific analyte types, enabling
the machine learning model to identify analytes without strictly relying on
prearchived event features, as demonstrated by the nanopore analysis of
yeast cell extract. Lastly, we apply MspA-FPBA for compositional analysis
of G2 glycopeptides. Future integration of hydrolase with MspA-FPBA
may further improve MspA-FPBA utility as a single system to identify
diverse biomolecules.

The distinct physicochemical properties of proteins, RNAs and gly-
cans have led to the development of distinct analytical methods to
characterize them. For proteins, conventional analytical methods
include mass spectrometry (MS)"* and Edman degradation’. RNA
sequence analysis encompasses Sanger sequencing®, next-generation
sequencing’ and third-generation sequencing® ™. For glycans, ana-
lytical techniques involve MS™, nuclear magnetic resonance (NMR)"
and high-performance liquid chromatography (HPLC)'. A sensor
that enables simultaneous analysis of proteins, RNAs and glycans
remains technically challenging. Nanopores, a high-performance
single-molecule sensor, enable the sequencing of DNA and RNA™*Y

18-20 21,22

but have yet to achieve sequencing of proteins'®~° and glycans
because of their more complex sequences and structures. To fur-
ther realize nanopore protein sequencing, two strategies, strand
sequencing® > and exo-sequencing®, have been proposed. The chal-
lenges for strand sequencing stem from the limited spatial resolution,
makingitunable to distinguish monomeric units free frominterference
by neighboring units. Specifically for glycans, the presence of branched
structures”* renders strand sequencing nearly impossible. On the
other side, exo-sequencing’®, whichintegrates a hydrolase above the
nanopore, cansequentially chop and drop terminal monomersto the
pore constriction for unambiguous monomer identification. Although
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not yet realized, the exo-sequencing strategy is in principle suitable
for nucleic acids, proteins and glycans, suggesting its potential for
nanopore multiomics analysis. However, establishing a universal
nanopore sequencing system for nucleic acids, proteins and glycans
would require installation within the pore of an adaptor capable of
simultaneously responding to amino acids, nucleoside monophos-
phates (NMPs) and monosaccharides.

Mycobacterium smegmatis porin A (MspA), a naturally occur-
ring porin protein®, is renowned for its application in nanopore DNA
sequencing”. Its high resolution also enables direct observation of
refined chemical reactions within the pore lumen, appearing as a nano-
pore reactor®’. To guarantee the precision of the sole reactive adap-
tor placement at the pore constriction, the hetero-octameric MspA
was developed®. It demonstrates superior sensing performance for
small molecules and ions, including saccharides®*?, NMPs**, amino
acids®* and rare earth elements®, suggesting its suitability as the
high-resolution pore template. Although nanopore detection of NMPs,
amino acids and monosaccharides has been separately reported by
different adaptors, these adaptors cannot substitute for each other’s
functions because of their specialized design (Extended Data Fig. 1).
To the best of our knowledge, a single adaptor generally suitable for
allabove-described analytes has not yet been reported.

Results

Synthesis and sensing mechanism of maleimido-C2-FPBA
Toendow MspA with the ability to reversibly interact with amino acids,
NMPs, saccharides and peptides, amaleimido-C2-formylphenylboronic
acid (maleimido-C2-FPBA) was designed and custom-synthesized. It
was synthesized through a three-step reaction (Fig. 1a and Methods).
Specifically, Boc-protected ethylenediamine and compound 1
undergo nucleophilic addition and intramolecular cyclization to
form compound 2. Then, under the catalysis of trifluoroacetic acid
(TFA), compound 2 undergoes nucleophilic substitution to remove
the Boc protecting group to generate compound 3. Finally, under the
catalysis of HATU, the amino group of compound 3 and the carboxyl
group of compound 4 undergo amide condensation to form the final
maleimido-C2-FPBA. The results of NMR spectroscopy, LC-MS and
high-performance LC (HPLC) analyses confirmed successful synthesis
of the maleimido-C2-FPBA (Supplementary Figs.1-4).

For simplicity, the hetero-octameric MspA modified with the
maleimido-C2-FPBA at its pore constrictionis denoted as MspA-FPBA.
It reversibly interacts with amino acids and their post-translational
modifications (PTMs), saccharides, peptides, NMPs and their epigenetic
modifications throughreversible covalentinteractions (Fig. 1b). Specifi-
cally, regarding amino acids and their PTMs, their a-amino groups can
react with the FPBA adaptor to yield iminoboronate compounds’®~.
Likewise, the N-terminal amino groups of peptides can react with the
FPBA adaptor to formiminoboronate compounds®. In the case of sac-
charides, NMPs and their epigenetic modifications, their cis-diol groups
can react with the FPBA adaptor to generate boronic esters**°. Given
thatthe formation ofiminoboronates and boronic esters is dynamically
reversibleinaqueous solution, MspA-FPBA is suitable for simultaneous
identification of multiple analytes by the same sensor.

Construction of MspA-FPBA

To site-specifically modify a single FPBA adaptor at the MspA pore
constriction, ahetero-octameric MspA, which had asingle substitution
at Cys90 (Supplementary Table 1), abbreviated as (N90C),(M2),, was
first prepared (Methods)****. The maleimide group of the synthesized
maleimido-C2-FPBA adaptor reacts with the side-chain thiol group of
cysteine of (N90C),(M2),, leading to site-specific modification of a
single FPBA adaptor at the pore constriction to generate MspA-FPBA
(Fig. 2b). MspA-FPBA can reversibly bind amino acids, NMPs and
saccharides to report corresponding nanopore events (Fig. 2a). All
above measurements were carried out ina custom-built measurement

chamber containing cis and trans compartments. Here, the cis repre-
sentstheelectrically grounded compartment and the transrepresents
the opposing compartment. Specifically, the cis compartment was
filled with 1.5 M KCl and 10 mM N-cyclohexyl-2-aminoethanesulfonic
acid (CHES) buffer at pH 9.0. The trans compartment was filled with
1.5 MKCland 10 mM 2-(N-morpholino)ethanesulfonic acid (MES) buffer
atpH 6.0 (Methods).

Stepwise construction of MspA-FPBA could also be observed
during single-channel recording (Fig. 2b). With (N90C),(M2), inserted
and a +160-mV bias continually applied, a stable open-pore current
(I,) of 490 pA was observed. Because of the unmodified Cys90 of
(N90C),(M2),, some transient spike noises were also observed. At
this stage, maleimido-C2-FPBA was further added to the cis side to
afinal concentration of 500 pM. Immediately afterward, an abrupt
current drop measuring approximately 160 pA was monitored and
the previously observed spike noises also disappeared immedi-
ately. No further changes in the open-pore current were observed
thereafter. These phenomena indicate the successful modifica-
tion of maleimido-C2-FPBA to (N90C),(M2), and the generation of
MspA-FPBA. At this stage, the open-pore current of an MspA-FPBA
(Irppa) measured approximately 332 pA (Fig. 2b, Supplementary Fig. 5
and Supplementary Table 2). MspA-FPBA could also be batch-prepared
by preincubating (N90C),(M2), and maleimido-C2-FPBA (Methods).
The open-pore current of the batch-prepared MspA-FPBA was identical
tothat previously characterized by single-channel recording (Fig. 2b).
Thus, unless otherwise specified, all subsequent measurements were
conducted using batch-prepared MspA-FPBA.

Simultaneous sensing of amino acids, NMPs and saccharides
Tovalidate the sensing capacity of MspA-FPBA for amino acids, NMPs
and saccharides, we selected Phe, guanosine 5’-monophosphate (GMP)
and D-fructose (Fru) as model analytes (Fig. 2c). Experimentally, the cis
chamber was filled with a 1.5 M KCl and 10 mM CHES buffer at pH 9.0
and the trans chamber was filled with a 1.5 M KCI and 10 mM MES
bufferat pH 6.0. With an MspA-FPBA inserted and the addition of Phe
tothecisside at400 puM, corresponding nanopore events wereimme-
diately detected (Fig. 2c). Notably, the appearance rate of Phe events
increases when there was a pH difference between the cis and trans
side buffers (Supplementary Fig. 6), suggesting an improved rate of
event appearance at an asymmetric buffer pH configuration. Thus,
unless otherwise specified, all subsequent measurements used this
measurement condition. In separate measurements, after the addi-
tion of GMP and Fru at 2 mM and 20 mM to the cis side, respectively
(Fig. 2¢), distinct types of events were then immediately observed,
confirming the feasibility of simultaneous sensing of amino acids,
NMPs and saccharides.

For quantitative event description, various core event param-
eters, including open-pore current (/pz,), event current (/oen.), block-
age amplitude (Al = lgppp = lovend), NOise amplitude (SD), dwell time
(tos), interevent duration (¢,,), skewness (skew), kurtosis (kurt), local
SD ratio, minimum, maximum and range (minimum-maximum)
(SupplementaryFig. 7), were used to quantitatively describe all nano-
pore events. Notably, all traces presented in this study were not sub-
jected to any further digital filtering. Short-residing events (<2 ms)
were consistently excluded before the statistical analysis. Scatter
plots of Alversus SD of Phe, GMP and Fru events were generated, with
distinct event clusters for each analyte, indicating the unambiguous
event discrimination (Fig. 2d). Specifically, Phe produced one event
cluster, while GMP and Fru each produced two event clusters, labeled
as GMP1/2 and Frul/2, respectively. Concurrent addition of Phe, GMP
and Fru to cis at 50 pM, 1 mM and 5 mM, respectively, resulted in dis-
tinct nanopore events (Fig. 2e and Supplementary Video 1), consist-
ent with results when they were measured separately. This further
confirms the discrimination capacity of MspA-FPBA. However, this
sensing capacity was not demonstrated in assays performed with
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Fig. 1| Synthesis of the maleimido-C2-FPBA adaptor and mechanism of
sensing. a, The synthetic route of the maleimido-C2-FPBA adaptor. The
compound was synthesized through a three-step reaction. Briefly, compound
1underwent nucleophilic addition and intramolecular cyclization to form
compound 2 (Supplementary Fig.1). Then, the Boc protecting group of
compound 2 was removed through nucleophilic substitution under acid
catalysis, releasing the amino group to form compound 3. Finally, the amino group
of compound 3 and the carboxyl group of compound 4 were condensed under
the catalysis of HATU to form maleimido-C2-FPBA (Supplementary Figs. 2-4).
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b, The mechanism by asingle FPBA adaptor-modified MspA nanopore (MspA-
FPBA). MspA-FPBA reversibly interacts with a sole analyte at a time. Left: for
amino acids and their PTMs, their a-amino groups react with the FPBA adaptor
to formiminoboronates. Similarly, N-terminal amino groups of peptides can
react with the FPBA adaptor to form iminoboronates. Right: for saccharides,
NMPs and their epigenetic modifications, their cis-diol structures can react with
the FPBA adaptor to form boronic esters. The adduct of each analyte with the
FPBA adaptor is reversible and dynamic, enabling MspA-FPBA for simultaneous
identification of multiple types of analytes in the same assay.

(N90C),(M2),, MspA-PBA and MspA-NTA-Ni (Supplementary Fig. 8
and Extended Data Fig. 1), again underscoring the crucial role of the
FPBA adaptor for simultaneous sensing of amino acids, saccharides
and NMPs in the same assay.

Discrimination of 21 proteinogenic amino acids, four
canonical NMPs and four saccharides

To illustrate the discriminative prowess of MspA-FPBA in identifying
diverse amino acids, NMPs and saccharides, we performed single-
channel recordings on a comprehensive panel of 21 proteinogenic
amino acids, including selenocysteine, as well as four canonical NMPs
(adenosine 5’-monophosphate (AMP), uridine 5-monophosphate
(UMP), cytidine 5-monophosphate (CMP) and GMP) and four ran-
domly chosen saccharides (iduronic acid (IdoA), L-arabinose (Ara),
Fru and N-acetyl-D-glucosamine (GIcNAc)). Their representative
events are depicted in Extended Data Fig. 2a, revealing that amino

acid events typically exhibit asingle, steady level with minimal fluctua-
tions, while certain amino acids display transient spikes. Upon using
different amino acids in separate measurements, each type yielded
a distinct, identifiable event profile (Supplementary Figs. 9-12).
The majority of amino acids produced a single type of event, with
cysteine, histidine and lysine exceptions, which generated two types
each, denoted as C1/2, H1/2 and K1/2, respectively. Notably, because
of the formation of a stable five-membered ring structure* involving
cysteine’s a-amino group and side-chain thiol group with the FPBA
adaptor, cysteine events often exhibit extremely prolonged durations
(Supplementary Fig.13). Thus, unless otherwise stated, cysteine was
measured after reaction of maleimide to avoid the appearance of the
prolonged events (Supplementary Fig. 14).

Each type of NMP generates two representative event types
(Supplementary Fig. 15), denoted as NMP1/2. Briefly, the first type of
NMP events displays short ¢,and minimal blockage level fluctuations,
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Fig. 2| Construction of MspA-FPBA for simultaneously identifying amino
acids, NMPs and saccharides. a, The site-specific modification of asingle

FPBA adaptor at the MspA pore constriction generates MspA-FPBA, enabling
sensing of amino acids, NMPs and saccharides with the same sensor. b, Real-time
construction of MspA-FPBA. A single maleimido-C2-FPBA adaptor (Fig. 1) reacts
with Cys90 of (N90C),(M2), to form MspA-FPBA (Methods). During single-channel
recording, the sudden drop of currentamplitude from /, to /5, indicates the
success of pore modification. Here, I, and /g, represent the open-pore currents
of (N90C),(M2), and MspA-FPBA, respectively. ¢, Representative traces acquired
with Phe, GMP and Fru using MspA-FPBA, respectively. Left: chemical structures
of Phe, GMP and Fru. Under a continually applied +160-mV bias, each analyte

was separately added to the cis side. The final concentrations of Phe, GMP and
Fruwere 400 pM, 2 mM and 20 mM, respectively. For clarity, /ppg, is marked

by agray dashed line. d, The scatter plot of A/ versus SD for Phe, GMP and Fru
events obtained as described in c. Both GMP and Fru have two types of events,
which are labeled as GMP1/2 and Frul/2. At least 100 events of each analyte were
used to generate the scatter plot. e, A representative trace acquired during
simultaneous sensing of Phe, GMP and Fru using MspA-FPBA. Phe, GMP and Fru
were simultaneously added to the cis side at final concentrations of 50 pM, 1 mM
and 5 mM, respectively. Different nanopore events were identified and labeled on
the basis of their event features as described in c.

while the second type involves intense telegraphic switching. On the
other side, saccharide events exhibit intense telegraphic switch-
ing across multiple levels. Specifically, IdoA generates a single type
of event. However, Ara produces three types of events, designated
as Aral/2/3, while Fru and GIcNAc each yield two types of events,
labeled as Frul/2 and GIcNAcl/2, respectively. Individual saccharide
measurements revealed characteristic event shapes for each type
(Supplementary Fig. 16). The unique event characteristics of each
analyte underscore the critical role of the FPBA adaptor in discerning
among different amino acids, NMPs and saccharides with the same
sensor and measurement condition. To visualize nanopore sensing
results, scatter plots based on different parameter combinations
were constructed using amino acids Ser, Ala, GIn, Thr, Val, Met, lle,

Leu and Trp as model systems (Supplementary Fig.17). Among them,
the Alversus SD plot clearly resolved nine distinct event clusters cor-
responding to different analytes. Therefore, Al and SD were used for
two-dimensional (2D) data visualization throughout this study.
Results of three independent measurements for each amino
acid demonstrated notable reproducibility (Supplementary Table 3).
A scatter plot of A/ versus SD was plotted for results acquired with
21 proteinogenic amino acids (Extended Data Fig. 2b). The scatter
plot also revealed that the 21 proteinogenic amino acids were effec-
tively differentiated (Extended Data Fig. 2b). To elucidate the event
distribution, the dense region of the scatter plot was further magni-
fied (Extended Data Fig. 3). While there was slight overlap between
Met and Pro events, their actual source events are visually different
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(Extended Data Fig. 2a) and their events could be efficiently differ-
entiated by simultaneously considering the maximum parameter
(Supplementary Fig. 18). Notably, MspA-FPBA could also unambigu-
ously differentiate Leu fromitsisomer Ile, a challenge for conventional
MS, further emphasizing the amino acid resolution capabilities of
MspA-FPBA (Supplementary Fig.19).

For the NMPs, three independent measurements yielded highly
reproducible events (Supplementary Table 4). The type 1 events
(NMP1) generated by the four NMPs were quantified and a scatter
plot of Al versus SD was generated (Extended Data Fig. 2¢). The scat-
ter plot indicated that all four canonical NMPs were well separated.
Although the type 2 events exhibited notable overlap and are not
suitable for distinction (Extended Data Fig. 4), they can be easily rec-
ognized and avoided in further quantitative analysis. The events of
the four saccharides were quantified and a scatter plot of A/ versus
SD was generated (Extended Data Fig. 2d), demonstrating that the
four saccharides were effectively distinguished by MspA-FPBA. On
the basis of three independent measurements for each saccharide,
the resultant sensing events also produced highly reproducible data
(Supplementary Table 5).

Identification of amino acids, NMPs and saccharides by
machine learning

To mitigate the potential bias inherent in manual event identification
and to establish an automated sensing event identification process,
anautomaticidentification algorithm for amino acids, NMPs and sac-
charides based on machine learning was developed (Methods). The
machine learning workflow encompassed the assembly of a training
dataset, the construction of a feature matrix and the training of vari-
ous models (Supplementary Fig. 20). Initially, MspA-FPBA was used to
detect each amino acid, NMP and saccharide individually, yielding a
total of 5,400 representative events with known labels. These events
were then fed to a custom MATLAB code to extract nine character-
istic parameters (A/, SD, local SD ratio, minimum, maximum, range,
t.i skew and kurt) for each event, which were used to construct a
nine-dimensional (9D) feature matrix. Each event in the matrix was
labeled with the analyte applied for data acquisition. Using the ‘classifi-
cationlearner’ toolbox of MATLAB, the performance of seven classifica-
tion models, namely k-nearest neighbor (KNN), support vector machine
(SVM), naive Bayes, decision trees, neural network, discriminant analy-
sis and ensemble, was assessed using tenfold cross-validation. The
bagged trees model demonstrated the highest validation accuracy,
reaching animpressive 98.9% (Supplementary Table 6).

The 9D confusion matrix produced by the bagged trees model
revealed that over half of theamino acids, including Ala, Asp, Glu, Phe,
Gly, Lys, Leu, Arg, Ser, Sec, Trp, Tyr and Cys, achieved a perfect true-
positive rate of 100%. Despite a minor overlap between methionine
and proline events in the 4/ versus SD scatter plot (Extended Data
Fig. 2b), simultaneous consideration of all nine event features by
machinelearning enabled the precise identification of these two amino
acids, with validation accuracies of 99.4% and 98.8%, respectively
(Fig. 3a). To visualize the feature distribution of various amino acid,
NMP andsaccharide events, a parallel coordinate plot based on the 9D
feature matrix was also generated (Supplementary Fig. 21). Further-
more, a learning curve was plotted to assess the efficiency of model
training (Supplementary Fig. 21), revealing that the model’s accuracy
reached 98.1% with the inclusion of at least 1,368 input events. It also
confirmed that overfitting was not happening.

To further assess the capability of MspA-FPBA in distinguishing
various amino acids, NMPs and saccharidesin the same assay, a panel
of ten amino acids (Arg, Asn, Tyr, Phe, Trp, Gly, Val, GIn, Met and lle),
two NMPs (UMP and GMP) and one saccharide (Fru) were chosen to
demonstrate concurrent sensing in a mixture. Experimentally, with
a continually applied +160-mV bias, these analytes were introduced
simultaneously to the cis side and various events were immediately

observed afterward (Fig. 3b-d). Subsequently, all events were auto-
matically predicted and classified using the trained bagged trees
model (Fig.3b-d and Supplementary Figs. 22-24). Ascatter plot com-
paring 4/ versus SD for events before and after prediction was also
generated (Supplementary Fig. 25). These findings suggest that, with
the aid of machine learning, MspA-FPBA is capable of simultaneously
identifying multiple types of amino acids, NMPs and saccharides from
amixture, all relying on the same sensor.

Identification of PTM amino acids, epigenetic NMPs

and peptides

Three representative PTM amino acids (N®-acetyl-Lys, Ac-Lys;
O-phospho-Tyr, P-Tyr; N*,N*-dimethyl-Arg, Me-Arg) and three epi-
genetic NMPs (pseudo-UMP, ¢; Né-methyl-AMP, m°A; inosine-
5’-monophosphate, IMP) were selected as model analytes. The
modifications in their chemical structures were highlighted with red
boxes (Extended Data Fig. 5a). Experimentally, a +160-mV bias was
continually applied and Ac-Lys, P-Tyr, Me-Arg, {, m°A and IMP were
separately added to the cis side. Subsequently, corresponding nano-
pore events were immediately observed (Extended Data Fig. 5b,d).
The events of PTM amino acids were extracted and a scatter plot of A/
versus SD was generated (Extended Data Fig. 5¢), showing three com-
pletely separated event clusters. Compared to proteinogenic amino
acids, the events of PTM amino acids exhibited distinct event char-
acteristics in the scatter plot of A/ versus SD (Supplementary Fig. 26).
Additionally, the epigenetic NMP events were also extracted and shown
inthe scatter plot of A/versus SD (Extended Data Fig. 5e), appearing as
three completely separated event clusters, distinct from their nonmodi-
fied counterparts (Supplementary Fig. 27). Although demonstrated
with a few representative analytes, this technique is in principle also
applicable to other types of modifications of amino acids and NMPs.

On the other hand, under identical conditions, five representa-
tive peptides (lle-Lys, Leu-Arg-Gly, Ser-Leu-Arg, Gly-Tyr-lle-Lys and
Leu-Arg-Gly-Tyr) were also analyzed using MspA-FPBA (Supplementary
Fig. 28). Longer peptides may create greater steric hindrance,
impeding the ability of the peptide N-terminal amino group to be
captured by the FPBA adaptor. Nevertheless, longer peptides may
still be detectable through resistive-pulse sensing. All data obtained
from PTMaminoacids, epigenetic NMPs and peptides wereadded tothe
existingmachinelearning training dataset (Extended DataFig. 6a). Nine
event features were extracted for analysis and the model’s performance
was evaluated using tenfold cross-validation (Supplementary Table 7).
Within the ensemble model, the bagged trees model achieved the
highest validation accuracy of 98.7%, a value only 0.2% lower than the
98.9% observed for the original set of 21 amino acids, four NMPs and
four saccharides, suggesting the high resolution of the sensor and
the great expandability of the method. The corresponding confu-
sion matrix demonstrated that all 40 analytes achieved an accuracy
of over 92.5%, with 18 of these analytes attaining 100.0% accuracy
(Extended Data Fig. 6b). These results underscore the high resolu-
tion of MspA-FPBA and confirm that additional datafrom PTM amino
acids, epigenetic NMPs and peptides do notimpair performance of the
machinelearningalgorithm. Thisindicates that nanopore technology
holds scalability for an even broader range of biological analytes in
future applications.

For all analytical predictions, acomprehensive set of nine param-
eters (A/,SD, local SD ratio, minimum, maximum, range, ¢, Skew and
kurt) was simultaneously used for event identification. To systemati-
cally assess the contribution of distinct features, the permutation fea-
tureimportance characterization was applied*>*. Specifically, higher
importance mean values directly correlate with greater featureimpor-
tance. Asshownin Supplementary Table 8 and Supplementary Fig. 29,
Aland SD made the greatest contribution to the model’s discrimination
capacity, followed by local SD ratio and ¢;. Other parameters, including
maximum, minimum, range, kurt and skew, also showed their overall
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Fig. 3| Identification of 21 proteinogenic amino acids, four canonical NMPs
and four saccharides using machine learning. a, The confusion matrix for
amino acid (orange), NMP (blue) and saccharide (green) events generated

by the bagged trees model using a 9D feature matrix. Each amino acid class
contained 200 events, while that of lysine contained 100 events. Each of AMP,
UMP, CMP and GMP contained 100 type 1 events and the four NMPs comprised
100 type 2 events. Each saccharide class contained 200 events. Model training
was performed with the classification learner toolbox in MATLAB using tenfold
cross-validation. Among these models, the bagged trees model reported the
highest validation accuracy of 98.9% (Supplementary Table 6). TPR, true-positive
rate; FNR, false-negative rate. b-d, Representative traces acquired during
simultaneous sensing of ten amino acids (Arg, Asn, Tyr, Phe, Trp, Gly, Val, GIn,
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Metand Ile), two NMPs (UMP and GMP) and one saccharide (Fru) using MspA-
FPBA (Methods). Representative trace segments from the same original trace
areshowninb-dto clearlyillustrate event details. With a +160-mV bias applied,
ten amino acids, two NMPs and Fru were added to the cis side simultaneously.
The final concentrations of each amino acid, each NMP and Fru were 100 uM,
200 pM and 2 mM, respectively. Zoomed-in views of these representative current
traces are shown (Supplementary Figs. 22-24). The representative events were
automatically predicted by the trained model and labeled with color-coded dots
(Arg, orange; Asn, brown; Tyr, light purple; Phe, yellow; Trp, green; Gly, dark red;
Val, red; GIn, light green; Met, dark purple; lle, purple; UMP, dark green; GMP,
black; NMP, gray; Fru, pink). The NMP events marked with gray dots represent
the type 2 events of the four NMPs.
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Fig. 4| Classification of out-of-database analytes by few-shot learning.

a, The workflow of few-shot learning for classification of out-of-database
analytes. The previously separately labeled events of 21 proteinogenic amino
acids, four canonical NMPs, four saccharides and five peptides were respectively
integrated into the classes of amino acids, NMPs, saccharides and peptides,
thereby forming the support set for machine learning. The model trained

on these few labeled samples, each with its own event features, achieved
classification for query samples outside the database. b, The confusion matrix
for the amino acid, NMP, peptide and saccharide event set generated by the
bagged trees model. ¢, Representative traces acquired during simultaneous
sensing of query samples outside the database (theanine, IMP, p-xylose and

tripeptide Asn-Met-Arg) using MspA-FPBA. With a +160-mV bias applied,
theanine, IMP, p-xylose and tripeptide Asn-Met-Arg were added to the cis

side simultaneously. The final concentrations of theanine, IMP, o-xylose and
tripeptide Asn-Met-Arg were 100 uM, 1 mM, 20 mM and 100 pM, respectively.
The events were automatically classified by the constructed few-shot learning and
labeled with color-coded dots (amino acids, orange; NMPs, blue; saccharides,
light green; peptides, purple). d, The scatter plot of A/ versus SD for the amino
acids, NMP, peptides and saccharides events obtained from c. The scatter plot
was generated using a 30-min continually recorded trace. The four clusters
corresponding to amino acids, NMP, peptides and saccharides were identified
by few-shot learning.

contribution. All nine event parameters simultaneously contributed
to the model’sidentification capacity.

The four-feature model trained on the minimal feature subset
(Al,SD, local SD ratio and ¢,) exhibited performance comparableto the
original nine-feature model (Supplementary Table 9). This highlights
the potential for a lightweight model configuration. However, this
equivalence in performance was observed specifically in the context
of differentiating 29 analytes (Fig. 3a). When the analytical scope was
expanded to40 analytes, including amino acids with PTMs, epigenetic
NMPs and peptides (Extended Data Fig. 6b), the performance gap
became more evident (Supplementary Table 10). To maintain consist-
ency and in anticipation of future broadening of the analytical scope,
we retained the nine-feature model throughout the paper. While not
demonstrated here, the underlying principleis also theoretically appli-
cable to other molecular classes, such as D-amino acids, nucleotide
sugars, oligosaccharides and oligonucleotides.

Quantification of amino acids, NMPs, saccharides

and peptides

During the detection of amino acids, NMPs, saccharides and pep-
tides, within a certain analyte concentration range, the count of
nanopore events generated per min by a specific species (F) is lin-
early correlated with the species concentration, forming the basis

for quantitative analysis (Supplementary Tables 11 and 12 and
Supplementary Figs. 30-36). To demonstrate that, four amino acids
(Met, Asn, Tyrand Arg), UMP, Fru and the tripeptide Leu-Arg-Gly were
mixed at known concentrations (Methods). The mixture was subse-
quently subjectedtonanoporeanalysis (SupplementaryFig.37). Accord-
ing to the quantitative results, the nanopore results were generally
consistent with the true values (Methods and Supplementary Fig. 37).
These results not only demonstrate its quantitative capability for mixed
samples but also validate the machine learning model’s capability for
mixture analysis.

To demonstrate the identification performance of the model
trained on the single-analyte dataset for multianalyte mixtures,
we performed nanopore sensing on a defined multianalyte mixture
(SupplementaryFig.38) and comparedthe produced eventstothosefrom
corresponding single-analyte measurements (Supplementary Fig. 39).
Quantitative analysis through 2D scatter plots of A/ versus SD demon-
strated that the event signatures in multianalyte mixtures were identi-
cal to those collected during single-analyte measurements, with all
events falling withinthe 99% confidence ellipses derived from the train-
ing data (Supplementary Fig. 39), confirming the model’s consistency
across different sample matrices. Notably, our quantitative evaluation
of areference mixture featuring al00-fold concentrationgradient (0.5
50 mM) (Supplementary Fig.37) revealed nolossin analytical accuracy,
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demonstrating the method’s robustness to concentrationimbalancesin
multispecies environments.

Although nanopore sensing theoretically offers single-molecule
detection limits, this would require infinitely long measurement
durations. To establish practical benchmarks, we defined the limit
of detection (LOD) as the minimum analyte concentration capable
of generating at least five binding events within a 10-min continu-
ous acquisition period. On the basis of this criterion, the LODs for
amino acids, NMPs, saccharides and peptides are summarized in
Supplementary Tables 13-16. Notably, the LOD for each concentration
was confirmed only when the event count criterion was consistently
met across all three independent replicate measurements. Future
sensitivity improvements could be achieved through the integration
of ultra-flat, miniaturized fluidic chambers with high-density sensor
arrays, combined with extended measurement durations similarto a
MinION sequencing device.

Nanopore identification of amino acids, NMPs, saccharides or
peptides has been previously performed. For amino acid, phenan-
throline ring-modified** and cyclodextrin-embedded* a-hemolysin
(a-HL) identified amino acid enantiomers in the presence of Cu*.
Single Ni**-modified** and Cu**-modified*® MspA distinguished all 20
proteinogenic amino acids. For nucleotide, cyclodextrin-embedded
a-HL detected four nucleoside diphosphates*. A single phenylboronic
acid-modified MspA distinguished 11 NMPs™®, For saccharide, single
phenylboronic acid-modified a-HL distinguished three saccharides*,
while similarly modified MspA differentiated major monosaccharides
and disaccharides with different glycosidic linkages®**. Mutant a-HL
recognized saccharides bearing acetamido and carboxyl groups®. For
peptide, Aerolysin*’ and cucurbituril-assisted a-HL* distinguished
peptides differing by a single amino acid. Wild-type aerolysin®, the
Nocardia farcinica channel®* and the bacteriophage T7 connector®
differentiated arginine peptides of different lengths. Translocon EXP2
distinguished polylysine peptides with different molecular weights**.
Fragaceatoxin C differentiated various angiotensin peptides®. Aeroly-
sindistinguished vasopressin enantiomers*’. a-HL identified multiple
peptide PTMs*’. However, all the above studies were generally limited
to a specific analyte class for each pore type. In contrast, MspA-FPBA
enables the simultaneous identification of amino acids, NMPs, sac-
charides and peptides, allowing their classification in the same plat-
form. Assisted by machine learning, it can also perform analyte type
classification without strictly relying on events generated by identical
standard compounds.

Identification of amino acids and glycosylation by

enzymatic digestion

Given that MspA-FPBA can simultaneously identify amino acids, pep-
tides and saccharides, it is anticipated that the established sensing
strategy could be used to analyze the amino acid composition and
glycosylation modifications on peptides or proteins. To validate this,
the sensing strategy was extended to analyze glycosylated peptides
following enzymatic digestion (Extended Data Fig. 7a). Tentatively, a
glycosylated heptapeptide with the sequence Gly-Met-GIn-Arg-Asn-
(GIcNAc)-lle-Ser was synthesized. Experimentally, this glycosylated
heptapeptide wasincubated withleucine aminopeptidase (LAP) at 37 °C
for12 hto ensure complete enzymatic hydrolysis. Following hydrolysis,
thereaction mixture was ultrafiltered to eliminate LAP. Under a continu-
ally applied +160-mV bias, 25 pl of the ultrafiltrate was introduced to
the cis side of the MspA-FPBA for single-channel recording (Methods
and Supplementary Fig. 40), immediately after which correspond-
ing events were observed (Extended Data Fig. 7b and Supplementary
Video 2). A scatter plot of 4/ versus SD was constructed using events
from a10-min continuous recording trace (Extended Data Fig. 7¢c). A
density-based spatial clustering of applications with noise (DBSCAN)
algorithm was applied to eliminate nonclustered background noise
(Supplementary Fig. 41) and seven distinct event clusters were

identified. With the previously trained bagged trees model, it was
confirmed that four clusters were generated by Gly, Met, Gln and Arg
(Extended DataFig. 7c). This aligns perfectly with the amino acid com-
position preceding the glycosylation site of the Gly-Met-GIn-Arg-Asn-
(GIcNAc)-lle-Ser peptide. Furthermore, three types of previously uni-
dentified events were detected and labeled GP1, GP2 and GP3. The
corresponding MS results confirmed the generation of Gly, Met, GIn,
Argand Asn-(GIcNAc)-lle-Ser (Supplementary Fig.42). Nanopore meas-
urements on the enzymatic digestion filtrate of the nonglycosylated
peptide were also performed and the detected events were identified
asGly, Met, GIn, Arg, Asn, lle and Ser (Supplementary Figs. 43 and 44).
Thethree previously unidentified events were not detected. Together
with the MSresults and the results acquired with the nonglycosylated
peptide, it was confirmed that the three unidentified events indeed
originated from the Asn-(GIcNAc)-lle-Ser fragment generated during
the glycopeptide enzymatic digestion.

In a separate measurement, the untreated Gly-Met-GIn-Arg-Asn-
(GIcNAc)-lle-Ser peptide was added to the cis side of MspA-FPBA for
single-channel measurement, resulting only in a single type of event
(Supplementary Fig.45). This event was attributed to the binding of the
peptide’s N-terminal amino group to the FPBA adaptor. The absence
of enzymatic treatment and the resulting larger steric hindrance pre-
vented the glycosyl group from binding to the FPBA adaptor, thus
prohibited the generation of additional event types. These findings
successfully demonstrate that MspA-FPBA can efficiently analyze
the amino acid composition and glycosylation modification of glyco-
sylated peptides following enzymatic digestion.

Identification of out-of-database analytes using

few-shot learning

The MspA-FPBA sensor exhibits differentiated event characteristics
for amino acids, NMPs, saccharides and peptides. Therefore, it is
necessary to classify the events to enable comprehensive analysis of
complexbiological samples using MspA-FPBA. Meanwhile, the diver-
sity of amino acids, NMPs, saccharides and peptides in biological
samples poses a data scarcity challenge to the currently constructed
database. To address this issue, we applied few-shot learning*® to clas-
sify analytes that were not included in the database. Here, because of
data scarcity, we use a few labeled amino acids, NMPs, saccharides
and peptides as the support set for machine learning. As amino acid,
NMP, saccharide and peptide events respectively exhibit flat, nar-
row, telegraphic and coarse characteristics, the trained bagged trees
model (Supplementary Table 17) could rapidly classify query sam-
ples (analytes not included in the database) into amino acids, NMPs,
peptides or saccharides (Fig. 4a,b).

To evaluate the classification performance of the few-shot learn-
ing, four types of analytes not included in the dataset, specifically
theanine, IMP, p-xylose and tripeptide Asn-Met-Arg, were applied for
nanopore sensing. Afterward, event classification was conducted
using few-shot learning. Experimentally, with a constantly applied
+160-mV bias, these analytes were introduced simultaneously to the
cisside of the device. Distinct nanopore events were observed shortly
thereafter. Subsequently, all events were automatically classified into
the categories of amino acids, NMP, peptides and saccharides (Fig. 4c)
and their corresponding data were presented in a scatter plot of A/
versus SD (Fig. 4d). The classification results were consistent with their
true values (Supplementary Fig.46), confirming the technique’s ability
torecognize out-of-database analytes and its generality in sensing.

Rapid identification of amino acids, NMPs, saccharides and
peptidesin yeast cell extract

Yeast cell extract, generated by autolysis or enzymatic hydrolysis
of yeast cells, is rich in various types of nutrients, including amino
acids, peptides, NMPs, saccharides and minerals®. Therefore, it is
anideal sample for testifying the performance of MspA-FPBA in the

Nature Biotechnology


http://www.nature.com/naturebiotechnology

Article

https://doi.org/10.1038/s41587-026-03308-9

Load
Sample

Dissolve
—_—
Ultrafilter

Adjust pH
&\ —_—
Yeast cell extract

Ultrafiltration product Ultrafiltrate (pH 7.0)

-2
CMP
@ Met
H1

350

@ Saccharide

e Val
e Ser
® Ser
® Asn

300

250

Current (pA)

200 500 ms

0

350

eVal

eGMP
e AMP
oNMP

300

250

Current (pA)

[ ] [ ]
200 250 ms Amino acids  NMPs

eVal

Few-shot learning

Event classification

o)

o
o
Jol
a
O

Nanopore measurement

e Peptide

o Gln
e Arg
®Asn

eSaccharide
oThr

eTrp

e Peptide
®Asn

[ ]
Saccharides

[ ]
Peptides

4.5
4.0 4 # Asn
3.5
3.0 4§

2.5 CMP

SD (pA)
SD (pA)

2.0
UmpP ,f

ry

Few-shot
learning

sD

Standard
comparison

sD

—

Unidentified
sample

Al

40 60 80 100 30 40
Al (pA)

Fig. 5|Identification of amino acid, NMP, saccharide and peptide events
inyeast cell extract. a, Nanopore analysis of yeast cell extract and event
classification using few-shot learning (Methods). Experimentally, 0.1 g of yeast
cell extract was dissolved in 1 ml of ultrapure water and the resulting solution

was ultrafiltered. Then, the pH of the ultrafiltrate was adjusted to 7.0 by titration
with KOH. With MspA-FPBA, 5 pl of the above filtrate was added to the cis side and
a+160-mV bias was continually applied. Lastly, various nanopore events were
acquired and classified by few-shot learning. b,c, Representative traces acquired
withyeast cell extract. Representative trace segments from the same original
trace areshowninb,ctoclearly illustrate event details. The trace was splitinto
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two panels (b, ¢) due to space limitations. Events were automatically classified
using few-shot learning (Fig. 4) and labeled with color-coded dots (amino acids,
orange; NMPs, blue; saccharides, green; peptides, purple). With the trained
bagged trees model (Fig. 3a), different amino acids and NMPs were further
identified. d, The scatter plot of A/ versus SD for amino acid events produced

by the yeast cell extract. Seven clusters respectively corresponding to Glu, Ser,
Val, Phe, Tyr, Asn and Arg were identified. e, The scatter plot of A/versus SD for
NMPs events produced by yeast cell extract and the process of identifying the
unidentified sample as IMP. All measurements inb,c were conducted under a bias
of +160 mV, with 5 pl of ultrafiltrate added to the cis side.

rapid identification of amino acids, NMPs, saccharides and peptides
in real biological samples. First, commercially available yeast cell
extract was dissolved in ultrapure water and subjected to ultrafiltra-
tion. Subsequently, the pH of the resulting filtrate was adjusted to
neutral. Under a continually applied +160-mV bias, the filtrate was
addedtothecisside of the device. With the few-shot learning (Fig. 4),
the acquired events were automatically classified (Methods, Fig. 5a
and Supplementary Fig. 47).

Ultrafiltration pretreatment effectively removes macromolecular
analytes fromyeast cell extract (Supplementary Fig. 48). Specifically,
the extractsolutionwasloaded into an ultrafiltration tube with a 3-kDa
molecular weight cutoff and ultrafiltered at 6,000 rpm for 60 min at
4 °C. Althoughnanopore analysis of untreated yeast cell extractis also
feasible, macromolecular clogging or trapping events can more or less
interrupt data acquisition (Supplementary Fig. 49). However, these
interference events exhibit signature profiles distinct from those of
small molecular analytes and can be excluded from statistical analysis
after dataacquisition.

Representative traces acquired with yeast cell extract are shown
in Fig. 5b,c and Supplementary Video 3. The events of amino acids,
NMPs, saccharides and peptides were automatically classified by the
few-shot learning and marked with orange, blue, greenand purple dots,
respectively (Fig. 5b,cand Supplementary Figs. 50 and 51). For the clas-
sified amino acid and NMP events, they were further predicted by the
trained bagged trees model (Fig. 3a). Corresponding scatter plots of A/
versus SD were generated using the amino acid events and NMP events
extracted froma20-min continually recorded trace (Fig. 5d,e). With the
trained bagged trees model, the seven amino acid clusters shown were
identified to be Glu, Ser, Val, Phe, Tyr, Asn and Arg (Fig. 5d). Addition-
ally, the presence of other amino acids such as Met, His, GIn, Ala, Thr
and Trp was also detected by machine learning (Fig. 5b,c). Moreover,
five NMP clusters were observed. Inaddition to all four canonical NMP
events, an unidentified sample was also detected and its events are
annotated with gray circles (Fig. 5e). The identification workflow of
the unidentified sample is shown in the red box. First, using few-shot
learning, the unidentified sample was first classified to be a type of
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Fig. 6 | Quantitative analysis of amino acid and saccharide constituentsin
the G2 glycopeptide. a, Nanopore profiling of hydrolyzed G2 glycopeptide and
quantitation of its components. Experimentally, 3 mg of G2 glycopeptide was
dissolvedin 250 pl of 0.5 M TFA and incubated at 80 °C for 12 h for hydrolysis.
Afterward, sodium phosphate was added to the solution to achieve 50 mM
final concentration with pH adjusted to 8.0. The sample was subsequently
enzymatically digested using LAP and subjected to ultrafiltration (Methods).
Withan MspA-FPBA, 10 pl of filtrate was applied to the cis side with a+160-mV
bias. Component identification and quantification were performed using
nanopore analysis (Methods). b,c, Representative traces acquired with G2
glycopeptide hydrolysates. Representative trace segments from the same
original trace are shown inb,c to clearly illustrate event details. The trace

was splitinto two panels (b, ¢) due to space limitations. Event classification

was performed by few-shot learning. A trained bagged trees model enabled
differential identification of amino acids and GIcNAc constituents. d, Scatter
plot of A/ versus SD for amino acid and saccharide events derived from G2
glycopeptide hydrolysates. In addition to the five identified amino acids

and GIcNAc, three unidentified event clusters were observed, marked with

gray circles. Few-shot learning first classified these samples as saccharides.
Comparison to standard Gal and Man events (Supplementary Fig. 53) confirmed
theiridentities through complete agreement of event features. e, Comparative
analysis of component concentrations measured by nanopore versus true values.
Datarepresent triplicate measurements (n = 3) presented as the mean + s.d. Error
barsindicate thes.d.

NMP. Itis suggested that IMP, aflavoring nucleotide widely presentin
yeast cell extract®®, may have generated these events. Subsequently,
the event features of the unidentified sample were compared to the
standard events obtained for IMP (Supplementary Fig. 27) and its
identity was confirmed on the basis of a complete match of all event
features. The versatility of MspA-FPBA enables concurrent detec-
tion of diverse analytes within a single assay, offering a key advantage
for real-world sample analysis, as demonstrated in the yeast extract
analysis. Additionally, its high-resolution sensing ensures accurate
and unambiguous identification, preventing misinterpretation errors
fromanalytical cross-talk or quantification inaccuracies.

Components analysis of egg yolk-derived G2 glycopeptide

Because of the presence of structural isomers, current MS-based
approaches encounter notable challenges in achieving direct
compositional identification and quantification of native glyco-
peptides (Supplementary Fig. 52). In contrast, the MspA-FPBA plat-
form demonstrates distinct advantages in isomer discrimination

(Supplementary Figs. 19 and 53). To demonstrate the technical
potential for native glycopeptide analysis, a naturally occurring
complex-type N-glycopeptide (G2) isolated from egg yolk was selected
as a model system and subjected to hydrolysis for nanopore char-
acterization (Methods and Fig. 6a). The raw traces are presented
in Fig. 6b,c, accompanied by corresponding scatter plot analysis
in Fig. 6d and Supplementary Fig. 54. The unidentified events were
classified as saccharides by few-shot learning, suggesting that they
might be galactose (Gal) and mannose (Man), two core monosaccha-
ride components in mammalian N-linked glycans®. This assignment
was further validated through direct comparison to reference MS
profiles of standard Gal and Man (Supplementary Fig. 53). As shown
in the quantification results (Fig. 6e and Supplementary Table 18),
despite minor experimental discrepancies, the nanopore-derived
measurements maintained a high degree of consistency with refer-
ence values. These findings confirm the suitability of this nanopore
platform for both compositional profiling and quantitative analysis
of native glycopeptides.
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Beyond glycopeptides, MspA-FPBA demonstrates theoretical
applicability for compositional profiling and quantitative analysis of
other hybrid biomolecules, including but not limited to glycoRNAs and
RNA-binding peptides, using the versatility of the maleimido-C2-FPBA
adaptor. This nanopore-based method achieves the necessary versa-
tility and resolution suitable for complex biomolecular characteriza-
tion. While its proof-of-concept demonstration with arepresentative
glycopeptide validates the technical feasibility of this methodology,
the platform represents a promising breakthrough for integrated
single-molecule analysis of coexisting biomolecular entities, an analyti-
cal challenge that remains unattainable through individual nanopore
technology in the field. Looking forward, this approach could revo-
lutionize structural characterization of distinct molecular domains
and offer novel mechanistic insights into cross-omics interactions
at the glycome-transcriptome-proteome interface. Moreover, the
platform’s sensing mechanism suggests its potential to discover pre-
viously undetected PTM types and epigenetic modifications through
synergistic advancements in corresponding databases and machine
learning algorithms.

Discussion

We conjugated a custom-designed adaptor Maleimido-C2-FPBA to the
pore constriction of MspA, forming MspA-FPBA and demonstrated
the identification of amino acids, NMPs, saccharides and peptides all
in the same assay. This study highlights the capability of MspA-FPBA
to analyze a diverse array of analytes, including but not limited to 21
proteinogenic amino acids, three amino acids with PTMs, four canoni-
calNMPs, three epigenetically modified NMPs, four monosaccharides
and five peptides. Unlike conventional nanopore-based amino acid
detection that relies on metal ion incorporation, MspA-FPBA offers a
metal-free alternative, which is compatible with applications requiring
metalion presence. Theintegration of machinelearning achieved agen-
eral accuracy of 98.7%, underscoring the robustness of this approach
during simultaneous analysis of a wide variety of analytes within the
same assay. Although not demonstrated here, this technique may be
applicable to the analysis of D-amino acids, nucleotide sugars, oligosac-
charidesand oligonucleotides. We also demonstrated the identification
of glycosylation modificationsin glycosylated peptides, highlighting
the potential of this technique in multiomics analysis. Furthermore, a
few-shot learning strategy was implemented, enabling the classifica-
tionof the general composition of biological samples such as yeast cell
extract, without strictly relying on events generated by the identical
standard compound. This technique effectively characterized native
G2 glycopeptide composition and may be applied to glycoRNA and
RNA-binding peptide composition analysis following a similar princi-
ple. Looking ahead, inspired by exopeptidase protein sequencing®,
the integration of proteases, ribonucleases and glycosidases with
MspA-FPBA for exo-sequencing is expected to unify diverse sequenc-
ing technologies into a single and versatile system.

Online content
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Methods

The synthesis of maleimido-C2-FPBA

Maleic anhydride (compound 1; 13.50 g, 137.68 mmol, 1.0 eq) and
tert-butyl N-(2-aminoethyl)carbamate (24.26 g, 151.44 mmol, 1.1 eq)
were dissolved indichloromethane (DCM; 500 ml) ina2-L single-neck
round-bottom flask. The reaction mixture was stirred for 16 hat room
temperature and then concentrated under reduced pressure to remove
the solvent. Acetone (850 ml) was added to the residue, followed by
sequentialaddition of sodiumacetate (12.42 g,151.44 mmol, 1.1eq), ace-
ticanhydride (15.46 g,151.44 mmol,1.1eq) and triethylamine (27.86 g,
275.35 mmol, 2.0 eq). The resulting mixture was stirred at 25 °C for
an additional 16 h. The reaction mixture was concentrated, loaded
onto silica gel and purified by flash column chromatography using a
gradient of ethyl acetate and n-heptane (v/v, 1:10). A white solid was
obtained (compound 2;15.00 g, 62.43 mmol, 45.35% yield). '"H NMR
(400 MHz, CDCl,, §): 7.00 (dd, 2H), 6.89 (m, 1H), 3.42-3.45 (m, 2H),
3.03-3.08 (m, 2H),1.34-1.37 (m, 9H).

Tert-butyl (2-(2,5-dioxo-2,5-dihydro-1H-pyrrol-1-yl)ethyl)carba-
mate (compound 2;15.00 g, 62.43 mmol, 1.0 eq) was dissolved in TFA
qnd DCM (30 ml each) and stirred in ambient air for 16 h. A white solid
was obtained (compound 3; 8.74 g, 62.43 mmol), which was used for
next step directly. A 50-mlsingle-neck round-bottom flask was charged
with 3-borono-4-formylbenzoic acid (compound4;100.00 mg, 515.60
pmol, 1.0 eq), HATU (196.05 mg, 515.60 pmol, 1.0 eq) and DIPEA
(133.27 mg, 1.03 mmol, 2.0 eq) under nitrogen atmosphere at O °C.
THF (10 ml) was added and the system was purged with nitrogen three
times before stirring at 25 °C for 30 min. Subsequently, compound 3
(72.26 mg, 515.60 pmol, 1.0 eq) was added, and the reaction was con-
tinued for 11.5 h. The obtained crude product was purified by HPLC
to obtain the target product as a white solid (maleimido-C2-FPBA,
41.00 mg, 129.72 umol, 25.16% yield). 'H NMR (400 MHz, CDCl,, §):
10.03 (s, 1H), 8.56 (s, 1H), 8.20-8.18 (d, 1H), 8.05-8.03 (d, 1H), 6.78
(s,2H), 3.91-3.88 (m, 2H), 3.75-3.71(m, 2H), 2.85 (s, 2H). LC-MS (m/z)
for C,,H;3BN,O, [M + H']: calculated, 317.09; found, 317.06.

All reactions were carried out in air/oxygen atmosphere using
standard Schlenk techniques unless stated otherwise. The glassware
wasdriedinanoven (110 °C) and heated under reduced pressure before
use. Thin-layer chromatography and column chromatography analy-
ses were performed using Anhui Liangchen silica gel (200-300) with
distilled solvents. NMR spectrawere recorded on a Bruker Avance 400
spectrometer operating at 400 MHz (*H NMR) in CDCI,. All 'H NMR
chemical shifts were reported in ppm relative to internal references
of CDCl;at 7.26 ppm. The following abbreviations are used to describe
peak patterns where appropriate: singlet (s), doublet (d), triplet (t),
multiplet (m) and doublet of doublets (dd).

The preparation of hetero-octameric MspA

The hetero-octameric MspA, referred to as (N9OC),(M2),, is assembled
from seven identical M2 MspA-D16H6 subunits and a single N9OC
MspA-H6 subunit. The M2 MspA-D16H6 and N9OC MspA-H6 are
both mutants of M2 MspA, engineered with a C-terminal H6 tag. M2
MspA-D16H6 additionally carries a D16 tag, whichis essential for sepa-
rating different hetero-octameric assemblies of MspAs. In contrast,
Asn90Cys MspA-H6 contains asingle-point substitution of asparagine
to cysteine. Both genes were custom-synthesized and coexpressed by
cloning theminto the same pETDuet-1vector, followed by transforma-
tion into Escherichia coli BL21 (DE3) pLysS competent cells (Sangon
Biotech) for protein production.

E. coliBL21(DE3) pLysS cells harboring the recombinant plasmids
were plated on Luria-Bertani (LB) agar supplemented with ampicil-
lin (50 pg ml™) and chloramphenicol (34 pg ml™) and incubated at
37 °Cfor15h. Asingle colony was picked and cultured in 100 ml of LB
broth containing the same antibiotics at 37 °C overnight with shak-
ing. The overnight culture was then transferred to1L of LB broth with
antibiotics andincubated at 37 °C, 3gfor 5-6 huntil the optical density

at 600 nm reached 0.7. Protein expression was induced by adding
dioxane-free IPTG to a final concentration of 0.1 mM, followed by
incubation at 16 °C, 3g for 24 h. The bacterial pellet was harvested by
centrifuging the mediumat1,500g and 4 °C for 20 minand the resulting
pellet was stored at =80 °C for long-term use.

The bacterial pellet was resuspended with 150 ml of lysis buffer
(100 mM Na,HPO,/NaH,P0O,, 0.1 mM EDTA, 150 mM NaCl and 0.5% (w/v)
Genapol X-80, pH 6.5) and heated at 60 °C for 50 min. The obtained
lysate was centrifuged at16,000gand 4 °C for 40 min. The supernatant,
which contained the target protein, was collected. Then, MspA was
purified by nickel affinity chromatography and eluted with alinear gra-
dient ofimidazole (5-500 mM) by mixing buffer A (0.5 MNaCl,20 mM
HEPES, 5 mM imidazole, 2 mM TCEP and 0.5% (w/v) Genapol X-80,
pH 8.0) with buffer B (0.5 M NaCl, 20 mM HEPES, 500 mM imidazole,
2 mM TCEP and 0.5% (w/v) Genapol X-80, pH 8.0). The elution frac-
tions were characterized by 4-15% SDS-PAGE. Different assemblies of
hetero-octameric MspAs were separated by 10% SDS-PAGE for 16 h. The
proteinband correspondingto (N90C),(M2),was excised, withwhich
the (N90C),(M2), wasrecovered by incubationin an extraction solution
(150 mM NaCl, 15 mM Tris-HCI, 0.2% DDM, 0.5% Genapol X-80, 5 mM
TCEP and 10 mM EDTA, pH 7.5) for 12 h. The collected (N90C),(M2),
was either used immediately or stored at —80 °C for long-term use.

Nanopore modification

To modify (N90C),(M2), with FPBA, the previously prepared
(N90C),(M2), and maleimido-C2-FPBA (20 mM) were mixed and
coincubated for 30 min at 4 °C at a volume ratio of 1:8. The resulting
product, whichis referred to as MspA-FPBA, was immediately used or
stored at-80 °C.

Electrolyte buffer preparations

The KCI buffers used in single-channel measurement (1.5 M KCl,
10 mM CHES pH 9.0, 1.5 M KCI, 10 mM MES pH 6.0, 1.5 M KCI and
10 mMMOPS pH 7.0) were prepared with Milli-Q water. Then, the buffer
was filtered through amembrane (0.2 pum) under reduced pressure to
remove insoluble substances. Lastly, the pH of the electrolyte buffers
was adjusted to the desired values before use.

Nanopore measurements

Nanopore single-channel measurements were conducted inside
a custom-built Faraday cage mounted on an optical table (Jiangxi
Liansheng Technology). The measurement setup consisted of two
custom-fabricated chambers separated by a Teflon film containing a
drilled aperture (-100 pm) at the center. This drilled aperture was pre-
treated with 0.5% (v/v) hexadecane in pentane before each experiment.
By convention, the electrically grounded chamber is designated as the
cisside, while the opposite chamberisreferred to asthe transside. The
cisand trans chambers were each filled with 0.5 ml of 1.5 M KCl buffer
(cis:1.5MKCland 10 mM CHES, pH 9.0; trans:1.5 MKCland 10 mM MES,
pH 6.0) and connected through Ag/AgCl electrodes to a patch-clamp
amplifier. A lipid bilayer was formed across the aperture by adding
adrop of diphytanoylphosphatidylcholine (5 mg ml™ in pentane) to
both chambers. Nanopores were then introduced to the cis chamber
to initiate insertion. Upon detection of a single nanopore insertion,
the cis chamber was promptly replaced with fresh 1.5 M KCl buffer to
suppress additional nanopore insertions. All electrophysiological
measurements were carried out withan Axonpatch200B patch-clamp
amplifier paired with a Digidata 1550B digitizer.

Data analysis

Nanopore events were detected from raw single-channel record-
ing traces using the single-channel search function in Clampfit 10.7
(Molecular Devices), with events shorter than 2 ms in ¢, excluded
from analysis. For each detected event, nine event features, that is,
Al,SD, local SD ratio, minimum, maximum, range, ., skew and kurt,

Nature Biotechnology


http://www.nature.com/naturebiotechnology

Article

https://doi.org/10.1038/s41587-026-03308-9

were extracted using acustom MATLAB program. All subsequent data
analysis was conducted in Origin 2023b (Origin Lab).

Machine learning analysis was conducted using MATLAB’s clas-
sification learner toolbox. A total of 200 events acquired with each
amino acid (except lysine, 100 events) were included. A total of 100
type 1 events acquired with each NMP and 200 events with each sac-
charidewereincluded. All events were collected to construct alabeled
dataset, with eacheventlabeled accordingto the corresponding amino
acid, NMP and saccharide used during dataacquisition. The extracted
event features, that is, A/, SD, local SD ratio, minimum, maximum,
range, t, skew and kurt, were assembled into a feature matrix, which
wasrandomly divided into atraining set (80%) and atesting set (20%).
The training and testing sets were used by MATLAB's classification
learner toolbox for model training and testing. Multiple built-in clas-
sificationalgorithms, including KNN, SVM, naive Bayes, decision trees,
neural network, discriminant analysis and ensemble, were evaluated.
Toreduce the risk of overfitting, tenfold cross-validation was applied
and both validation accuracy and test accuracy were recorded. The
tenfold cross-validation was carried out by randomly dividing the
training set into ten equal subsets. Each subset was used once as the
validation set, while the remaining nine subsets were used for model
training. This process was repeated tentimes and the average validation
accuracy was calculated to evaluate model performance. The classifier
with the highest cross-validation accuracy was selected as the optimal
modeland subsequently applied to predict unlabeled data. A confusion
matrix was generated to visualize the results of the model. Alearning
curve based on varying sample sizes was constructed to evaluate the
efficiency of model training. ADBSCAN analysis was performed using
Python, withthe epsilon parameter set to 0.5 and the minimum number
of pointssetto 5.

Nanopore measurements of the mixed sample

About 1.7 mg of the tripeptide Leu-Arg-Gly, 3.5 mg of Arg, 4.0 mg of
Asn, 6.0 mg of Met, 11.3 mg of Tyr, 55.2 mg of UMP and 90.1 mg of Fru
were dissolved together in 10 ml of ultrapure water to achieve final
concentrations of 0.5, 2, 3,4, 5,15 and 50 mM, respectively. Toinitiate
the nanopore measurement, 10 pl of the standard sample was added
to the cis chamber. The measurements were carried outina 1.5 M KCI
buffer (cis:1.5 MKCland 10 mM CHES pH 9.0; trans:1.5 MKCland 10 mM
MES pH 6.0). A transmembrane voltage of +160 mV was continually
applied during the measurements.

Quantitative analysis of the standard sample
By using an experimentally measurable parameter F, defined as the
number of nanopore events per min generated by a specific species
whenMspA-FPBAisnot occupied by other species, nanopore measure-
ments were conducted to investigate the concentration-dependent
behavior of various species (Supplementary Figs. 30-36). The results
indicate that F strongly correlates with the applied concentration
of species.

For aspecific analyte, the Fvalue versus its concentration (C) can
be described by alinear relationship:

F,‘ =a;+ b,'C,' (l)

Here, i (from1to 7) represents the identity of different analytes,
suchas Met, Asn, Tyr, Arg, UMP, Fru and Leu-Arg-Gly, respectively. The
parameters g;and b; are coefficients for the specific analytes, they were
derived from linear fitting of the concentration-dependent measure-
ments (Supplementary Figs.30-36).

Subsequently, the concentration of each componentin the stand-
ard sample can be calculated using the experimentally measured
F; values (Supplementary Table 11) and the previously determined
coefficients (Supplementary Table 12) according to the following
equation, whichis derived from Eq. (1):

C=-+= )}

Glycosylated peptide digestion

The Gly-Met-GIn-Arg-Asn-(GIcNAc)-lle-Ser peptide was custom-
synthesized and used as amodel glycosylated peptide for the demon-
stration. Gly-Met-GIn-Arg-Asn-(GIcNAc)-lle-Ser peptide was dissolved
ina 50 mM sodium phosphate pH 8.0 buffer with a concentration of
10 mg ml™. LAP was prepared in a 50 mM sodium phosphate pH 8.0
buffer with a concentration of 50 mg ml™ (>7 U per mg). To initiate the
hydrolysis reaction, 10 pl of LAP solution and 20 pl of 10 mM MgCl,
were added to 70 pl of peptide solution and incubated at 37 °C for
12 hinadry block incubator. The reaction was stopped by heating
the mixture to 80 °C for 5 min to inactive the LAP. Afterward, another
100 pl of ultrapure water was added to the mixture and loaded into an
ultracentrifuge tube with a10-kDamolecular weight cutoff. The filtra-
tion was then performed at 8,000 rpm for 60 min at 4 °C. The diges-
tion ultrafiltrate was collected and stored at 20 °C for subsequent
single-channel measurement.

Nanopore analysis of amino acids, NMPs, saccharides and
peptides in yeast cell extract

The yeast cell extract, a commercially available nutrient-rich additive,
was purchased from Aladdin (China) and dissolved in ultrapure water with
aconcentration of 100 mg ml™. Afterward, the yeast cell extract solution
was loaded into an ultracentrifuge tube with a 3-kDa molecular weight
cutoff. The filtration was then performed at 6,000 rpm for 60 min at
4 °C.Then, the pHof the ultrafiltrate was adjusted to 7.0 by titration with
KOH, forming a stock solution. To initiate the nanopore measurement,
the 1.5 M KCl buffers (cis: 1.5 M KCl and 10 mM CHES pH 9.0; trans: 1.5 M
KCland 10 mM MES pH 6.0) were used. Next, 5 pl of the stock solution was
addedtothe cischamber and a +160-mV bias was continuously applied.
Lastly, amino acid, NMP, saccharide and peptide events were classified
and identified using the developed machine learning algorithm.

G2 glycopeptide digestion

The G2 glycopeptide (3 mg) was dissolved in 250 pl of 0.5M TFA and
incubated at 80 °C for 12 h. Then, sodium phosphate was added to
the acid hydrolysis product to a final concentration of 50 mM and the
pH was adjusted to 8.0. Subsequently, the solution was digested with
LAP and ultrafiltered according to the previously described method.
Lastly, the digestion ultrafiltrate was collected and stored at —20 °C for
subsequent single-channel measurement.

G2 glycopeptide composition quantification

During nanopore analysis of G2 glycopeptide hydrolysates, the target
amino acid and saccharide concentrations (C;) were evaluated accord-
ing to the following equation:

Ci = El/(6l X t)

Here, the annotation i (from1to 8) stands for parameters relevant
to amino acids (Lys, Ala, Asn, Thr and Val) and saccharides (Gal, Man
and GIcNAc). E;isthe number of corresponding analyte binding events
detected duringa continuous sensing of G2 glycopeptide hydrolysates.
6; is the calibration coefficient, which is defined as the number of
analyte binding events occurring per unit concentration (uM) per min.
Thevalues of §;were acquired during measurements with asole analyte
ataknown concentrationat +160 mV. §; values are also summarizedin
Supplementary Table18. ¢ is the recording time.

Statistics and reproducibility
All abf files recorded with Clampfit 10.7 were imported to MATLAB
(MathWorks). For results acquired using MspA-FPBA (Fig. 3a), 200
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events acquired with each amino acid (except lysine, 100 events)
were included, whereas 100 type 1 events acquired with each NMP
and 200 events with each saccharide were included. All events were
collected to form a training set for model building. The trained
model was then applied for predictions of unlabeled data. Unless
indicated differently, the statistical results were derived from three
independent measurements and the mean values of three measure-
ments are reported, with error bars representing s.d. values. No sta-
tistical method was used to predetermine sample size. No datawere
excluded from the analyses. The experiments were not randomized.
Theinvestigators were not blinded to allocation during experiments
and outcome assessment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
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article and its Supplementary Information. The training data are pro-
vided in Supplementary Information, referred to as ‘general classifier’.
Source data are provided with this paper.
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Extended DataFig. 1| Amino acid, saccharide and NMP sensing performed Right: A representative trace of GMP sensing performed with MspA-NTA-Ni.
by different types of nanopores. (a) Sensing of phenylalanine (Phe) with The final concentrations of Phe, Fruand GMP were 400 pM, 20 mM and 2 mM,
MspA-PBA. Left: The structure of MspA-PBA. Right: A representative trace of respectively. No nanopore events were observed in allabove measurements. The
Phe sensing performed with MspA-PBA. (b) Sensing of D-fructose (Fru) with open pore current of MspA-PBA (+160 mV bias) and MspA-NTA-Ni (+100 mV bias)
MspA-NTA-Ni. Left: The structure of MspA-NTA-Ni. Right: A representative were defined as /5, and Iy, i, respectively. The corresponding open pore current
trace of Fru sensing performed with MspA-NTA-Ni. (c) Sensing of guanosine was marked by agray dashed line.

5’-monophosphate (GMP) with MspA-NTA-Ni. Left: The structure of MspA-NTA-Ni.
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Extended Data Fig. 2| Distinguishing 21 proteinogenic amino acids,

4 canonical NMPs and 4 saccharides using MspA-FPBA. (a) Representative
events of different amino acids, NMPs and saccharides acquired by MspA-FPBA
(Methods). 21 amino acids (including 20 common proteinogenic amino acids
and selenocysteine), 4 NMPs (adenosine 5-monophosphate, AMP; uridine
5’-monophosphate, UMP; cytidine 5-monophosphate, CMP; guanosine
5’-monophosphate, GMP), and 4 saccharides (iduronicacid, IdoA; L-arabinose,
Ara; D-fructose, Fru; N-acetyl-D-glucosamine, GIcNAc) were respectively added
to the cis side during the measurement. Cysteine, histidine and lysine each have
two representative types of events, respectively labeled as C1/2, H1/2 and K1/2.
Notably, cysteine was blocked with maleimide prior to the measurement to avoid

the appearance of long-residing events (Supplementary Fig.14). Each NMPs has
two representative types of events, respectively labeled as AMP1/2, UMP1/2,
CMP1/2,and GMP1/2. Ara has three types of representative events, labeled as
Aral/2/3.Fruand GIcNAc both have two types of representative events, labeled as
Frul/2 and GIcNAcl1/2, respectively. (b) The scatter plot of A/ versus SD for events
ofthe 21 amino acids. The scatter plot was generated using at least 100 events for
each amino acid. (c) The scatter plot of A/ versus SD for the type 1 events (A/U/C/
GMP1) of 4 NMPs. At least 100 type 1 events of each NMP were used to generate
the plot. (d) The scatter plot of A/ versus SD for the representative events of

the 4 saccharides. The plot was generated using at least 100 events for each
saccharide.
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Extended Data Fig. 3| The scatter plot of Al versus SD of events acquired
with different amino acids. At least 100 events acquired with each amino acid
were used to generate the plot, according to which, most amino acid events
are fully distinguishable. To clarify the detail, the events inside the red box are
further zoomed-in and shown on the right. Although the events corresponding

30 40 50
Al (pA)
to Pand M appear to overlap in the plot, their event characteristics are visually
different and can be discriminated in the 3D event scatter plot of A/, SD, and max
(Supplementary Fig.18). High-precision identification of Pand M events can be
achieved by machine learning, with validation accuracies 0of 98.8% and 99.4%
respectively (Fig. 3a).
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Extended DataFig. 4| Type 1and type 2 events of NMPs. The measurements
were carried out as described in Methods. A1.5 M KCl buffer (cis: 1.5 MKCI, 10 mM
CHES, pH 9.0; trans:1.5 MKCI, 10 mM MES, pH 6.0) was used. A transmembrane
voltage of +160 mV was continually applied. (a-d) Left: Chemical structures of
nucleoside monophosphates. Right: Representative traces containing events
caused by AMP (a), UMP (b), CMP (c) and GMP (d) binding. Each NMP was
separately added to cis with a final concentration of 2 mM. /5, represents the
open pore current of MspA-FPBA. Each nucleoside monophosphate generates
type 1events (AMP1, UMP1, CMP1and GMP1) and type 2 events (AMP2, UMP2,

CMP2 and GMP2). A/U/C/GMP1 + 2 represents the combination of type 1 events
and type 2 events. (e) The scatter plot of A/ versus SD generated by type 1

events (marked with ared dashed box) and type 2 events (marked with agray
dashed ellipse) of nucleoside monophosphates. Type 1 events (AMP1, n =113;
UMPI, n=207; CMP1, n =169; GMP1, n =190) and type 2 events (AMP2, n =125;
UMP2, n =437; CMP2, n = 388; GMP2, n = 178) were employed to generate the
statistics. (f) Top: Representative type 1 events of the corresponding nucleoside
monophosphates. Bottom: Representative type 2 events of the corresponding
nucleoside monophosphates.
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Extended Data Fig. 5 |Identification of amino acids with PTMs and epigenetic reaching afinal concentration of 400 pM. The /i3, was marked with a gray
NMPs by MspA-FPBA. (a) The chemical structures of amino acids and NMPs dashed line. (c) The scatter plot of A/ versus SD for the Ac-K, P-Y, and Me-R events
with modifications. N6-Acetyl-L-lysine (Ac-K), O-Phospho-L-tyrosine (P-Y), and obtained as described inb. At least 100 events of each analyte were used to
N3,N4-Dimethyl-L-arginine (Me-R) represent the acetylation, phosphorylation generate the scatter plot. (d) Representative traces obtained during MspA-
and methylation modifications of amino acids, respectively. Three epigenetic FPBA sensing of ¢, m®A and IMP. Each analyte was added to the cis side at a final
NMPs, namely pseudouridine-5-monophosphate (), N6-Methyladenosine- concentration of 2 mM. /i3, was marked with agray dashed line. (e) The scatter
5’-monophosphate (m°A), and inosine-5-monophosphate (IMP) were also plot of Alversus SD for the {1, m°Al and IMP1 events obtained fromd. At least
investigated. (b) Representative traces acquired during MspA-FPBA sensing 100 events of each analyte were used to generate the scatter plot.

of Ac-K, P-Y,and Me-R, respectively. Each amino acid was added to the cis side,
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Extended Data Fig. 6 | Machine learning identification of 24 amino acids,

7 nucleoside monophosphates, 4 saccharides, and 5 peptides. (a) The
workflow of machine learning. Nanopore events acquired with 24 amino

acids (21 proteinogenic amino acids and 3 amino acids with post translational
modifications), 7 nucleoside monophosphates (4 canonical nucleoside
monophosphates and 3 nucleoside monophosphates with epigenetic
modifications), 4 saccharides, and 5 peptides (IK, LRG, SLR, GYIK, and LRGY)
were collected to form the training dataset. Nine event features, including A/, SD,
LocalSD Ratio, min, max, range, t.g, skew and kurt, were employed to form a

Nucleoside Saccharide PTM

monophosphate

Epigenetic
modification

Peptide

nine-dimensional feature matrix. Allmodels were evaluated with the 10-fold
cross-validation accuracies, according to which Ensemble model (bagged trees)
has performed the best with a validation accuracy of 98.7% (Supplementary
Table 7). (b) The confusion matrix for amino acids (orange), nucleoside
monophosphates (blue), saccharides (green), nucleoside monophosphates

with epigenetic modifications (brown), amino acids with post translational
modifications (pink), and peptides (purple) generated by the bagged trees model
employing a nine-dimensional feature matrix. The row of the matrix represents
the true class and the columnrepresents the predicted class.
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Extended Data Fig. 7 | Identification of amino acids and glycosylation
modifications by protease digestion of glycosylated peptides. (a) Schematic
diagram of the identification of amino acids and glycosylation modifications
following the enzymatic cleavage of glycosylated peptides using MspA-FPBA.
Leucine aminopeptidase (LAP) was employed to cleave the N-terminal amino
acids of glycosylated peptides until reaching the glycosylation site thatimpeded
enzymatic digestion, thereby exposing the glycosylation site. Then, MspA-
FPBA was used to identify the generated amino acids, thereby confirming the
amino acid components before the glycosylation site. For the short peptide
containing the glycosylation site, both the N-terminal amino group and

the glycosyl group could be recognized by MspA-FPBA, resulting in multiple
types of events. (b) Representative traces of the glycosylated heptapeptide
with the sequence GMQRN(GIcNAC)IS following LAP enzymatic digestion

Al (pA)

(Methods). Representative events corresponding to different amino acids were
automatically predicted viamachine learning and labeled with color-coded
dots (G: darkred; M: dark purple; Q: light green; R: orange). Three unidentified
nanopore events (GP1/2/3) were attributed to the N(GIcNAc)IS peptide generated
by enzymatic digestion, with the glycosylation site being exposed. (c) The
scatter plot of A/versus SD for the amino acid and glycosylated tripeptide events
obtained from (b). The scatter plot was generated using a10 min continually
recorded trace. The four clusters of amino acids correspondingto G, M, Q,andR
were identified by machine learning. The three distinct clusters corresponding
to the N(GIcNAC)IS peptide were respectively labeled as GP1, GP2 and GP3 based
on the blockage amplitude and noise amplitude. All measurements (b-c) were
conducted under a continuous bias of +160 mV, with 25 pL of the enzymatic
hydrolysate added to the cis side.
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