
Yao et al. 2026 | https://doi.org/10.34133/research.1286 1

RESEARCH ARTICLE

Single-Molecule Discrimination of 
Multisialylated Ganglioside Oligosaccharides 
Using an Engineered Nanopore
Guangda  Yao1†, Boyang  Ren1,2†, Daigui  Zhu3,4†, Jianling  Tan1,5†,  
Jingjing  Hou1,6, Yuan  Ma4, Zhengyu  Hang1, Zhuojia  Xu4, Zhaobing  Gao1,5*, 
Tiehai  Li3,4*, and Bingqing  Xia1,5*

1State Key Laboratory of Drug Research, Shanghai Institute of Materia Medica, Chinese Academy of 

Sciences, Shanghai 201203, China. 2Tianjin University of Traditional Chinese Medicine, Tianjin 301617, 

China. 3School of Chinese Materia Medica, Nanjing University of Chinese Medicine, Nanjing 210023, China. 
4State Key Laboratory of Chemical Biology, Shanghai Institute of Materia Medica, Chinese Academy of 

Sciences, Shanghai 201203, China. 5University of Chinese Academy of Sciences, Beijing 100049, China. 
6School of Pharmacy, Fudan University, Shanghai 201203, China.

*Address correspondence to: xiabingqing@simm.ac.cn (B.X.); tiehaili@simm.ac.cn (T.L.); zbgao@simm.

ac.cn (Z.G.)

†These authors contributed equally to this work.

The function of ganglioside oligosaccharides critically depends on the number, linkage, and spatial 
arrangement of sialic acid residues, yet direct discrimination of highly sialylated ganglioside oligosaccharides, 
particularly at the isomeric level, remains challenging due to their high charge density and subtle structural 
differences. Here, we present a nanopore-based strategy for single-molecule identification of ganglioside 
oligosaccharides. By engineering the sensing region of an α-hemolysin nanopore with synergistic cationic 
and aromatic mutations, we markedly enhance the capture of multisialylated glycans and prolong their 
residence within the pore. This interaction-mediated slowdown converts otherwise transient blockade 
events into extended trajectories containing rich molecular dynamics information. Beyond conventional 
blockade amplitude and dwell time descriptors, we introduce time- and spectral-domain features to 
characterize intraevent current fluctuations, thereby overcoming the key limitations of traditional nanopore 
analyses. Using this approach, we reliably discriminate 4 linkage isomers of trisialylated ganglioside 
glycans and accurately identify ganglioside oligosaccharides containing 3 to 5 sialic acid residues in 
heterogeneous mixtures. When combined with a machine-learning framework, the extracted time- and 
spectral-domain features enable single-level isomer identification and mixture deconvolution and remain 
effective even in complex biological matrices such as neural cell line and brain tissue lysates. Together, 
these results demonstrate that controlling analyte–pore interactions to unlock higher-order dynamical 
signatures enables nanopore analysis of highly sialylated ganglioside oligosaccharides, providing a general 
strategy for single-molecule glycan sequence elucidation in biologically relevant environments.

Introduction

  Gangliosides constitute one of the most structurally complex 
classes of glycoconjugates in the nervous system [  1 ], with their 
biological functions predominantly encoded by the glycan moi-
ety (named ganglioside oligosaccharides) [  2 ]. Sialic acid residues 
play a central role in this encoding by imparting a high negative 
charge density, conformational flexibility, and diverse molecular 
recognition capabilities to ganglioside oligosaccharides [  3 –  5 ]. 
A growing body of evidence indicates that subtle variations in 
sialylation patterns critically shape ganglioside interactions with 
lectins, Siglec receptors, pathogens, and immune regulators, 
thereby influencing neural development, synaptic plasticity, and 

neuroimmune homeostasis [  6 –  9 ]. Highly sialylated gangliosides 
are dynamically regulated during neurodevelopment and are 
extensively remodeled in a range of neurological disorders [ 9 ]. 
Accordingly, elucidating ganglioside oligosaccharide structures 
at a level sufficient to capture these sialylation-dependent differ-
ences is essential for understanding their biological functions 
[  10 ], yet achieving such structural resolution, particularly at the 
isomeric level, remains a major analytical challenge.

  At present, structural analysis of ganglioside oligosaccharides 
relies primarily on liquid chromatography–mass spectrometry-
based approaches [  11 ,  12 ]. While these methods provide valuable 
compositional and subclass-level information, they face intrinsic 
limitations in resolving highly sialylated glycans, particularly 
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those containing 3 or more sialic acids [  13 ,  14 ]. Sialic acid resi-
dues are prone to in-source fragmentation and neutral loss, and 
distinctions among positional and linkage isomers are often 
inferred indirectly rather than determined experimentally. These 
limitations become especially pronounced in complex or mixed 
systems, where extensive signal overlap obscures low-abundance 
yet functionally relevant structures. As a result, direct determina-
tion of sialylation-dependent structural features in intact gan-
glioside oligosaccharides remains beyond the reach of existing 
analytical techniques [  15 ].

  Nanopore sensing has emerged as a powerful single-molecule 
analytical technology [  16 –  19 ], offering label-free detection with 
a high temporal resolution and sensitivity to molecular size [  20 ], 
charge distribution [  21 ], and conformation [  22 ]. Previous studies 
have demonstrated the feasibility of nanopore-based analysis of 
monosaccharides [  23 ,  24 ], oligosaccharides [  25 –  27 ], and glyco-
sylated biomolecules [  28 ,  29 ], showing that carbohydrate trans-
location dynamics can encode structural information. These 
advances point to the potential of nanopores for glycan analysis 
at the single-molecule level [  18 ]. Ganglioside oligosaccharides, 
however, pose a substantially greater challenge. Their structural 
diversity is dominated by subtle differences in sialylation, which 
introduce only minor changes to the overall molecular size and 
charge. Consequently, distinct ganglioside oligosaccharide struc-
tures are expected to generate highly similar translocation sig-
natures, leading to extensive signal overlap. How such fine 
structural variations can be resolved into distinguishable and 
reproducible electrical signals therefore remains an open and 
fundamental question for nanopore-based glycan analysis.

  In this work, we investigate engineered nanopores for char-
acterizing the translocation behavior of highly sialylated gan-
glioside oligosaccharides at the single-molecule level. By tuning 
analyte–pore interactions within the sensing region, we seek 
to modulate glycan capture and residence in a manner that 
increases the informational content of individual blockade 
events while preserving glycan integrity. This approach allows 
systematic examination of how sialic acid-dependent structural 
features are reflected in nanopore electrical signals and provides 
a foundation for extending nanopore sensing to structurally 
complex glycan systems.   

Results and Discussion

Cationic engineering enhances the nanopore 
capture of multisialylated glycans
  To establish a nanopore-based identification platform for mul-
tisialylated ganglioside oligosaccharides, GT1c, GQ1c, and 
GP1c were selected as representative model analytes. As shown 
in Fig.  1 A, these 3 oligosaccharides share a similar neutral gly-
can core but differ in the number of N-acetylneuraminic acid 
(Neu5Ac) and their modification sites on the core, thereby 
representing a class of ganglioside oligosaccharides that are 
structurally highly similar yet biologically distinct (Fig.  1 A). 
To enable label-free nanopore measurements of multisialylated 
oligosaccharides, we constructed a planar lipid bilayer nano-
pore recording setup (Fig.  1 B). In this platform, a single nano-
pore was reconstituted into a planar lipid bilayer separating the 
﻿cis and trans chambers, permitting ionic conduction between 
electrolyte solutions (such as 3 M KCl, 10 mM citric acid [CA], 
pH = 5.0) (Fig.  1 B). We employed an α-hemolysin (α-HL) 
nanopore (Fig.  S1 ), which has been reported in multiple studies 
to support oligosaccharide identification [ 23 , 27 ,  30 ]. Under an 

applied potential of +100 mV (trans-positive), the wild-type 
α-HL (WT) produced only a low event frequency for GT1c 
(6.86 s−1), with a dispersed distribution of normalized blockade 
amplitudes (ΔI 1/I 0) and a short dwell time (single-exponential 
fit: 0.03 ms), indicating that the WT did not efficiently capture 
the multisialylated glycans (Fig.  S2 A and B). The poor capture 
rate of α-HL (WT) for highly negatively charged glycans could 
be explained by the entry barrier at the pore mouth or/and the 
interaction network within the lumen.        

  Guided by the “multianionic terminal carboxylate groups 
(–COO−)” characteristic of ganglioside oligosaccharides, a site-
directed mutation strategy was implemented to introduce argi-
nine (Arg, R) at the nanopore sensing region to create a localized 
cationic environment near the constriction areas (Fig.  1 C). This 
design was expected to lower the entry barrier and promote pore 
localization of the analyte through electrostatic attraction. To 
examine whether capture enhancement depends on the axial 
position, we constructed single-point mutants of M113R, T145R, 
T115R, and G143R individually (Fig.  1 C and Fig.  S1 ) and com-
pared their event frequencies and dwell time under identical 
conditions (Fig.  1 D and E). These mutants produced clearly dis-
tinct current traces upon GT1c measurements (Fig.  S2 A and B). 
Among them, M113R yielded the highest event frequency 
(45.04 s−1), exceeding those of T145R, T115R, and G143R and 
representing an over 5-fold increase relative to that of the WT 
(Fig.  1 D). In addition, GT1c showed the longest dwell time 
(single-exponential fit: 0.40 ms) in the M113R mutant, corre-
sponding to an over 12-fold increase compared to that in the WT 
(Fig.  1 E and Table  S1 ). Collectively, these results indicated 
that the M113R substitution substantially improved nanopore 
capture ability for multisialylated oligosaccharides and increases 
the temporal information content of recorded events. The nano-
pore ion selectivity was determined from reversal potentials 
under asymmetric electrolyte conditions using the Goldman–
Hodgkin–Katz equation [  31 ]. The permeability ratios (P K 

+/P CI 
−) 

of the WT and M113R were 0.58 ± 0.03 and 0.32 ± 0.04, respec-
tively (Fig.  1 F and Fig.  S3 ), indicating enhanced anion selectivity 
in M113R, which may contribute to its increased capture rate via 
stronger electroosmotic flow [  32 ,  33 ]. Therefore, M113R muta-
tion was considered necessary for α-HL to sense multisialylated 
glycans. To provide a molecular-level rationale for this enhance-
ment after cationic engineering, we performed molecular dynam-
ics (MD) simulations of the M113R–GT1c system. Umbrella 
sampling MD simulations along the pore axis indicated that as 
GT1c traverses the constriction region of α-HL, the carboxylate 
groups of Neu5Ac form a stable salt bridge with R113, accom-
panied by hydrogen-bonding and van der Waals interactions 
(Fig.  1 G and Fig.  S4 A and B). The residue R113 also stabilizes 
galactose (Gal) and Neu5Ac residues through stable hydrophobic 
interactions and van der Waals contacts (Fig.  1 G and Fig.  S4 C). 
These results offered a mechanistic basis for the experimentally 
observed increase in capture efficiency and dwell time.   

Double mutations reshape event kinetics and 
prolong residence time
  While the single mutation M113R substantially improved cap-
ture, further analysis revealed that multisialylated glycans fre-
quently produced near-complete blockades (Fig.  1 F and Fig. 
 S2 ), such that ΔI 1/I 0 approached saturation (Table  S1 ). Under 
these circumstances, amplitude-based discrimination becomes 
intrinsically constrained. Consequently, subtle structural dif-
ferences may no longer translate into resolvable amplitude 
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differences. In prior studies, near-complete blockade events 
have been less frequently reported in nanopore-based glycan 
sensing systems [  26 , 30 ,  34 ,  35 ], but this is an issue that will even-
tually be faced in the nanopore detection of complex glycans, 
especially for nonlinear glycans. Motivated by this limitation, 
we advanced our engineering objective from increasing capture 
probability to prolonging dwell time, thereby providing an 
extended observation window for each single-molecule event. 
This strategy offers a practical and effective solution to mitigat-
ing the constraints imposed by amplitude saturation. We first 
reduced the KCl concentration in the electrolyte from 3 to 2 M 
and recorded current traces for the M113R sensing of GT1c 
(Fig.  2 A and Fig.  S5 ). The dwell time of GT1c (τ = 0.46 ± 0.10 ms) 

under 2 M KCl was longer than that under 3 M KCl (Fig.  2 B), 
which could be caused by decreased electroosmotic flow in 
2 M KCl. Building on this result, we sought to introduce an 
additional interaction site within the sensing region. We there-
fore incorporated a tyrosine residue at the position adjacent to 
M113R, generating the M113R/K147Y double mutant (Fig. 
 2 C). The aromatic ring of tyrosine was expected to support 
additional CH–π and/or hydrophobic contacts with the glycan, 
potentially stabilizing transient binding configurations [  36 ]. 
Under the same electrolyte conditions (2 M KCl, pH 5.0), GT1c 
events recorded with M113R/K147Y (Fig.  2 C) exhibited a 
markedly prolonged residence time, with τ slow = 3.19 ± 0.18 ms 
and τ fast = 0.08 ± 0.02 ms (Fig.  2 D and Fig.  S6 ). These data 
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indicated that the double mutation substantially remodels event 
kinetics while preserving efficient capture.        

  Importantly, prolonging residence time enabled more exten-
sive sampling of intraevent current fluctuations, which pro-
vided an opportunity to move beyond conventional signal 
parameters such as blockade amplitude and dwell time. The 
long-residence events enabled by the double mutant provide a 

sufficient time window to estimate the energy distribution and 
complexity of the current fluctuations with improved stability. 
Accordingly, we introduced time- and spectral-domain descrip-
tors as a complementary event representation, including spectral 
centroid, band power in defined frequency ranges, spectral 
entropy, and approximate entropy (Fig.  2 E), which were extracted 
using Python based on the calculation formula and physical 
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meaning of each feature shown in Table  S2  and Fig.  S7 . These 
descriptors compactly encoded the distribution and complexity 
of intraevent fluctuations and were therefore expected to be more 
sensitive to interaction-kinetic differences between closely related 
glycans. Comparison across conditions showed that multiple key 
spectral-domain features exhibited a substantially reduced miss-
ing rate when sensed by M113R/K147Y in 2 M KCl (Fig.  2 F). 
Notably, the missing rate of approximate entropy decreased to 
nearly 0 (Fig.  2 F), indicating that intraevent fluctuations had 
become a stable, quantifiable information source. Over the volt-
age range from +40 to +140 mV (20 mV per step), the dwell time 
reached a maximum at +100 mV (Fig.  2 G, Fig.  S8 , and Table  S3 ). 
Therefore, +100 mV was selected as the operating voltage for 
subsequent measurements. The results of glycan concentration-
dependence measurements showed that increasing the analyte 
concentration did not significantly alter ΔI 1/I 0 (Fig.  2 H, Fig. 
 S9 , and Table  S4 ), which suggested that the events were single-
molecule level.

  To further elucidate how the K147Y substitution enhanced 
residence time, we performed MD simulations of GT1c passage 
through the M113R/K147Y nanopore using umbrella sampling 
under the NPT ensemble (Fig.  2 I and Fig.  S8 ). Compared with 
the single mutant M113R, the introduction of Y147 provided 
additional stabilizing interactions beyond the R113–COO− salt 
bridge (Fig.  2 I and Table  S5 ). In addition, hydrogen bonds also 
played an important role in the interaction between α-HL and 
the analytes such as peptides [  37 –  40 ]. In our results, the sialic 
acid pyranose ring engaged in a CH–π interaction with the 
aromatic ring of Y147, accompanied by a more extensive net-
work of hydrophobic and van der Waals contacts involving 
neighboring residues (Fig.  2 J and Fig.  S10 ). These interaction 
features were consistent with the experimentally observed pro-
longation of residence time and improved event uniformity, 
supporting a cooperative role of the double mutation in modu-
lating both capture and retention. In the additional constant-
velocity steered molecular dynamics (SMD) simulations under 
the NVT ensemble, interaction results showed less complex 
interaction networks in the M113R/K147Y system. However, 
the glycan maintained interactions with α-HL over the course 
of GT1c translocating, including stable hydrogen-bonding inter-
actions with R113 and stable hydrophobic interactions with 
Y147, with sialic acid playing a pronounced role, consistent with 
these obtained under the NPT ensemble using umbrella sam-
pling (Fig.  S11 ). Interaction features were consistently observed 
although with changed initial position of glycan (Fig.  S12 ). 
Analysis of GT1c conformational dynamics further revealed 
small fluctuations in root mean square deviation, root mean 
square fluctuation, and radius of gyration during passage, par-
ticularly in the M113R/K147Y system (Fig.  S13 ), indicating that 
GT1c maintains a relatively stable conformation within the pore. 
Such conformational stability, together with the strengthened 
analyte–pore interaction network, is likely to restrict rotational 
and translational freedom of the glycan during passage, provid-
ing a plausible explanation for the pronounced and consistent 
current blockade observed experimentally.   

Discrimination of multisialylated ganglioside 
oligosaccharide isomers
  To evaluate the analytical performance of the α-HL (M113R/
K147Y) nanopore sensing system, we systematically investi-
gated 4 trisialylated ganglioside isomers, namely, GT1c, GT1a, 

GT1b, and GT1aα, because current methods such as mass spec-
trometry face difficulties in directly resolving the complete 
structure of highly sialylated and isomeric ganglioside oligosac-
charides, especially in complex mixtures [ 13 – 15 ]. We synthe-
sized and purified these 4 glycan isomers to obtain structurally 
well-defined standards. As shown in Fig.  3 A, despite sharing 
an identical monosaccharide composition consisting of glu-
cose, Gal, N-acetylgalactosamine, and Neu5Ac, these isomers 
are distinguished by the specific linkage positions and spatial 
distribution of their 3 Neu5Ac along the neutral glycan core. 
Under the optimized and unified experimental conditions 
(2 M KCl, 10 mM CA acid, pH 5.0, +100 mV applied to the 
﻿trans side), each glycan was efficiently captured, generating 
reproducible current blockade events (Fig.  3 B). The detailed 
inspection of the raw current traces (Fig.  3 B and Fig.  S14 ) and 
representative single-event diagrams (Fig.  3 C) revealed that 
although ΔI 1/I 0 remained within a similar range, the isomers 
exhibited distinct intraevent current fluctuations. Specifically, 
the blockade events of GT1a and GT1b exhibited shorter and 
comparable residence times, whereas the events of GT1aα and 
GT1c showed substantially longer residence times (Fig.  3 C). 
Notably, the events of GT1aα were characterized by more fre-
quent spikes and pronounced fluctuations within individual 
events (Fig.  3 C), suggesting that its specific Neu5Ac arrange-
ment undergoes a more complex set of conformational transi-
tions during pore occupancy. The event dynamics were also 
reflected in the 2-dimensional scatterplots of ΔI 1/I 0 versus dwell 
time (Fig.  3 D). The events group of GT1a and GT1b clustered 
in the shorter-time region. In contrast, more events of GT1aα 
and GT1c distributed in the longer-time region, indicating a 
higher affinity or increased steric hindrance within the pore. 
Statistical analyses of the blockade amplitudes and durations 
were performed for each glycan (Fig.  3 D and E). The results show 
that the Gaussian-fitted ΔI 1/I 0 values of GT1c, GT1b, GT1a, and 
GT1aα were 0.97 ± 0.00, 0.92 ± 0.01, 0.92 ± 0.02, and 0.95 ± 
0.02, respectively. The dwell time of GT1c followed a biexponen-
tial distribution, with τ slow = 3.19 ± 0.18 ms and τ fast = 0.08 ± 
0.02 ms. Such behavior was typically attributed to the presence 
of 2 distinct interaction states within the nanopore (e.g., weak 
vs. strong binding) or to different entry orientations/conforma-
tions corresponding to distinct pathways. The exponential-fitted 
dwell times of GT1b, GT1a, and GT1aα were 0.23 ± 0.05, 0.19 ± 
0.03, and 0.50 ± 0.13 ms, respectively. These observations indi-
cated that even when isomeric differences are confined to 
Neu5Ac linkage patterns, the α-HL (M113R/K147Y) nanopore 
could transduce such differences into measurable dynamics. The 
ability to discriminate between these specific trisialylated struc-
tures is biologically important, as the isomers often serve as criti-
cal markers for neurodevelopmental stages and pathological 
conditions. For instance, GT1b is a major ganglioside component 
of the adult mammalian brain and contributes to neuronal stabil-
ity [  41 ], whereas alterations in the relative abundance of GT1b 
and its closely related isomer GT1a have been reported to cor-
relate with certain tumors and inflammatory conditions [ 41 ,  42 ].           

Machine-learning-assisted automated identification 
of a ganglioside oligosaccharide mixture
  Although the α-HL (M113R/K147Y) nanopore revealed system-
atic dynamical differences among glycans, event distributions 
still overlapped to some extent, making robust classification 
difficult using only one or a few manually selected parameters. 
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We therefore constructed a machine-learning workflow that 
integrates time-domain statistical features and spectral-domain 
features to enable event-level identification of glycan isomers. 
Using a custom script, we extracted a feature set from raw current 
traces for each event and ranked features by their standardized 
one-way analysis of variance F values (Fig.  4 A and Fig.  S15 ). 
Then, the top 12 most informative features were selected from 
the 19 features, including current standard deviation, skewness, 
mean current, and median current. (Fig.  4 A), for model training. 
We evaluated multiple classification algorithms using 10-fold 
cross-validation and found that a multilayer perceptron (MLP) 
achieved the best performance, with an average score of 0.9715 
(Fig.  4 A and B and Fig.  S16 ). Learning-curve analysis indicated 
that both training and cross-validation scores stabilized and 
approached 1 as the training set increased, suggesting stable gen-
eralization with sufficient data (Fig.  4 C). On an independent test 

set, the normalized confusion matrix showed high recall val-
ues ranging from 94% to 99% across the 4 GT1 isomers. 
Uniform manifold approximation and projection (UMAP) 
visualization further revealed well-separated clusters in the 
reduced feature space, supporting the discriminative capacity 
of the selected features (Fig.  4 D). We next applied the trained 
MLP model to a mixture containing all 4 ganglioside species. 
Representative continuous current traces were acquired (Fig.  4 E), 
and individual events were fed into the trained classifier for 
event-by-event prediction. All 4 constituents in the mixture were 
successfully detected and classified. A 3-dimensional feature-
space visualization showed an overall tendency toward spatial 
separation among the 4 isomers, with each class occupying a 
preferential region, although partial overlap and differences in 
event density were observed (Fig.  4 F). UMAP projection of the 
predicted mixture events (Fig.  S17 ) reproduced the cluster 
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Fig. 3. Identification of ganglioside oligosaccharide isomers using the α-hemolysin (α-HL) (M113R/K147Y) nanopore. (A) Structural representations of 4 ganglioside 
oligosaccharide isomers illustrated using the Symbol Nomenclature for Glycans (SNFG), isomeric differences arising from distinct spatial distributions of 3 N-acetylneuraminic 
acid (Neu5Ac) residues. (B) Representative ionic current traces generated by the 4 ganglioside oligosaccharide isomers detected by the α-HL (M113R/K147Y) nanopore. 
(C) Representative single-event current blockade signals corresponding to the traces shown in (B). (D) Two-dimensional scatterplots of dwell time versus normalized blockage 
current (ΔI1/I0) generated by the 4 ganglioside oligosaccharide isomers, with fitted curves of blockage current (ΔI1/I0) superimposed. (E) Fitted curves of dwell time for the 
4 ganglioside oligosaccharide isomers. All nanopore experiments were performed in symmetric electrolyte solution (2 M KCl, 10 mM citric acid [CA] acid, pH = 5.0), with the 
cis side grounded and a potential of +100 mV applied to the trans side. Each glycan was added to the cis side to reach a final concentration of 10 μM. n ≥ 3.
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structure observed for the corresponding pure standards, provid-
ing further evidence that the approach supports event-level mix-
ture deconvolution and single-molecule identity assignment.           

Multiclass ganglioside identification in complex 
biological matrices
  Building on the high-accuracy classification of 4 trisialylated 
isomers, we expanded the framework to 6 ganglioside oligosac-
charide standards (GT1b, GT1aα, GT1a, GQ1c, GT1c, and 
GP1c) to evaluate performance under increased structural com-
plexity (Fig.  5 A). Compared with the 4-class classification task, 
the 6-class glycans introduced increased structural diversity, 

encompassing not only distinct Neu5Ac spatial distributions but 
also variations in Neu5Ac number (3 to 5 residues) (Fig.  5 A). 
This expanded structural heterogeneity posed a more stringent 
challenge for both kinetic and spectral discrimination. Using the 
same nanopore mutant (M113R/K147Y) and identical recording 
conditions, current blockade signals of GQ1c and GP1c were 
acquired (Fig.  S18 ). The event feature extraction pipeline was 
kept unchanged. The top 12 current features of GQ1c and GP1c 
were then combined with those of GT1b, GT1aα, GT1a, and 
GT1c to construct a 6-glycan dataset for training the MLP model 
(Fig.  S19 ). The resulting 6-class MLP model exhibited stable per-
formance (Fig.  S19 ), achieving an overall prediction accuracy of 
89.33%. Further analysis revealed that misclassifications were 

A

B C

E F

α3α3
α8

β4β3 β4

α3α3
α8

β4β3 β4

α3α3

α6
β4β3 β4

α3

α8
α8

β4β3 β4

Current signal collection

Confusion matrix Learning curve Prediction test

GT1c GT1b GT1a GT1aα

GT1a + GT1b + GT1c + GT1aα

0

50

100

150

200

C
ur
re
nt
 (p

A
)

Glycan at cis side, +100 mV at trans side

50 pA

100 ms

0.01

0

0.01

0.99

0.01

0

0.94

0

0.02

0.98

0.02

0.01

0.97

0.01

0.03

0

GT1a

GT1a

GT1aα

GT1aα

GT1b

GT1b

GT1c

GT1c

Tr
ue
 la
be
l

Sc
or
e

Predicted label Training examples

0

0.2

0.4

0.6

0.8

1.0

0

0.2

Training
CV

0.4

0.6

0.8

1.0

0 5,000 10,000 15,000 20,000 25,000

Model training

Model CV_Mean
MLP 0.9715

Random forest
XGBoost 0.8568

Gradient boosting
0.7596

Logistic regression
0.7150

Decision tree
0.7063

KNN
0.7027
0.6970

SVC 0.6762
LDA 0.5802
QDA 0.5546

5 10

−15

−10

5

0

10

15 20 25
UMAP-1

U
M
A
P
-2

GT1a
GT1aα
GT1b
GT1c

0

Top 19 feature weights
Std

Skewness
Mean

Median
∆I1/I0

Kurtosis
BPM

Aproximate entropy
Spectral centroid

BPH
Dwell time

Sepctral entropy
Blockade charge

FWHM
SMAvE

Spike frequency
Rise time 10–90

Range
BPL

Weight
0.000 0.025 0.1000.0750.050 0.125 0.150 0.175

1.2 1.0 0.8 0.6 0.4

0 10 2030

0

20

40

60

80

100

120

M
ea
n 
(p
A
)

BPM

GT1aα
GT1a
GT1c
GT1b

D

I0

∆I1/I0 Prediction ratio
0.0

0
0.0

1
0.0

2
0.0

3
0.0

4
0.0

5
1.0

0
0.5

0

GT1a

GT1aα

GT1b

GT1c

UNK

Fig. 4. Automatic identification of ganglioside oligosaccharide isomers using machine learning. (A) Machine-learning workflow for isomer classification based on nanopore 
current signals; event collection from GT1c, GT1b, GT1a, and GT1aα current traces; construction of a multiclass event database; extraction of the top 12 informative event features 
from the top 19 features for feature matrix generation; random selection of approximately 10,000 samples per class to form a labeled dataset; dataset partitioning into training 
(70%), validation (15%), and testing (15%) subsets; validation accuracy defined as the fraction of correctly classified events; comparative evaluation of 10 machine-learning 
models; highest classification accuracy achieved by the multilayer perceptron (MLP) model with an accuracy score of 0.9715. (B) Confusion matrix derived from predictions 
on the independent testing set. (C) Learning curve illustrating model performance as a function of training set size. (D) Dimensionality-reduced scatterplot of testing set data, 
visualization of class separability in feature space. (E) Representative ionic current traces of the 4 ganglioside oligosaccharide isomers detected by the α-hemolysin (α-HL) 
(M113R/K147Y) nanopore. (F) Three-dimensional feature-space distribution plot and corresponding class count distribution after mixture prediction; feature axes defined 
as band power middle (BPM; x-axis), mean (y-axis), and normalized blockage current (ΔI1/I0; z-axis). All nanopore experiments were conducted in a symmetric electrolyte 
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side to reach a final concentration of 5 μM. n ≥ 3.
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predominantly confined to GT1b versus GP1c and GQ1c versus 
GT1c, whereas glycan classes with isomers in Neu5Ac distribu-
tion displayed clearer decision boundaries (Fig.  5 B). Consistently, 
UMAP projections resolved 6 well-separated clusters, indicating 
that the extracted time-domain and spectral-domain features 
effectively capture event-level kinetic and spectral signatures 
associated with glycan structural variations (Fig.  5 C). A mixture 
of the 6 glycans, each at a concentration of 5 μM, was measured 
to obtain representative current traces (Fig.  5 D and Fig.  S20 ). 
Event-level features were subsequently extracted from the 

current traces and fed into the trained MLP model. All of the 6 
glycans were successfully identified (Fig.  5 E and Fig.  S21 ).        

  We then challenged the nanopore system with complex biologi-
cal matrices at both the cellular and tissue levels to evaluate its 
robustness under realistic sample backgrounds. Given that multi-
sialylated ganglioside oligosaccharides are abundantly expressed 
in SH-SY5Y cells (a human neuroblastoma cell line) [  43 ], as well 
as in brain tissue [ 2 ], SH-SY5Y cell lysates and mouse brain tissue 
lysates were prepared as representative biological matrices for sub-
sequent nanopore measurements. Relative to the lysate-free buffer 
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Fig. 5. Identification of ganglioside oligosaccharide mixtures in complex biological backgrounds. (A) Structures of 6 ganglioside oligosaccharides (GT1b, GT1a, GT1aα, GQ1c, GT1c, 
and GP1c) in Symbol Nomenclature for Glycans (SNFG). (B) Confusion matrix generated using the testing set data for the 6 glycans. (C) Dimensionality-reduced scatterplot 
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space distribution plot and predicted proportions of the 6-component ganglioside oligosaccharide mixture classified by the multilayer perceptron (MLP) machine-learning 
model. (F) Representative current trace of the 6-ganglioside glycans mixture in SH-SY5Y cell lysate. (G) 3D feature-space distribution plot and predicted proportions of the 
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control of equal volume, the addition of cell lysate (5% v/v, 
0.42 mg ml−1) or brain tissue lysate (5% v/v, 4.29 mg ml−1) to the 
M113R/K147Y nanopore generated abundant nonspecific tran-
sient events, characterized by increased noise, collision-like cur-
rents, and unstable-amplitude blockades (Fig.  S22 ). Therefore, 
lysates at this concentration and volume were considered effective 
interfering backgrounds. While maintaining a constant total con-
centration and composition of the 6-component ganglioside oli-
gosaccharide mixture, either cell lysate (5% v/v) or brain tissue 
lysate (5% v/v) was added, and the resulting current signals were 
analyzed using the trained MLP model (Fig.  5 F to I and Fig.  S23 ). 
Notably, even under conditions with pronounced biological noise 
(Fig.  5 F and H), the machine-learning workflow remained effective 
and identified the 6 glycans successfully (Fig.  5 G and I and Figs. 
 S24  and  S25 ). In the 3-dimensional feature-space distribution, the 
6 glycans exhibited distinguishable clustering trends that enabled 
identification of the mixture components, although differences in 
cluster density were apparent, reflecting unequal event counts for 
certain species (Fig.  5 G and I). Compared with the 6-glycan mix-
ture without lysates, the introduction of cell lysate or brain tissue 
lysate led to elevated background signals, which were predomi-
nantly classified into the “unknown” (UNK) category. Together, 
these results suggest that the nanopore–machine learning strategy 
is tolerant of complex biological matrices and can support multi-
component identification and qualitative profiling of target gan-
glioside oligosaccharide in heterogeneous samples.    

Conclusion
  In this study, we established an interaction-engineered nanopore 
strategy for the structural identification of multisialylated gan-
glioside oligosaccharides at the single-molecule level. By intro-
ducing synergistic cationic and aromatic residues (M113R/
K147Y) into the sensing region of α-HL, we modulated electro-
static and CH–π interactions between the pore and highly 
sialylated glycans. These engineered interactions substantially 
prolonged the glycan residence time and reshaped passage 
kinetics, converting otherwise transient blockade events into 
extended electrical trajectories amenable to detailed fluctuation 
analysis. The improved structural resolvability observed here 
arose not simply from stronger analyte capture, but from 
enhanced temporal sampling. When the blockage events are of 
limited duration, the number of statistically independent cur-
rent measurements is inherently limited, and structurally dis-
tinct analytes may yield overlapping blockade distributions. 
Extending residence time increases the effective observation 
window, allowing current fluctuations associated with molecular 
orientation, conformational dynamics, and interaction kinetics 
within the sensing region to be sampled with greater statistical 
robustness. This expanded sampling enables the extraction of 
higher-order descriptors in both the time domain (e.g., dwell 
time distributions and intrablockade dynamics) and the spec-
tral domain (e.g., characteristic components of interaction-
modulated fluctuations), which provides additional signal 
parameters for glycan electrical signal analysis, thereby reducing 
ambiguity between structurally similar glycans such as isomers. 
Our strategy can also guide nanopore design for distinguishing 
complex glycans with similar size exclusion effects, including 
the multisialylated glycan isomers used in this study.

  Importantly, this work reframed nanopore sensing of gly-
cans from amplitude-based discrimination toward dynamics-
informed structural decoding. Rather than relying solely on 

instantaneous blockade levels, structural information was 
encoded in interaction-mediated current fluctuations that reflect 
analyte–pore coupling within a confined nanoscale environment. 
Such a strategy may be particularly valuable for highly charged 
and conformationally flexible glycans, where subtle variations in 
linkage and sialylation pattern do not necessarily translate into 
large static conductance differences.

  Mass spectrometry remains the mainstream technology for 
glycomics analysis owing to its high sensitivity and sample 
compatibility. However, discrimination of highly sialylated 
ganglioside isomers often depends on chromatographic separa-
tion, derivatization strategies, or multistage fragmentation 
workflows. The nanopore approach described here is not 
intended to replace mass spectrometry, but rather to comple-
ment it by providing a label-free, single-molecule electrical 
readout that directly reflects interaction dynamics. The time- 
and spectral-domain signatures identified in this study consti-
tute an orthogonal source of structural information that may 
assist, validate, or refine conventional glycomic analyses, par-
ticularly in cases where isomeric complexity or limited sample 
amounts pose challenges.

  Several limitations of the current approach should be acknowl-
edged. The effectiveness of this strategy depends on sufficiently 
strong and structurally informative interactions between the 
analyte and the engineered sensing region. In multicomponent 
systems, competitive pore occupancy was observed, with analytes 
exhibiting stronger interactions preferentially dominating block-
age events. This behavior influences event statistics and currently 
constrains rigorous quantitative analysis of complex mixtures. 
These effects reflect intrinsic single-molecule transport dynamics 
rather than a limitation of structural discrimination itself. Future 
efforts involving more refined control over pore chemistry, tun-
able interaction strength, or advanced probabilistic data analysis 
frameworks may help mitigate these constraints and improve 
quantitative robustness.

  Beyond methodological considerations, the ability to discrimi-
nate multisialylated ganglioside glycans in complex biological 
matrices suggests broader biological relevance. Altered ganglioside 
sialylation patterns are implicated in neurodevelopment, neuro-
degenerative disorders, and tumor-associated glycan remodeling. 
A sensing strategy that operates without labeling and tolerates 
crude lysates, as demonstrated here with neural cell line and brain 
tissue samples, may provide a foundation for future glycan profil-
ing platforms requiring minimal sample amounts. While substan-
tial technical development remains necessary before translational 
implementation, the present results illustrate the feasibility of 
probing subtle glycan structural variations in biologically relevant 
environments through electrical single-molecule measurements. 
Taken together, this work establishes a generalizable strategy for 
leveraging controlled analyte–pore interactions to unlock higher-
order dynamical signatures and access structural information that 
is otherwise obscured in conventional nanopore analyses. By inte-
grating interaction engineering with time- and spectral-domain 
feature extraction, we expand the scope of nanopore sensing 
toward the single-molecule analysis of structurally complex gly-
cans in biologically relevant contexts.   

Materials and Methods

Reagents and materials
  All glycan compounds used in this study were synthesized in 
the Li Lab. The synthesis and characterization information of 
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ganglioside oligosaccharides are detailed in the Supplementary 
Materials [  44 ,  45 ]. Other main reagents and materials were 
obtained from commercial suppliers and used without further 
purification unless otherwise specified. These included potas-
sium chloride (Sigma-Aldrich, USA), 1,2-diphytanoyl-sn-glycero-
3-phosphocholine (DPhPC; Avanti Polar Lipids, USA), chloroform 
(Sinopharm Chemical Reagent Co., Ltd., China), CA (Sigma, 
USA) decane (Sigma-Aldrich, USA), sodium dodecyl sulfate 
(Yeasen, China), PrimeSTAR Max DNA polymerase (Takara 
Biomedical Technology (Beijing) Co., Ltd., China), agarose 
(Yeasen, China), ampicillin sodium salt (Yeasen, China), yeast 
extract and tryptone (Thermo Fisher Scientific, USA), agar 
(Sinopharm Chemical Reagent Co., Ltd., China), E.Z.N.A. 
Plasmid DNA Mini Kit I (Omega Bio-Tek, USA), isopropyl-β-
﻿d-1-thiogalactopyranoside (IPTG; Yeasen, China), dithioth-
reitol (Yeasen, China), HisSep Ni-NTA agarose resin 6FF (Yeasen, 
China), imidazole (Yeasen, China), PageRuler prestained 
protein ladder (Thermo, USA), sodium dodecyl sulfate–
polyacrylamide gel electrophoresis (SDS-PAGE) running buffer 
powder (Yeasen, China), Coomassie Brilliant Blue G-250 (Yeasen, 
China), Escherichia coli BL21 (DE3) pLysS chemically competent 
cells (TransGen Biotech, China), and E. coli Trans5α chemically 
competent cells (TransGen Biotech, China). The electrolyte buf-
fer (2 or 3 M KCl, 10 mM CA, pH 5.0) was prepared using 
double-distilled water. Stock solutions of GT1a, GT1b, GT1c, 
GT1aα, GQ1c, and GP1c were prepared in double-distilled 
water at 20 mM concentration. Whole brains were harvested 
from healthy C57BL/6 mice and processed immediately. All 
animal procedures were approved by the Institutional Animal 
Care and Use Committee (Protocol No. 2025-07-GZB-25). The 
SH-SY5Y cells were purchased from the National Collection of 
Authenticated Cell Cultures (Shanghai, China) and cultured 
using Dulbecco’s modified Eagle medium (containing 10% fetal 
bovine serum) (Thermo, USA). Brain tissues or SH-SY5Y cells 
were suspended in lysis buffer and homogenized via mechanical 
grinding, followed by ultrasonication. The mixture was centri-
fuged at 2,000 × g for 15 min at 4 °C. The resulting supernatant 
was collected and ultrafiltered using a 3-kDa centrifugal filter 
(Millipore, USA). Protein concentrations were determined using 
a bicinchoninic acid protein assay kit (Thermo, USA).   

Preparation of α-HL mutants
  The preparation of α-HL and its mutants followed our previously 
reported protocols [ 23 ]. Briefly, mutant variants (M113R, T145R, 
T115R, G143R, and M113R/K147Y) were generated via site-
directed mutagenesis using the WT α-HL gene as a template. The 
mutant genes were cloned into pEASY expression vectors with a 
C-terminal 6×His tag, verified by DNA sequencing, and trans-
formed into E. coli BL21(DE3) pLysS. The transformants were 
cultured in 1 l of Luria–Bertani medium supplemented with ampi-
cillin (100 μg/ml). When the culture reached an OD600 of 0.6, 
protein expression was induced with 0.5 mM IPTG at 16 °C for 
16 h. After cell disruption via high-pressure homogenization, the 
soluble His-tagged proteins were purified using Ni-NTA affinity 
chromatography and eluted with 300 mM imidazole. The purity 
and molecular weight of the purified proteins were assessed by 
12% SDS-PAGE followed by Coomassie Brilliant Blue staining.   

Single-channel recordings
  Single-channel recordings were conducted following a previ-
ously established protocol [ 30 ]. Briefly, a planar lipid bilayer 
was formed from DPhPC (dissolved in decane) across a 50-μm 

aperture in a polytetrafluoroethylene film, which partitioned 
the setup into cis and trans chambers. Each chamber was filled 
with 260 μl of electrolyte solution such as 2 M KCl (10 mM CA, 
pH 5.0), with a bias voltage applied to the trans side. A single 
α-HL nanopore or its mutant was inserted into the bilayer from 
the cis side, confirmed by a stable open-pore current. The ana-
lytes were premixed and then introduced into the cis chamber, 
followed by thorough stirring to ensure homogeneity. The ionic 
current signals were acquired using a Cube-D2 instrument 
( https://zenodo.org/records/11609574 ), low-pass filtered at 
5 kHz, and sampled at 50 kHz.   

Data preprocessing and feature extraction
  Raw nanopore recordings consist of continuous ionic current 
traces containing transient, discretely distributed blockade 
events. In this study, the event start times and end times were 
extracted using Clampfit (V10.6). Event-level feature extraction 
was performed using a custom Python pipeline. For each event, 
the event segment was defined as the current time series 
between its extracted start and end indices. The open-pore 
baseline current (I 0) was estimated from the immediately pre-
ceding open-pore interval, defined as the time window from 
the end of the previous event to the beginning of the current 
event (for the first event, from the beginning of the selected 
analysis window to the event onset). To ensure data quality, 
events were automatically excluded if the preceding baseline 
segment contained insufficient samples or if the event duration 
was shorter than a predefined cutoff.

  For each retained event, we computed a multidimensional 
feature vector capturing time-domain, spectral-domain, and 
morphological characteristics. Time-domain features included 
dwell time, descriptive statistics of the current amplitude (mean, 
median [Med], standard deviation [Std], skewness [Skew], and 
kurtosis [Kurt]), and the normalized blockade amplitude (ΔI 1/I 0). 
Morphological features were used to characterize event kinetics 
and included blockade charge (integrated blockade area), rise 
time (10% to 90%), fall time (90% to 10%), and full width at half 
maximum. Spectral-domain features were derived from the 
power spectral density estimated using the Welch method, 
including spectral centroid and relative power within low-, mid-, 
and high-frequency bands. In addition, approximate entropy and 
spectral entropy were calculated to quantify signal complexity. 
To mitigate the impact of transient fluctuations within events, 
we implemented a robust spike-detection procedure based on 
the median absolute deviation to identify and flag short-lived 
intraevent perturbations.   

Machine learning
  A supervised learning framework was implemented in Python to 
classify ganglioside isomers. The preprocessing pipeline con-
sisted of (a) imputing missing values using a median-based 
SimpleImputer fitted on the training set, with additional missing-
ness indicator variables and (b) standardizing features to zero 
mean and unit variance using StandardScaler. (c) To improve 
training data quality, HDBSCAN clustering was applied to remove 
noise points and outliers from the training set. We evaluated mul-
tiple widely used classifiers, including MLP, random forest, 
XGBoost, support vector classifier, and linear discriminant analy-
sis. Model performance was assessed using stratified cross-
validation with 10 folds repeated 5 times, and metrics were 
reported on the validation set, including accuracy, macro-
averaged F1 score (macro-F1), and balanced accuracy. The 
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best-performing model was selected based on validation macro-
F1 and saved as a serialized model bundle. The MLP classifier 
achieved the strongest validation performance and was therefore 
selected as the final model. The full preprocessing pipeline 
(imputer, scaler, and label encoder) was stored together with the 
trained model to ensure consistent inference.

  To identify in-distribution samples and suppress anomalous 
events, a class-conditional kernel density estimation (KDE) gate 
was constructed in the standardized feature space. For each 
class, a Gaussian KDE was fitted on the training set; an accep-
tance threshold was defined as the fifth percentile of the train-
ing log-likelihood distribution and subsequently calibrated on 
the validation set to achieve a target per-class coverage of 70%. 
During inference, the KDE corresponding to the predicted class 
was applied; samples with log-likelihood below the threshold 
were labeled as “not accepted”, and model performance was 
additionally evaluated on the accepted-only subset.

  All data processing, feature engineering, statistical testing, 
model training, and visualization were executed in the Python 
environment. The implementation relied primarily on the fol-
lowing libraries: NumPy, Pandas, SciPy, scikit-learn, umap-
learn, hdbscan, xgboost, and Matplotlib/Seaborn.   

MD simulations and analysis
  To elucidate the mechanism underlying the observed current 
perturbations, we performed all-atom MD simulations. The nano-
pore models of M113R and M113R/K147Y were built using the 
defined structures of Staphylococcus aureus α-HL pore as temple 
(Protein Data Bank code: 7AHL) by SWISS-MODEL [  46 ]. The 
protonation states of titratable residues at pH 5.0 were assigned 
based on the pKa values predicted by H++, PropKa, DeepKa, 
and KaML-ESM (Table  S6 ) [  47 –  50 ]. The glycan was built by 
Carbohydrate Structure Database/Symbol Nomenclature for 
Glycans Structure Editor [  51 ]. To build a simulation system, we 
place the molecular model into a 1,2-dilauroyl-sn-glycero-
3-phosphocholine lipid bilayer. The lipid-embedded nanopore 
model was solvated in a periodic boundary condition box (115 Å × 
115 Å × 233 Å) filled with TI3P water molecules and 2 M KCl 
using CHARMM-GUI [  52 ]. On the basis of the CHARMM36m 
all-atom force field [  53 –  55 ], MD simulations were conducted 
using the graphics-processing-unit-accelerated GROMACS soft-
ware package (version 2025.2) [  56 ]. Systems initially underwent 
a 5,000-step minimization with positional restraints on the protein 
backbone, side chains, lipids, and dihedral angle [  57 ]. Subsequently, 
a 6-step equilibration process protocol generated by CHARMM-
GUI was carried out with progressively reduced restraints under 
NVT and NPT conditions. During the first 3 equilibration steps, 
the system was gradually heated to 298.15 K with a 1-fs timestep 
using stochastic velocity rescaling with protein [  58 ], membrane, 
and ion-water groups treated independently. Pressure was main-
tained at 1 atm by semi-isotropic application of a stochastic cell 
rescaling within 375,000 steps [  59 ]. The last 3 steps maintained 
these conditions for 750,000 steps with a 2-fs timestep. Throughout 
these 6 steps, positional restraints on protein residues, glycan, and 
lipid molecules were progressively relaxed [ 57 ]. Following equili-
bration, SMD was performed in the NPT ensemble at temperature 
of 298.15 K using stochastic velocity rescaling and a pressure of 
1 atm by semi-isotropic application of a stochastic cell rescaling 
following commonly used umbrella sampling workflows and 
the parameter settings adopted from established GROMACS/
CHARMM-GUI-based protocols. The LINCS algorithm was 
employed to restrain bonds involving hydrogen atoms, which 

allowed a 2-fs timestep. Long-range electrostatic interactions were 
calculated using the particle mesh Ewald method, while short-
range electrostatic and van der Waals interactions were treated 
with a 12-Å cutoff and gradually switched between 12 and 10 Å. 
The transmembrane bias V = 100 mV was induced by applying 
a constant electric field normal to the lipid bilayer. The glycan was 
initially positioned along the pore z-axis in the cis chamber of the 
nanopore [ 35 ], providing sufficient space for pulling simulations 
along the z-axis. During SMD, pulling potentials were applied to 
Neu5Ac using the lipid bilayer as an immobile reference for the 
pulling simulations. The glycan was passed through nanopore 
along the pore axis over 3 ns at a constant velocity of 5 nm·ns−1, 
with a harmonic force constant during umbrella pulling of 
1,000 kJ·mol−1·nm−2. From this trajectory, snapshots were taken 
to generate the starting configurations for the umbrella sampling 
windows. The windows were centered at approximately 0.2-nm 
intervals along the z-axis [  60 ,  61 ]. A total of 20 individual umbrella 
sampling windows centered around residue 113 were each simu-
lated for 10 ns, after 100 ps of NPT equilibration, using the same 
methodology described above, for a total simulation time of 200 ns 
of MD simulations. The windows were centered at about 0.2-nm 
intervals along the z-axis.

  In addition, additional umbrella sampling simulations were 
performed to examine the sensitivity of the results to the initial 
configuration. Specifically, for both the M113R and M113R/
K147Y systems, the initial axial position of the glycan was var-
ied while kept approximately aligned with the pore axis. To 
more stringently test the robustness of the analysis against lat-
eral displacement, additional simulations were conducted for 
the M113R/K147Y system in which the glycan was initially 
placed with a pronounced off-axis deviation. All of these sup-
plementary umbrella sampling simulations were performed 
using the same SMD protocol described above. The potential 
of mean force was calculated using the weighted histogram 
analysis method with sampling windows extending from the 
﻿cis vestibule to the trans side of the pore in the M113R/K147Y 
system [  62 ], thereby enabling a more complete description of 
glycan transport through the nanopore.

  Furthermore, to examine whether our conclusions depend 
on the choice of ensemble and umbrella sampling simulation, 
new constant-velocity SMD simulations were additionally car-
ried out under the NVT ensemble for the 2 key systems, M113R 
and M113R/K147Y [ 33 ,  63 ]. These production simulations were 
performed for 2,000 ps with a 2-fs timestep after energy mini-
mization and a 6-step equilibration procedure. The temperature 
was maintained at 298.15 K using a velocity-rescaling thermo-
stat and the same pulling potential.

  The calculation was based on the gmx commands in GROMACS. 
Interaction analysis was conducted using ProLIF [  64 ], while CH–π 
interaction was recognized by CH–π distance < 0.45 nm and angle < 
40° [  65 ].    
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