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Deep Learning-Based Ion Channel Kinetics Analysis for
Automated Patch Clamp Recording

Shengjie Yang, Jiaqi Xue, Ziqi Li, Shiqing Zhang, Zhang Zhang, Zhifeng Huang,
Ken Kin Lam Yung, and King Wai Chiu Lai*

The patch clamp technique is a fundamental tool for investigating ion channel
dynamics and electrophysiological properties. This study proposes the first
artificial intelligence framework for characterizing multiple ion channel
kinetics of whole-cell recordings. The framework integrates machine learning
for anomaly detection and deep learning for multi-class classification. The
anomaly detection excludes recordings that are incompatible with ion channel
behavior. The multi-class classification combined a 1D convolutional neural
network, bidirectional long short-term memory, and an attention mechanism
to capture the spatiotemporal patterns of the recordings. The framework
achieves an accuracy of 97.58% in classifying 124 test datasets into six
categories based on ion channel kinetics. The utility of the novel framework is
demonstrated in two applications: Alzheimer’s disease drug screening and
nanomatrix-induced neuronal differentiation. In drug screening, the
framework illustrates the inhibitory effects of memantine on endogenous
channels, and antagonistic interactions among potassium, magnesium, and
calcium ion channels. For nanomatrix-induced differentiation, the classifier
indicates the effects of differentiation conditions on sodium and potassium
channels associated with action potentials, validating the functional
properties of differentiated neurons for Parkinson’s disease treatment. The
proposed framework is promising for enhancing the efficiency and accuracy of
ion channel kinetics analysis in electrophysiological research.

S. Yang, J. Xue, Z. Li, K. W. C. Lai
Department of Biomedical Engineering
City University of Hong Kong
Tat Chee Avenue, Kowloon Tong, Kowloon, Hong Kong SAR, China
E-mail: kinglai@cityu.edu.hk
S. Zhang
JNU-HKUST Joint Laboratory for Neuroscience and Innovative Drug Re-
search
College of Pharmacy
Jinan University
601 West Huangpu Road, Tianhe, Guangzhou 510632, China

The ORCID identification number(s) for the author(s) of this article
can be found under https://doi.org/10.1002/advs.202404166

© 2024 The Author(s). Advanced Science published by Wiley-VCH
GmbH. This is an open access article under the terms of the Creative
Commons Attribution License, which permits use, distribution and
reproduction in any medium, provided the original work is properly cited.

DOI: 10.1002/advs.202404166

1. Introduction

The patch clamp technique has long been
indispensable in electrophysiological re-
search. Patch clamp recordings play a
central role in elucidating mechanisms un-
derlying various pharmacological, physi-
ological, and biophysical phenomena.[1–4]

However, patch clamp applications face sig-
nificant challenges in terms of recording
acquisition and analysis.[5,6] For example,
in cutting-edge protein structure prediction
involving patch clamp, the classification
of protein characteristics requires skilled
personnel to perform labor-intensive and
time-consuming operations.[7,8] Automated
processing can be advantageous for manual
identification and can accelerate progress
in ion channel research, drug discovery,
and disease modeling. Therefore, it is crit-
ical to develop automated methods to ana-
lyze ion channel kinetics from patch clamp
recordings.

Whole-cell recording is the most com-
monly used patch clamp method for provid-
ing an integrated view of ion channel activ-
ity, including synaptic transmission, action
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potential generation, pharmacological testing, and intracellular
signaling.[9,10] Ion channel kinetics analysis of whole-cell record-
ing is a fundamental tool for investigating cellular physiological
states by classifying dynamic properties and identifying under-
lying mechanisms.[11] For instance, understanding the kinetic
properties of ion channels in different types of neurons enhances
comprehension of neural circuit function and brain information
processing.[12] Studying ion channel kinetics in disease models
can reveal how altered ion channel function (e.g., activation, con-
ductance, reversal potential) contributes to disease pathogene-
sis and progression, as well as the action of potential therapeu-
tic agents.[12,13] Artificial intelligence has advanced the analysis
of patch clamp recording.[14–17] However, existing deep learning
methods are primarily designed to distinguish gating actions of
single-channel recording.[18,19] Analysis of single-channel record-
ings involves measuring the specific openings and closings of in-
dividual channels and quantifying the current passing through a
single channel when it is open.[20] The implementation can au-
tomatically idealize complex ion channel activity to capture the
movement of individual proteins and identify gating dynamics
in different cell types.[18–20] Those methods focus on specific ion
channels’ selectivity and gating behaviors. While artificial intel-
ligence has facilitated the identification of gating actions, there
is a critical need for ion channel kinetics analysis of whole-cell
recordings to advance research in diverse fields, including clini-
cal pathology, drug discovery, and neuroscience.

In general, the ion channel kinetics analysis of patch clamp
recording signals can start with a multi-class classification. Clas-
sification based on the activity of multiple ion channels has sub-
stantial practical significance for recordings originating from di-
verse testing conditions, such as the treatment of neurodegener-
ative diseases.[21–23] Alzheimer’s disease is a neurodegenerative
condition associated with aging. Current treatments primarily
target N-Methyl-D-aspartic acid (NMDA) receptors; however, the
99.5% failure rate of these therapeutic strategies has prompted
investigations into voltage-gated potassium and sodium chan-
nels, calcium homeostasis, and magnesium ions as potential
pathological pathways.[24–26] Rapid and precise screening of the
effects of potential therapeutic drugs on endogenous ion chan-
nels is imperative. For drug screening in Alzheimer’s disease, the
classification of recordings revels ion channel kinetics, such as
voltage dependency, activation threshold, and reversal potential.
These classification results facilitate the identification of pharma-
cological effects and provide evidence for potential drug mecha-
nisms. Furthermore, constructing multiclass recordings enables
precise identification of cell physiological states.[27] Induced cell
differentiation can be used to study the underlying mechanisms
of various diseases, such as Parkinson’s disease and cardiovascu-
lar disease.[28,29] Classified recordings can be used to validate the
effectiveness of cell differentiation protocols by acquiring specific
electrophysiological properties. Hence, there is a critical and un-
met need in patch clamp research to develop a multi-class classi-
fication method based on the distinct characteristics of different
ion channels.

Analyzing ion channel kinetics of whole-cell recordings re-
quires the exclusion of anomalous recordings and the multi-class
classification of the remaining data. Anomaly detection charac-
terizes the mathematical properties of patch clamp recordings to
identify abnormal recordings that significantly deviate from typ-

ical ion channel behavior. K-nearest neighbors (KNN) adapt well
to local changes in the recording distribution since it relies on
local neighborhood information.[30,31] Utilizing the KNN mathe-
matical approach can effectively process high-dimensional data
while maintaining robustness against noisy data points. Identi-
fication of ion channel dynamics is fundamental to multi-class
classification, which requires the capture of the spatiotemporal
patterns in the recordings.[32,33] The 1Dconvolutional neural net-
work (1DCNN) is a robust framework for time-series data involv-
ing multiple variables.[34] The convolutional layer slides 1D filters
across the input sequence to detect patterns and capture local de-
pendencies. It is particularly effective for extracting spatial fea-
tures and identifying ion channel dynamics. Bidirectional long
short-term memory (BiLSTM) incorporates information from
both the past and future time steps of sequential data.[35] BiL-
STM effectively captures temporal dependencies in patch-clamp
recordings and elucidates dynamic changes in ion channel activ-
ity over time. The attention layer assigns varying weights to each
element to produce accurate classifications.[36] Models can effec-
tively handle long sequences and complex dependencies by in-
corporating an attention layer, thereby improving performance.
By integrating the 1DCNN, BiLSTM, and Attention mechanisms
into a single model, the classifier’s ability to detect dynamic ion
channel behavior in patch clamp recordings can be improved.
Artificial intelligence offers an efficient and reliable approach for
classifying cell types and identifying their physiological activities.

In this study, an artificial intelligence framework has been
proposed for ion channel kinetics analysis of whole-cell record-
ings. Initially, recordings with functional failure ion channels
were filtered using KNN-based anomaly detection. Subsequently,
the remaining recordings underwent multi-class classification
using a 1DCNN-BiLSTM-Attention mechanism deep learning
model. After training on 240 datasets, the 97.22% accuracy of
the 144 testing datasets indicated the anomaly detection ability
to resolve the activities of the ion channels. For the deep learning
model, we demonstrated the model architecture, testing dataset
results, and feature discrimination capabilities. The model was
trained using 139 datasets and successfully recognized ion
channel behaviors in 124 testing datasets across six categories
with 97.58% accuracy. This framework can effectively identify
recording features and understand the interactions between
response currents by segmenting recordings into distinct
phases based on ion channel characteristics. We evaluated the
multi-class classification capabilities of our framework in two
applications: drug screening for Alzheimer’s disease and char-
acterization of nanomatrix-induced neural stem cells (NSCs)
differentiation. Memantine, an antagonist of the NMDA recep-
tor, is used to slow neurotoxicity in Alzheimer’s disease. The
impact of memantine on endogenous receptors is yet to be fully
understood and continues to be an active area of research.[26,37]

Well-established whole-cell recordings under various drug con-
ditions were obtained to facilitate the study of memantine. By
employing our framework to classify whole-cell recordings, we
identified the voltage-dependent inhibitory effects of memantine
on endogenous channels and its antagonistic interaction with
calcium ions. The drug screening application demonstrates the
accuracy and reliability of the proposed artificial intelligence
framework. To assess the effectiveness and generalizability of
our framework in real-world applications, we acquired newly
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Figure 1. Overview of the proposed method for ion channel kinetics analysis. A) Ion channels on the cell membrane and the whole-cell configuration for
acquiring ion channel currents. B) Anomaly detection for filtering out anomalous recordings and neural networks for recording multi-class classification.
C) Six representative traces of whole-cell voltage-clamp recordings: (I) typical ion channel activity; (II) unsustainable outward currents of non-inactivation
activity; (III) slow-rising current due to the absence of fast inactivation activity; (IV) the presence of slow activation/inactivation activity; (V) disorder
channel activity with overlapping currents; and (VI) observation of hyperpolarization-activated cyclic nucleotide-gated activity. D) The artificial intelligence
framework analyzed recordings to assess the inhibitory effects of memantine on endogenous ion channels, providing kinetics data for drug screening
in neurodegenerative diseases. The evoked ion channel activities (red curves) and non-evoked response currents (black curves) illustrate the effects of
the drug. E) The artificial intelligence framework investigated nanomatrix-induced NSCs differentiation by identifying neurophysiological properties. The
activity of evoked sodium and potassium ion channels indicates the functional properties of the neuronal cells.

unseen whole-cell recordings from nanomatrix-induced NSCs
differentiation. The nanomatrix promotes the differentiation of
dopamine neurons and supports cell therapy in Parkinsonian
rats.[38,39] The framework identifies the functional signaling
properties of differentiated neurons by evaluating peak current
density and inward and outward channel dynamics in the newly
unseen whole-cell recordings. Our framework offers a precise,
rapid, and automated method for ion channel kinetics analysis,
potentially improving the efficiency and accuracy of data analysis
in the critical domain of electrophysiological research.

2. Artificial Intelligence Framework

2.1. Ion Channel and Recording Classification

Artificial intelligence frameworks have been employed in the
study of ion channel kinetics. Ion channels span the cell mem-
brane, facilitate ion movement, and regulate various physiologi-

cal processes (Figure 1a). Protein molecules determine the ions
that pass through the ion channel and their kinetics. A mi-
cropipette forms a measurement channel to record the ionic cur-
rent and membrane potential in whole-cell patch clamp config-
uration. To analyze ion channel kinetics of whole-cell record-
ings, the artificial intelligence framework involves two stages
(Figure 1b). In Stage 1, the anomaly detection excludes record-
ings that are incompatible with typical ion channel behaviors. In
Stage 2, the 1DCNN-BiLSTM-Attention classifier performs multi-
classification on the recordings that pass anomaly detection to
elucidate the kinetics of multiple ion channels. Details of the
anomaly detection and the 1DCNN-BiLSTM-Attention classifier
are explained in Sections 2.2 and 2.3.2, respectively.

Patch clamp recordings have been categorized into specific six
categories based on their electrical excitability, kinetic behaviors,
and signal features (Figure 1c). The colored lines represent
the current traces of ion channels under vary voltage stimuli
(Figure S1, Supporting Information).
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1) Category I: Representative recordings illustrate the character-
istics of ion channels in normal cells.[40] The activation behav-
iors of ion channels vary with different voltage stimuli. High
voltage stimuli reveal fast inactivation potassium channels,
whereas low voltage stimuli unveil slow inactivation potas-
sium channels. The observed modest inward current indi-
cates low conductance in endogenous sodium and calcium
channels. The whole-cell recording of Category I exhibits typ-
ical kinetics for a variety of ion channels.

2) Category II: Non-inactivation channels are crucial for main-
taining the resting membrane potential and regulating cellu-
lar excitability.[41] For example, when dysfunctional, the ab-
sence of sustainable outward (potassium) currents disrupts
action potential propagation and impairs muscle contraction.
This can prevent signal transmission in neural circuits, po-
tentially leading to cardiomyopathies and epilepsy.

3) Category III: Fast inactivation channels tightly regulate the
duration and intensity of cation flow during cellular activi-
ties. Failure of fast inactivation prolongs the repolarization
phase of the action potential, reducing excitability and sig-
nal transmission.[42] These impacts can manifest in various
tissues, contributing to periodic paralysis and endocrine dys-
function.

4) Category IV: Slow gating kinetics reduce the sensitivity of ion
channels, which may result from factors such as mutations
in the human ether-a-go-go-related gene (hERG) potassium
channels, as well as in calcium and chloride channels.[43] Slow
activation delays the cellular response to depolarizing inputs,
causing neurons to fire action potentials less frequently, di-
minishing signal transmission in neural circuits. Moreover,
slow inactivation of calcium channels can lead to prolonged
calcium entry into presynaptic terminals, potentially causing
myotonia and cardiac arrhythmias.

5) Category V: Disordered channel activity leads to overlapping
currents, where multiple ionic currents are activated simulta-
neously or in close succession.[44] The relationships among
multiple response currents characterize the voltage depen-
dence of ion channel activation and inactivation, as well as
ion channel selectivity. This approach uses response currents
under different stimulus voltages to evaluate ion channel ki-
netics and stability and to identify desensitization. In phar-
macological testing, repeated voltage steps reveal ion channel
behavior over time, providing insights into the consistency of
ionic currents.

6) Category VI: In addition to ion channels activated by depo-
larization, hyperpolarization-activated cyclic nucleotide-gated
(HCN) channels are activated when the cell membrane poten-
tial becomes more negative (hyperpolarizes).[45] HCN chan-
nels contribute to the control of resting membrane potential
and play critical roles in maintaining physiological stability
and rhythmicity, such as the heart’s rhythmic contractions.
Analyzing their kinetics helps in understanding the stabiliza-
tion of resting potential and cell excitability. Dysfunction in
these channels can contribute to various pathophysiological
conditions, including seizures and altered pain perception.

Characterizing the functional and electrophysiological proper-
ties of cells is a fundamental approach to demonstrate the ca-
pabilities of the proposed artificial intelligence framework. We

have designed and conducted experiments utilizing our novel ar-
tificial intelligence-assisted ion channel kinetics analysis for two
different applications: 1) drug screening for Alzheimer’s disease
and 2) characterization of nanomatrix-induced NSCs differentia-
tion. Details of the two applications are provided in Sections 3.1
and 3.2, respectively. For the first application, the exact etiology
of Alzheimer’s remains unclear. One potential pathology is that
excessive glutamate levels may induce excitotoxicity, resulting in
neuronal damage. Memantine partially blocks certain receptors
to slow the progression of Alzheimer’s disease by binding within
the receptor’s ion channel (Figure 1d). The interaction between
memantine and endogenous receptors is a complex research
area still under active investigation. Recent studies have identi-
fied several potential pathological pathways, particularly involv-
ing endogenous channels.[26,46] Our deep learning-based multi-
class classification is a direct and robust method for quantitatively
analyzing the effects of memantine on endogenous ion chan-
nels. Analyzing the evoked response currents (the red curves)
and the absence of ion channel activity (the black curves) allows
for the determination of activation thresholds and reversal poten-
tials. This facilitates a deeper understanding of the pathological
effects of memantine, providing insights into its therapeutic po-
tential and mechanisms of action. For the second application, the
functional differentiated neurons advance the development of
cell-based therapies for neurodegenerative diseases like Parkin-
son’s disease.[47,48] We have proposed a nanomatrix that induces
the differentiation of NSCs into neurons (Figure 1e). Analysis of
whole-cell recordings was performed to evaluate the effectiveness
of the nanomatrix-induced protocol and the electrophysiological
characteristics of neurons. The activities of evoked sodium and
potassium ion channels (the red curves) demonstrate that the
nanomatrix specifically differentiates NSCs into miniature sub-
stantia nigra-like structures for Parkinson’s disease treatment.

2.2. Anomaly Detection of Recordings

Classification accuracy depends on the integrity and authentic-
ity of the recordings representing ion channel dynamics. Before
the recording classification, anomaly detection was carried out
to remove some outliers, where there were four typical anomaly
signals caused by various mechanisms (Figure 2a).

1) Anomaly Signal I: Aberrant transient recording with inconsis-
tent ion channel behaviors is inappropriate for characterizing
cellular physiological activities.[49] The response current
of low-voltage stimuli revealed the presence of slow/non-
inactivation potassium channels, which were notably absent
under high-voltage stimuli. For the remaining response
currents, the response patterns of the inwardly rectifying
potassium channels contributing to the outward current
exhibited distinct differences among various voltage stimuli.
The aberrant transient recordings are insufficient to elucidate
the ion channel activity.

2) Anomaly Signal II: Electrical stimulation may evoke disor-
dered ion channel activity, resulting in invalid recordings.[50]

In the stimulated region, there is no discernible correlation
between current and voltage, and the activity of voltage-gated
ion channels cannot be determined from these recordings.
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Figure 2. Anomaly detection of recordings. A) Four representative categories of anomaly signal recordings: (I) aberrant transient ion channel behaviors
under voltage stimuli; (II) invalid recordings that fail to capture ion channel activity, where the stimulated region shows no discernible correlation between
current and voltage; (III) low signal-to-noise ratio recording; and (IV) recording with partially abnormal ion channel activity, where erratic depolarization
supersedes hyperpolarization in the non-stimulated tail region. B) Visualization of anomaly detection using principal component analysis (PCA). The
coordinates are principal components. The test dataset consists of 72 abnormal and 72 normal recordings. C) The performance comparison of anomaly
detection models employed various mathematical approaches: linear discriminant analysis (LDA), naive Bayes (NB), random forest (RF), decision tree
(DT), extra trees (ET), light gradient boosting machine (LGBM), and k-nearest neighbors (KNN). Performance is evaluated using four metrics: accuracy
(Acc.), precision (Pre.), F-score (F1), and Matthew’s correlation coefficient (MCC).

This outcome reflects either non-viable or unhealthy cells, or
suboptimal experimental conditions, such as compromised
membrane integrity and poor seal quality.

3) Anomaly Signal III: Environmental interference or equip-
ment defects may introduce noise into the recordings.[51]

With a low signal-to-noise ratio, the noise obscures the elec-
trical signals of ion channels, rendering the recording unsuit-
able for monitoring cellular activity. As a result, the kinetic
characteristics of ion channels, including activation thresh-
old, reversal potential, and current density peak, cannot be
analyzed.

4) Anomaly Signal IV: Recordings affected by anomalous local
ion channel activity have limited utility in characterizing elec-
trophysiological properties.[52] Erratic depolarization super-
sedes hyperpolarization in the non-stimulated tail region. The
resting current associated with this action potential does not
match the electrophysiological activity.

A weighted KNN with Euclidean distance was employed to de-
velop an anomaly detection method for identifying recordings

that significantly deviate from typical ion channel kinetics. The
training dataset included 120 normal recordings distributed over
the six categories depicted in Figure 1c (labeled as normal), and
an additional 120 abnormal recordings spread across the four cat-
egories shown in Figure 2a (labeled as abnormal).

Suppose the training dataset is

T =
{(

xi, yi

)}N

i=1
(1)

where xi ∈ ℜm is the vector in the m-dimensional feature space
and yi is the normal/abnormal label.

For a query recording x′, a set of k similar labeled target neigh-
bors were identified. The dataset is

T ′ =
{(

xNN
i , yNN

i

)}k

i=1
(2)

Use the following expression to arrange in an increasing order
for distance:

d
(
x′, xNN

i

)
=
√(

x′ − xNN
i

)T (
x′ − xNN

i

)
(3)
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The label of query y′ is given by the majority voting:

y′ = arg max
y

∑
(xNN

i
, yNN

i )∈ T ′

𝛿
(
y = yNN

i

)
(4)

where yNN
i is the label for i-th among the KNNs. 𝛿(y = yNN

i ) is a
Dirac delta function that takes the value of 1 or 0.

The test dataset comprised 144 recordings. Using the trained
model for anomaly detection yields an accuracy of 97.22%. The
detection result underwent dimensionality reduction using prin-
cipal component analysis (PCA) to extract the main feature com-
ponents (Figure 2b). The clear separation between the two clus-
ters underscores the efficacy of the anomaly detection method in
differentiating between normal and abnormal recordings.

Multiple anomaly detection models were trained and com-
pared to determine the best-performing implementation. In
the model training procedure, various mathematical approaches
were utilized to develop the detection algorithms specifically
for whole-cell recording. The trained models are illustrated in
Figure 2c. The KNN method outperformed the others across the
four key metrics. The KNN-based method achieved the highest
accuracy of 0.9722 and led to an F1 score of 0.9723, demon-
strating an optimal balance between precision and recall. The
Matthews correlation coefficient (MCC) value (0.9459) further in-
dicated its effectiveness in accurately classifying normal and ab-
normal recordings. In contrast, while the light gradient boosting
machine (LGBM) matched KNN in terms of accuracy, it under-
performed in other metrics, particularly with an MCC value of
0.5836. The precision (0.7838) and F1 score (0.7945) highlighted
the challenges in detecting anomalous recordings. Extra trees
(ETs) comprise multiple decision trees (DTs). Unlike DT and ran-
dom forest (RF), which utilize the optimal splitting point when
a tree splits a node, ET employs a random selection of the split-
ting point of the feature to mitigate overfitting. Consequently, the
ET and similar algorithms have demonstrated notable potential.
ET has high performance across several metrics, including accu-
racy (0.9583) and F1 score (0.9231). Linear discriminant analysis
(LDA) and naive Bayes (NB) displayed lower performance, with
accuracy and MCC values falling below 0.9 and 0.8, respectively.
The metric values indicate difficulties in accurately distinguish-
ing the recordings. The proposed KNN method significantly im-
proved the effectiveness of anomaly detection. Anomaly detec-
tion enhances the quality of recordings for further ion channel
kinetics analysis by filtering out physiologically irrelevant record-
ings.

2.3. Development of Deep Learning Model

2.3.1. Data Preprocessing Segmentation

An ion channel dynamic-based segmentation strategy was used
to extract features from the recordings. Voltage stimuli evoke
ion channel activity, leading to distinct stages of action poten-
tials: initial depolarization, transition to repolarization, and fi-
nal hyperpolarization. After the Z-score normalization of the raw
data, the recording was segmented into three phases according
to the dynamics of the action potential: rising, sustaining, and
falling (Figure 3a). The rising phase provides insights into the

activation of voltage-gated ion channels, detailing their kinetics
and voltage-dependent behavior. This phase captures both the
inward and outward currents. The rapid influx of sodium ions
contributes to the upstroke of the action potential, whereas cal-
cium and chloride influxes contribute to cellular processes and
membrane potential stabilization. Potassium channels are acti-
vated later in this phase to generate an outward current. The sus-
taining phase characterizes activation/inactivation kinetics and
the cellular equilibrium state. During this phase, the delayed rec-
tifier potassium channels are pivotal for maintaining the out-
ward current for the repolarization of the action potential. In
addition, calcium-activated potassium channels are activated in
response to increased intracellular calcium levels. Furthermore,
ligand-gated ion channels can sustain currents when continu-
ously exposed to specific ligands. These ion channels signifi-
cantly contribute to the repolarization of the membrane poten-
tial and the regulation of cell excitability. In the falling phase, the
deactivation or closure of ion channels highlights their voltage-
dependent deactivation and facilitates the identification of spe-
cific ion channels. This phase ends the action potential cycle
and reinstates the cell’s resting state through transient recep-
tor potentials and hyperpolarization-activated channels. Deacti-
vation of potassium, sodium, and calcium channels contributes
to membrane potential repolarization and hyperpolarization. The
ion channel types and kinetics were identified by comparing the
inactivation patterns with those observed during the rising and
sustaining phases.

In addition to capturing the ion channel characteristics within
individual response currents, the model must learn the correla-
tion between multiple response currents. The recordings were
segmented into multiple parts within a designated time window
(Figure 3b). Because data points within a time window share an
identical label, there are two dimensions of variation: 1) time-
dependent ion channel temporal dynamics, and 2) current vari-
ations based on voltage-dependent ion channel activity. Incorpo-
rating the response currents evoked by various voltage stimuli
within a specific time window allows the model to concentrate
on localized patterns and discern interrelations among currents.
This approach enables the model to infer the short-term trends
and dynamics of ion channels. Moreover, employing time win-
dows aids in circumventing issues such as vanishing and explod-
ing gradients. The phase boundaries and size of the time window
were experimentally determined to optimize the performance of
the deep learning model.

2.3.2. Neural Network Architecture

We designed a 1DCNN-BiLSTM-Attention deep learning model
to capture the complex nonlinear spatial and temporal rela-
tionships of whole-cell voltage-clamp recordings for multi-class
classification. The neural network architecture is shown in
Figure 3c. This architecture employs an independent 1DCNN
for each recording phase to extract spatial features and corre-
lations among multiple response currents. These local patterns
identify various ion channels and characterize the ion channel
dynamics. Subsequently, the features identified by the 1DCNN
are processed using a BiLSTM layer to capture the long-term
dependencies of the recordings. This layer amalgamates spatial,
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Figure 3. Feature extraction and neural network architecture for multi-class classification. A) The recording is segmented into three phases: rising,
sustaining, and falling. The rising phase marks the increase in current due to voltage-gated ion channel activation. The sustaining phase presents
a steady current, reflecting the equilibrium of ion channel activity. In the falling phase, the end of voltage stimuli manifests as a hyperpolarization
process. B) The five response currents are divided into data points within a defined time window, t. Each signal sequence captures time-dependent
ion channel activity and current variations resulting from differing voltages. C) Overview of the neural network architecture. Three 1DCNN-BiLSTM-
Attention branches process each phase independently. The concatenated outputs from the attention layers across all phases yield the whole-phase
recording label. D) Details of rising branch. Time windows segment each phase into multiple time steps. A sliding kernel across these points forms
a feature map, subsequently reduced by pooling. After the dense layer, the BiLSTM layers capture temporal dependencies in both directions. Dropout
neurons reduce overfitting. An attention layer assigns weights to the recording’s time windows, focusing the model on pertinent features.
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temporal, and contextual patterns, elucidating the voltage depen-
dency, kinetics, and variability in response currents. An attention
mechanism is implemented to prioritize the features in the BiL-
STM output that are most pertinent to the classification label. A
dropout rate of 0.2 is implemented to force the model to diversify
its reliance across multiple neurons to mitigate overfitting. The
concatenation and dense layers integrate features from three in-
dependent analyses to label the whole-phase recording.

The fundamental structure and layers of the neural network
are shown in Figure 3d. The 1DCNN framework consists of three
primary components: Conv1D, MaxPooling1D, and dense layers.
The Conv1D layer employs a sliding kernel to extract spatial fea-
tures. It generates a feature map by applying a weight kernel ma-
trix to the recordings. The MaxPooling1D layer downsamples the
Conv1D output by selecting the maximum value across a speci-
fied window of multiple response currents. This process reduces
the number of model parameters required to improve training ef-
ficiency and enhance noise robustness. Subsequently, the dense
layer aggregates the spatial features derived from the Conv1D
layer into a more abstract data representation. The weights of
the dense layers are refined during training. The BiLSTM net-
work was designed to capture the temporal dependencies in the
response currents. Each BiLSTM layer consisted of two distinct
LSTM layers, oriented forward and backward. This bidirectional
approach enabled the concatenation of outputs from both LSTM
layers to capture the time-series activity of the ion channels. The
spatial features identified by the 1DCNN layer were amalgamated
with the temporal dependencies characterized by the BiLSTM
network. These amalgamated features were fed into a fully con-
nected layer for multi-class classification. An attention mecha-
nism was deployed to focus on the critical features indicative of
ion channel behavior. This mechanism assigns a specific weight
to each time window, based on its relative importance. These
weights prioritize the most significant features of the BiLSTM
output. Subsequently, a global max pooling layer selects the maxi-
mal value to encapsulate the spatial features into a cohesive global
representation. A fully connected layer then uses this represen-
tation to generate a vector of logits. The result indicates the prob-
ability that a recording appears in a respective category.

2.3.3. Training and Evaluation

We achieved state-of-the-art results in a multi-class classification
of whole-cell voltage-clamp recordings. Performance optimiza-
tion of the neural network was conducted using a grid search
to evaluate all possible hyperparameter combinations. Various
training epochs were applied to ensure that the model converged
to an optimal solution. The dataset was randomly divided into
training and validation sets in an 8:2 ratio for the training process.
The model performance was evaluated using a holdout test set.

The deep learning model demonstrated a prediction accuracy
of 97.58% for the test dataset. The confusion matrices are shown
in Figure 4a. Different categories may contain similar ion chan-
nel behaviors; therefore, the recordings were segmented into
multiple phases for classification. The results of the three phases
were combined using a deep learning model to reduce the likeli-
hood of misclassification. The prediction accuracies for the three

recording phases were 94.35%, 90.32%, and 94.35%, respectively.
Categories I, III, and IV exhibited similar ion channel charac-
teristics in the sustaining phase, that is, five parallel response
currents. This similarity leads to misclassification of Category I
recordings into Categories III and IV in the confusion matrix of
the sustaining phase. Consequently, the prediction accuracy for
the sustained phase was relatively low. All the prediction results
were aggregated using majority voting with an accuracy thresh-
old. By introducing weights after the attention layer to refine the
prediction of the entire phase, the final prediction accuracy was
97.58%. These results demonstrate the potential of deep learning
for multi-class classification of whole-cell voltage-clamp record-
ings and illustrate the effectiveness of our model in distinguish-
ing between different recordings.

The average precision (AP) score of 0.9852 indicated the
model’s performance in terms of both precision and recall. The
individual precision-recall (PR) curve for each category within a
phase allows evaluation of the model’s performance and the PR
tradeoff. The PR curves of the entire phase indicated a consis-
tent balance between precision and recall across varying thresh-
old levels (Figure 4b). Each recording phase yielded independent
results with AP scores of 0.9862, 0.9293, and 0.9950 for the ris-
ing, sustaining, and falling phases, respectively. The rising phase
focused on the behavior of voltage-gated sodium channels and
fast-inactivation potassium channels. Due to the similarity in ion
channel activities, Categories I and II had relatively low AP val-
ues, with scores of 0.6943 and 0.8582, respectively. However, the
distinction between the channel behaviors in Categories I and II
during the sustaining and falling phases improved the model’s
overall classification accuracy for these categories. The AP scores
for the other categories during the rising phase ranged from
0.9315 to 0.9734, demonstrating the model’s classification ability.
In the sustaining phase, AP scores varied from 0.8224 to 0.9940.
The PR curves indicated a high capture rate of true positives and
a clear distinction between the absence of slow/non-active ion be-
havior. These results determine whether the cells are in a func-
tional physiological state and provide steady electrophysiological
responses to stimuli. The PR curves of the falling phase were no-
tably smoother without significant fluctuations, and all AP val-
ues exceeded 0.85. This indicates the performance of the model
in classifying hyperpolarization-associated ion channel activities
such as those observed in HCN channels. Collectively, the PR
curves and AP scores confirmed that the model reliably differ-
entiated between categories.

Receiver operating characteristic (ROC) curve analysis was
conducted to evaluate the performance of the model in classi-
fying various ion channel activities across each phase. The area
under the curve (AUC) values for the entire phase range from
0.9260 to 0.9963 (Figure 4c). The AUC for the rising, sustain-
ing, and falling phases ranged from 0.9406 to 0.9997. These high
AUC values demonstrate the ability of the model to accurately
distinguish between true and false positives. Category VI consis-
tently outperformed all phases, with an AUC value greater than
0.99. Although Category I was the lowest-performing category, it
achieved an AUC greater than 0.94. This conclusion is consistent
with the insights gained from the PR curve analysis. These find-
ings support the potential utility of this model as a novel method
for categorizing whole-cell recordings.
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Figure 4. Evaluation and comparison of the 1DCNN-BiLSTM-Attention model. The entire phase represents the final output from the deep learning
model, while the remaining matrices pertain to segmented phases. The model evaluation metrics include A) confusion matrices, B) precision-recall (PR)
curves, and C) receiver operating characteristic (ROC) curves, along with average precision (AP) and area under the curve (AUC) values. D) Comparison
of accuracies obtained from different models using the test set.

We benchmarked our deep learning model against various
machine learning models (Figure 4d). Notably, due to there
is no existing model for multi-classification ion channel ki-
netics of whole-cell recordings, we developed various machine
learning algorithms and trained the models specifically for the
ion channel kinetics analysis. The optimal parameters for all
the comparison models were determined using the grid search
method. Constrained by their abilities to capture complex pat-
terns, traditional machine learning models have limitations in
the multi-class classification of intricate recordings. DT-based
models achieved accuracies of approximately 0.9, whereas KNN
models fared slightly better, with an accuracy of 0.93. Our deep
learning model surpasses these models with an accuracy exceed-
ing 0.97. The performance of the various trained models was
systematically evaluated against multiple metrics, as listed in
Table 1. The ET classifier performed notably well, with an ac-
curacy of 0.9114, an exceptional AUC of 0.9994, and impres-

sive recall and precision scores of 0.9811 each. These met-
rics indicated their efficiency in correctly identifying true pos-
itives and minimizing false positives. Despite the superior ac-
curacy of KNN, its performance in other metrics suggests the
potential for misclassification of ion channel activity. The light-
gradient boosting approach yielded a comparatively lower ac-
curacy of 0.8194 with noticeably inferior performance across
the recall, precision, and F1 score metrics. In contrast, our
1DCNN-BiLSTM-Attention model excelled across all evaluated
metrics, with an accuracy of 0.9758 and an AUC of 0.9994. The
F1, Kappa, and MCC indicated the robustness of our model
against overfitting and confirmed its superiority in terms of pre-
cision and recall. These results highlight the effectiveness of our
deep learning model for the multi-class classification of whole-
cell voltage-clamp recordings and the potential of the 1DCNN-
BiLSTM-Attention architecture for real-world application deploy-
ment.
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Table 1. Comparison of evaluation metrics across multiple models.

Modela) Accuracy AUC Recall Precision F1 Kappa MCC

Extra Trees[53] 0.9114 0.9994 0.9811 0.9811 0.9811 0.9767 0.9767

Random Forest[54] 0.9032 0.9991 0.9751 0.9750 0.9750 0.9693 0.9693

Decision Tree[55] 0.9032 0.9686 0.9492 0.9492 0.9492 0.9374 0.9375

Light Gradient Boosting[56] 0.8194 0.9664 0.8114 0.8117 0.8109 0.7673 0.7674

K-Nearest Neighbors[57] 0.9355 0.9646 0.9667 0.9680 0.9667 0.9358 0.9361

CNN-LSTM[58] 0.9633 0.9987 0.9633 0.9634 0.9633 0.9480 0.9548

Multi-Task Learning[59] 0.9194 0.9998 0.9869 0.9869 0.9869 0.9839 0.9839

1DCNN-BiLSTM-Attention 0.9758 0.9994 0.9757 0.9758 0.9757 0.9701 0.9701
a)

The citations refer to the original machine learning approaches, there are no existing models for whole-cell recording analysis.

3. Application of Ion Channel Kinetics Analysis

3.1. Drug Screening for Alzheimer’s Disease

The artificial intelligence framework demonstrated its capabil-
ity for ion channel kinetics analysis in drug screening. Meman-

tine inhibited the overactivation of NMDA receptors by glutamate
(Figure 5a), thereby decreasing Na+ and Ca2+ influx across the
cell membrane. However, the effects of memantine on potassium
and sodium ion channel activity, as well as the levels of calcium
and magnesium ions, have been identified as potential patho-
logical pathways. The undefined dynamics of ion channels limit

Figure 5. Drug screening of memantine on endogenous ion channels. A) The inhibitory effect of memantine on the NMDA receptor in reducing excito-
toxicity associated with Alzheimer’s disease. B) The preparation for whole-cell voltage-clamp recordings with six different cell culture and extracellular
solution sets, including conditions with and without 50 μM memantine and additional sets with 20 mm calcium and 10 mm magnesium. C) The testing
results of multi-class classification by the ion channel kinetics analysis framework. D) Representative whole-cell voltage-clamp recordings from cells un-
treated and treated with 50 μM memantine. The green box indicates the inward sodium current during the rising phase, the outward potassium current
during the rising phase by the yellow box, and the tail current during the falling phase by the purple box. E) Potassium current density for the control (n
= 28), membrane (MNT, n = 31), calcium (Ca, n = 24), and the memantine and calcium group (MNT+Ca, n = 26). F) Sodium current density for the
control (n = 20), memantine (n = 27), magnesium (Mg, n = 22), and the memantine and magnesium group (MNT+Mg, n = 23). (The data are shown
as means ± s.d.; *p < 0.05, **p < 0.01, ***p < 0.001.).
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the therapeutic application in neurodegenerative diseases. HEK
293 cells provide well-established whole-cell recordings for the
validation of the framework. Additionally, they lack endogenous
glutamate receptors but express various cellular signaling com-
ponents. These components include G proteins, which transmit
signals from the extracellular environment to the interior of the
cell, and postsynaptic density protein 95 (PSD-95), a scaffolding
protein integral to the clustering of NMDA receptors and potas-
sium channels. The cell samples were divided into two groups:
a control group without memantine exposure and a test group
treated with 50 μM memantine (Figure 5b). Whole-cell voltage-
clamp recordings from both groups were compared to evaluate
the effect of memantine on endogenous ion channels. Additional
groups (both control and test groups) were treated with magne-
sium and calcium ions to explore the interaction pathways of me-
mantine with endogenous channels.

Recordings from the dominant categories revealed a pro-
nounced inhibitory effect of memantine on endogenous ion
channels in HEK 293 cells. The experiment initially collected
292 recordings, of which 240 remained after anomaly detection
procedures. These recordings were then classified and analyzed
using our framework. Figure 5c presents the final results after
excluding 39 recordings with low confidence levels. The record-
ings were categorized into six categories (Figure 1c), predomi-
nantly Categories I, III, and IV, accounting for 179 of the 201
total recordings. A mere 3.48% distribution in Categories II and
VI indicates the consistency of ion channel expression in HEK
293 cells.

The recordings revealed characteristic action potentials and
electrophysiological behaviors in the presence of memantine.
Representative whole-cell voltage-clamp recordings from cells
treated with and without 50 μM memantine were captured us-
ing the ion channel kinetics analysis framework (Figure 5d). In
the rising phase of the recordings without memantine, the in-
ward current (primarily from sodium ions) marked the depolar-
ization process. When the voltage stimulus was 60 mV and above,
the response currents indicated the presence of fast-inactivation
potassium channels. Slow or non-inactivation potassium chan-
nels contribute to response currents in the sustaining phase.
The recordings revealed voltage-gated potassium ion channel re-
sponses to stimuli. The response currents demonstrated that
physiological ion transport was facilitated by voltage-gated ion
channels during repolarization. The falling phase showed the in-
activation of sodium, potassium, and chloride ion channels. A
negligible inward current indicated minimal hyperpolarization.
Memantine reduced both inward and outward current ampli-
tudes. Although the duration of the sodium ion current remained
unchanged at 15 ms, the negative peak at 60 mV was reduced
by 111.36 pA. A significant observation concerning the outward
current was the disappearance of the fast-inactivation potassium
current associated with repolarization. This change in the ion
channel dynamics reduced the number of outward response cur-
rents from nine to seven. The recording exhibited slow gating
kinetics in Category IV, indicating inhibited voltage sensitivity of
Ca2+/Cl− ion channels during hyperpolarization. The pathologi-
cal pathways may involve interactions between memantine and
proteins associated with NMDA receptors. Furthermore, these ef-
fects may arise from changes in the phosphorylation status of ion
channels.

The effect of memantine on electrophysiological activity was
quantified by assessing the relative inhibition of potassium and
sodium currents. Memantine led to a 5.29pA pF−1 reduction
in the outward potassium current density (Figure 5e). In con-
trast, experiments using a high-calcium solution showed a no-
table increase in current density by 11.86pA pF−1. Elevated extra-
cellular calcium levels can activate calcium-activated potassium
channels, particularly the large-conductance, calcium-activated
potassium (BK) channel. Upon the binding of intracellular Ca2+

to the RCK1 and RCK2 sites, the BK channel promoted potas-
sium ions across the cell membrane and facilitated repolar-
ization. However, the presence of both memantine and the
high-calcium solution intensified the inhibitory effect on the
outward potassium ion channels, diminishing the current den-
sity to 13.35pA pF−1. Memantine reduced cytosolic calcium levels
to attenuate BK channel activation. The blocked slow activation
and non-activation of potassium channels suggest an antagonis-
tic interaction between memantine and elevated extracellular cal-
cium that affects potassium channels. This is possibly mediated
by downstream signaling pathways or calcium-dependent mech-
anisms. Further experimental investigation would be warranted
to understand the potential competitive interactions for develop-
ing memantine therapeutic strategies. When memantine is syn-
ergized with magnesium ions, its efficacy in inhibiting sodium
ion channels is enhanced (Figure 5f). Memantine reduced the
sodium ion current density by 3.85pA pF−1. Although Mg2+ ions
also serve as pore blockers for sodium channels, their dwell time
within the channel is shorter than that of memantine. Applying
a high-Mg solution resulted in a pronounced decrease in the in-
ward current to 1.83pA pF−1. The effect of Mg2+ on sodium ion
channels is use- and voltage-dependent. The inhibitory effect in-
tensified at higher channel activation frequencies and more depo-
larized membrane potentials. When memantine was combined
with a high-magnesium solution, the affinity of Mg2+ for the
sodium channel increased significantly, resulting in a marked re-
duction in the sodium current. Consequently, the current density
decreased further to 0.68pA pF−1. This synergistic effect resulted
in depolarization.

Based on the ion channel kinetics analysis results, current–
voltage (I–V) curves were plotted to illustrate ion channel dy-
namics and electrophysiological properties. The relationship be-
tween membrane potential and current through endogenous ion
channels is shown in Figure 6. Memantine shifted the activation
threshold, as evidenced by an increase in the potential threshold
from 0 to 20 mV (Figure 6a). The action potential is inhibited by a
more depolarized state for the ion channels to open. A 22% reduc-
tion (at 50 mV) in current density further indicated changes in
conductance and gating kinetics, suggesting voltage-dependent
inhibition of potassium channels. The high-calcium solution pro-
foundly affected the activation threshold of the endogenous ion
channels (Figure 6b). Obvious potassium channel currents man-
ifested only above 40 mV and show voltage-dependent conduc-
tance. Under high-calcium conditions, high ion channel conduc-
tance indicates a substantial number of calcium-activated ion
channels in HEK 293 cells, which are sensitive to memantine.
The I–V curve from the memantine and high-calcium solution
groups revealed an antagonistic interaction, suggesting down-
stream signaling pathways and calcium-dependent mechanisms
for endogenous ion channels.
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Figure 6. Dynamics of ion channels during memantine (abbreviated MNT in the figure) drug screening. Memantine represents the inclusion of 50 μM
memantine in the culture medium. The extracellular solutions contained 10 mm Mg ions or 20 mm Ca ions. The depicted outward current-voltage (I–V)
curves reflect the behavior of potassium (K+) ion channels under different conditions: A) MNT (n = 31) versus control (n = 28), and B) Ca (n = 24)
versus MNT+Ca (n = 26). Sodium ion channel activities are represented by the inward sodium (Na+) I–V curves for C) MNT (n = 27) versus control (n
= 20), and D) Mg (n = 22) versus MNT+Mg (n = 23). (The data are shown as means ± s.d.).

Memantine significantly inhibited the formation of sodium
ion channels during depolarization (Figure 6c). At 0 mV, the
current density in the control condition was markedly higher
than that in the memantine-treated condition. Additionally, the
negative peak was substantially reduced from −6.64 to −2.52
pA pF−1 in the presence of memantine. The observed changes
in inward (sodium) and outward (potassium) current densities
demonstrated an inhibitory effect on action potential depolar-
ization. In the magnesium-alone condition, the I–V curve con-
formed to the typical sodium ion channel behavior, with inward
currents at negative potentials and outward currents at positive
potentials (Figure 6d). The negative peak was reduced to −1.83
pA pF−1. The combined memantine and magnesium condition
resulted in a pronounced reduction in the inward current at all
potentials. The negative peak was further reduced to −0.67 pA
pF−1. Compared to the conditions shown in Figure 6b, the pres-
ence of magnesium necessitates a higher reversal potential. Ion
channels become more permeable to ions with positive equilib-
rium potentials such as sodium and calcium ions. This implied
substantial inhibition of sodium channel activation and a conse-
quential absence of action potentials. The I–V curves provide in-
sights into the voltage-gated characteristics of ion channels and
their activation and inactivation dynamics, suggesting that me-
mantine can modulate voltage-dependent inactivation/activation
and alter channel conductance.

3.2. Nanomatrix-Induced Cell Differentiation

The artificial intelligence framework demonstrated its capability
for effectively characterizing neurophysiological functions and

electrophysiological properties. The framework provides a novel,
efficient, and automatic method for ion channel kinetics anal-
ysis in electrophysiological research, validated using the newly
unseen whole-cell recordings from nanomatrix-induced differ-
entiation application. Parkinson’s disease is characterized by the
degeneration of dopaminergic neurons in the substantia nigra
(SN) neurons. We engineered inorganic sculptured extracellular
nanomatrices (iSECnMs) to specifically differentiate NSCs into
miniature SN-like structures (mini-SNLSs) intended for cell ther-
apies targeting Parkinson’s disease.[39] By applying the frame-
work to the iSECnMs-induced differentiation study, whole-cell
recordings were efficiently and accurately classified for the anal-
ysis of ion channel kinetics. The iSECnMs were sculptured into
three-pitch nanozigzags by glancing angle deposition (Figure 7a).
The induction of cell differentiation by iSECnMs is attributed
to its surface roughness or contact depth.[60–62] NSCs differenti-
ated on iSECnMs exhibited morphological traits of mini-SNLSs
(Figure 7b). Those cells exhibited more axon-like structures than
the cells on glass plates and were also thicker. These morpho-
logical differences indicate a more advanced functional matu-
ration of iSECnMs-induced differentiation. The iSECnMs en-
hanced focal adhesion and promoted increased physical con-
tact between the growing cells and the nanostructures. The dif-
ferentiation of iSECnMs results in neuronal somas that firmly
adhere to the substrate and the formation of synaptic connec-
tions by axons and dendrites. In contrast, the cells that differ-
entiated on glass plates did not exhibit neuronal characteristics.
The NSCs have the potential to differentiate into astrocytes. As-
trocytes are characterized by high levels of glial fibrillary acidic
protein (GFAP), whereas mini-SNLSs exhibit minimal GFAP.
Immunocytochemical analysis was performed to evaluate NSC
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Figure 7. Characterization of the specific phenotypic differentiation of NSCs by iSECnMs. A) SEM images of iSECnMs showing tilt and top views. The
zigzag pitch is approximately 170 nm, and the stiffness is 2.04 ± 0.22 GPa (Young’s modulus). B) NSCs were seeded on iSECnMs (left) and glass plates
(right, control group) to induce differentiation. NSCs morphology was monitored on the 14th day of culture via microscopy. Axon-like structures were
marked by white arrows. C) The differentiation of NSCs mediated by iSECnMs and control was determined using immunocytochemical analysis of GFAP
expression (stained in green). The fluorescence intensity was 12.85 A.U. for iSECnMs and 52.79 A.U. for the control. D) The classification results of ion
channel kinetics from recordings of differentiated NSCs, as analyzed by the artificial intelligence framework. E) Representative whole-cell voltage-clamp
recordings from differentiated NSCs on (i) iSECnMs, (ii) the control, and (iii) iSECnMs with TTX. F) Current density of differentiated NSCs on iSECnMs
and the control: outward K+ current density (left); and inward Na+ current density (right). G) I–V curves of inward current for the control (n = 12),
iSECnMs (n = 15), and TTX (n = 12). Normalized I–V curves of outward current for the control (n = 12), iSECnMs (n = 15), and TTX (n = 12). Data are
presented as means ± s.d.; *p < 0.05, **p < 0.01, ***p < 0.001.

differentiation (Figure 7c). iSECnMs tended to reduce the ex-
pression of GFAP compared to that in the control group. These
results indicate that iSECnMs direct cell differentiation toward
mini-SNLSs instead of astrocytes. Patch clamp experiments were
conducted on the two groups of differentiated cells, which yielded
88 recordings. Anomaly detection reduced the dataset to 54. Em-
ploying the framework for ion channel kinetics analysis resulted
in 39 recordings with high confidence (Figure 7d). The classified
recordings primarily fell into Categories I, III, and IV, and all four
recordings in Category V belonged to the control group. Category
V recordings revealed inconsistent potassium ion channel activ-
ity during the sustained phase, suggesting that the glass plate
caused limited differentiation. The absence of Categories II and
VI demonstrated the capabilities of iSECnMs-induced differenti-
ated neurons for action potentials. The distribution of recordings
across the categories indicated that normal physiological activi-
ties were maintained during differentiation.

Whole-cell voltage recordings conducted on iSECnMs-induced
neurons demonstrated clear inward sodium currents, indicating
depolarization, and outward potassium currents, indicating re-

polarization (Figure 7e). Voltage stimuli between 0 and 40 mV
produced five potassium response currents. The control group
exhibited a modest inward sodium current and potassium chan-
nel activation at 30–40 mV. These ion channel dynamics are
consistent with the conclusions regarding GFAP. To assess the
specificity of the sodium channels in iSECnMs-induced neurons,
50 nM tetrodotoxin (TTX) was added to the extracellular solu-
tion. TTX selectively blocks voltage-gated sodium channels, lead-
ing to the absence of an inward current. Consequently, the sub-
sequent repolarization was not fully initiated and was triggered
only at potentials ranging from 20 to 30 mV. Neurons differenti-
ated on the iSECnMs demonstrated functional properties, partic-
ularly action potential generation and nerve impulse conduction
(Figure 7f). The sodium ion channel contributes to the depolar-
ization of the action potential. The current density was−50.47 pA
pF−1, which is higher than the −31.85 pA pF−1 observed in the
control group. TTX suppresses cell excitability and action poten-
tial generation by blocking rapid sodium influx. The −38.56 pA
pF−1 caused by TTX indicated that the neurons contained voltage-
gated sodium channels involved in action potential initiation and
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propagation. Voltage-gated potassium channels are critical for
maintaining action potentials. The neurons exhibited K-current
densities as high as 75.94 pA pF−1. The control group showed
an undetectable potassium current. The blockade of sodium ion
channels by TTX impeded the complete opening of potassium
ion channels, yielding a reduced current density of only 42.20 pA
pF−1. The I–V curves indicate the ion channel dynamics for neu-
ronal functionality (Figure 7g). The action threshold for neurons
differentiated on iSECnMs is −30 mV, with the negative peak ob-
served at 0 mV. As the voltage was increased further, the sodium
ion channels gradually underwent inactivation. In comparison,
the control group exhibited sodium ion channel activity, which is
uncharacteristic of action potentials. The behavior of potassium
ion channels reinforced this finding. In the control group, the
potassium ion channels were activated only at voltages exceed-
ing 20 mV. The notable shift of 0.51 observed at 20 mV indicated
a deviation from the standard neuronal potassium ion channel
dynamics. The observed shifts of 0.51 to iSECnMs-induced neu-
rons and 0.26 to the TTX condition at 20 mV indicate deviations
from typical neuronal potassium ion channel dynamics.

4. Discussion

Our artificial intelligence framework has effectively advanced the
ion channel kinetics analysis of whole-cell recordings by com-
bining anomaly detection with a deep learning classifier. Previ-
ous approaches have predominantly focused on the evaluation
of individual ion channels while our approach captures the col-
lective behavior and interactions of multiple ion channels.[18,63]

The identification of spatiotemporal patterns and features in
whole-cell recordings provides a comprehensive and accurate
assessment of cellular electrical properties for drug screening,
pathophysiological studies, and neuronal functional characteri-
zation. For model development, HEK 293 cells were employed
due to their status as a well-established and widely utilized model
system in electrophysiological research.[64–67] This cell line pro-
vides a consistent and reproducible platform for the study of
ion channel physiology, pharmacology, and the cellular mecha-
nisms underlying electrophysiological processes.[68–72] HEK 293
cells express a diverse array of functionally significant endoge-
nous ion channels, such as voltage-gated potassium channels,
voltage-independent chloride channels, transient receptor poten-
tial channels, and store-operated channels.[73,74] The comprehen-
sive kinetic data obtained from whole-cell recordings of HEK 293
cells ensures the generalizability of the trained model, as demon-
strated in the four practical applications. In the validation stage of
model training, the validation accuracy increases rapidly during
the initial epochs and gradually plateaus at 98.98% (Figure S5,
Supporting Information). This learning curve suggests that the
model is performing well without significant overfitting or under-
fitting. The testing accuracy of 97.58% indicates the model’s gen-
eralization performance on new, previously unseen recordings.
In practical use cases, a comparison of the model-generated con-
fusion matrix with expert-annotated results shows that the deep
learning model achieves an accuracy of 97.01% for ion channel
kinetics analysis in drug screening and 92.31% for nanomatrix-
induced differentiation. The artificial intelligence framework in-
novative integrates anomaly detection and deep learning clas-
sifier. KNN-based anomaly detection enhances data quality by

accurately identifying and filtering out anomalous recordings.
1DCNN-BiLSTM-Attention classifier addresses ion channel ki-
netics of whole-cell recordings by combining multiple architec-
tures. The 1D convolutional layers effectively extract spatial fea-
tures from the recordings, and capture ion channel activation and
inactivation. The BiLSTM layers model the long-range temporal
dependencies present in the recordings. The attention mecha-
nism allows the model to focus on the most relevant input fea-
tures when making predictions. The proposed 1DCNN-BiLSTM-
Attention model shows state-of-the-art performance compared
with the previous algorithms and models.[56–62] The novel design
of the framework and the incorporation of diverse kinetics for
model training could meet the current electrophysiological de-
mand for the development of effective and accurate patch clamp
recording analysis.

This study has demonstrated for the first time that artificial
intelligence enables ion channel kinetics analysis of whole-cell
recordings for practical applications. Four distinct applications
underscore the versatility and real-world impact of the artificial
intelligence framework. In Alzheimer’s disease drug screening,
the framework reveals intricate interactions between memantine
and endogenous ion channels. This application suggested poten-
tial pathological pathways for drug development. The iSECnMs
have been utilized to facilitate neuronal differentiation in vari-
ous neuroscience studies.[75–78] The iSECnMs are hypothesized
to collectively influence cell behavior through their geometrical
profile, contact depth, and surface roughness.[60–62] Due to struc-
tural constraints, contact depth is employed as a surrogate metric
for evaluation. In the nanomatrix-induced NSCs differentiation
experiments, the framework enhances the efficiency and accu-
racy of characterizing neurophysiological functions and electro-
physiological properties, providing a novel method for signal pro-
cessing in electrophysiology research. Additionally, we conducted
two neuronal experiments utilizing the framework to classify dis-
tinct ion channel kinetics (Section S2, Supporting Information).
The whole-cell recordings were sourced from commonly used
public datasets obtained from other research groups. The artifi-
cial intelligence framework accurately classified the A-type potas-
sium activity of 𝛾-aminobutyric acid (GABA) interneurons with
100% accuracy and achieved 93.33% accuracy in identifying fast
inactivation potassium channel activity in serotonin (5-HT) neu-
rons. These new results further verify the model’s generalization
and success across different recording signals. The demonstra-
tions adhere strictly to standard deep learning producers by em-
ploying three types of data: 1) well-established whole-cell record-
ings, 2) public datasets of whole-cell recordings, and 3) newly
unseen whole-cell recordings.[79–81] The well-established whole-
cell recordings facilitate robust classification through diverse and
high-quality data, and enable the development of state-of-the-
art models with proven performance. Well-established whole-cell
recordings were obtained from drug screening for Alzheimer’s
disease. The kinetic data validated the accuracy and reliability
of our artificial intelligence framework in the analysis of mul-
tiple ion channel kinetics. Public datasets in deep learning de-
velopment promote reproducibility, ensure consistency, and fa-
cilitate comparability. The public datasets results verified the
model’s ability to identify different recording signals and pro-
vided a consistent standard for evaluating performance. Newly
unseen whole-cell recordings were utilized to assess the model’s
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performance, generalization capabilities, and proficiency in man-
aging real-world scenarios. The framework characterized neu-
rophysiological functions and electrophysiological properties in
the nanomatrix-induced differentiation, indicating its effective-
ness and generalizability in predicting real-world applications.
To achieve the generalizability of the trained model, we designed
four whole-cell voltage-clamp protocols to evoke diverse ion chan-
nel activities, resulting in six representative categories of whole-
cell recordings (Figure S1, Supporting Information). Variations
in cellular physiological states and experimental conditions can
cause identical protocols to produce different response currents.
For instance, in drug screening, two protocols generated record-
ings across all six categories, whereas another two protocols for
matrix-induced differentiation resulted in recordings within four
categories (Figure S2, Supporting Information). These practical
applications clearly demonstrate the great potential of our artifi-
cial intelligence framework for the achievement of efficient and
accurate kinetics analysis in subjects with electrophysiology.

Although our results are promising, there are some
limitations. The performance of the artificial intelligence
framework depends on the quality and diversity of the training
data. Expanding the dataset to include a broader range of cell
types and conditions may further improve its accuracy and
generalizability. The patch clamp technique has multiple config-
urations and methods for various studies, such as current-clamp
recording and patch-sequencing.[82,83] Future development will
also investigate the applicability of this framework to compre-
hensive applications. Additionally, exploring the integration of
other deep learning architectures and techniques may yield even
more robust frameworks.

5. Conclusion

In this study, we present a novel artificial intelligence frame-
work for the ion channel kinetics analysis of whole-cell patch
clamp recordings. The framework consists of anomaly detection
and a deep learning model. KNN-based anomaly detection ef-
fectively excludes recordings that deviate from the expected ion
channel kinetics with an accuracy of 97.22%. Anomaly detection
ensures that the deep learning model is trained using a reliable
dataset. The 1DCNN-BiLSTM-Attention deep learning model ac-
curately identifies ion channel behaviors and cellular electrophys-
iological properties. We demonstrate a classification accuracy of
97.58% across 124 recordings spanning six categories. The effi-
cacy of the framework is demonstrated through its application
in drug screening for Alzheimer’s disease and characterization
of matrix-induced stem cell differentiation. In the drug screen-
ing study, the framework revealed the inhibitory effects of me-
mantine on endogenous ion channels in HEK 293 cells. These
findings provide insights into potential therapeutic pathways and
calcium-dependent interactions. Additionally, the framework val-
idates the functional properties of dopaminergic neurons differ-
entiated from NSCs on nanostructured matrices. The utility of
characterizing cellular differentiation protocols is also discussed.
The artificial intelligence framework offers a precise, automated,
and efficient method for classifying cellular ion channel behav-
ior, thereby addressing the critical need for rapid and accurate
data analysis in electrophysiological research. Its application has
promising implications for accelerating progress in drug discov-

ery, disease modeling, and the development of therapeutic strate-
gies.

6. Experimental Section
Patch Clamp Recording: Whole-cell voltage-clamp recordings were col-

lected using an automated patch clamp system.[84]

For the development of the artificial intelligence framework, HEK 293
cells were employed to obtain recordings as a dataset for training and vali-
dating the artificial intelligence framework. The dataset for anomaly detec-
tion training contained 240 recordings, and the testing dataset included
144 recordings. For multi-class classification, 139 recordings spanning
six categories were used for training, and the testing set comprised 124
recordings. The protocols were shown in Section S1, Supporting Informa-
tion. For the multi-class classification, the whole-cell recordings in Cate-
gories I, II, and V were obtained using Protocol I. The distinct ion channel
activities arise from different cellular physiological variations and states.
Protocols II, II, and IV were used to obtain whole-cell recordings for Cate-
gories III, IV, and VI, respectively. For anomaly recordings, Protocol I was
used to capture typical anomalous ion channel activity in Anomaly signals
I, II, and III. Anomaly Signal IV was obtained by Protocol IV to investigate
the inconsistent ion channel activity. The intracellular solution contained
(in mm): 75 KCl, 10 NaCl, 70 KF·2H2O, 2 MgCl2, 10 EGTA, and 10 HEPES,
and the pH value was adjusted to 7.2 with KOH. The extracellular solution
compounds were (in mm): 160 NaCl, 4.5 KCl, 1 MgCl2, 2 CaCl2, 5 glucose,
and 10 HEPES. The pH value was adjusted to 7.4 with NaOH.

For the drug screening study, a total of 292 recordings were obtained us-
ing two voltage-clamp protocols to investigate the effects of memantine,
magnesium, and calcium on sodium and potassium ion channel activi-
ties. Protocols VII and VIII were utilized to assess potassium and sodium
ion channel activities, respectively. Patch pipettes were filled with intracel-
lular solution (in mm): 6 KCl, 4.6 MgCl2, 1.1 CaCl2, 113 K-gluconate, 4
Na2-ATP, 0.4 Na2-GTP, 10 EGTA, and 10 HEPES, and the pH value was
adjusted to 7.3 with KOH. The extracellular solution consisted of (in mm):
138 NaCl, 5.3 KCl, 0.5 MgCl2, 0.4 KH2PO4, 0.3 Na2HPO4, 4.2 NaHCO3,
0.4 MgSO4, and 2 CaCl2. The pH value was adjusted to 7.4 with NaOH.
Memantine was purchased from Anaqua, Hong Kong (98% purity). Me-
mantine was dissolved to a concentration of 100 mm and stored at−20 °C.
During experiments, the memantine solution was dissolved in an extracel-
lular solution and tested at concentrations of 50 μM. Magnesium chloride
and calcium chloride were used to alter the Mg2+ and Ca2+ concentrations
in the extracellular solution.

For the nanomatrix-induced differentiation of NSCs, 88 recordings were
obtained from both the iSECnM group and the control group. Two voltage-
clamp protocols were employed to identify neuronal functional properties
and classify electrophysiological characteristics. The voltage-clamp proto-
cols are shown in Figure S2, Supporting Information. The intracellular so-
lution included (in mm): 107 KCl, 1.2 MgCl2, 1 CaCl2, 10 EGTA, 5 HEPES,
and 3 Mg-ATP, and the pH value was adjusted to 7.3 with KOH. The ex-
tracellular solution consisted of (in mm): 150 NaCl, 5 KCl, 1 MgCl2, 2 m
CaCl2, 10 glucose, and 10 HEPES. The pH value was adjusted to 7.4 with
NaOH.

HEK 293 Cell Culture for Framework Development: HEK 293 (ATCC,
CRL-1573) cells for the ion channel kinetics analysis framework de-
velopment were maintained in Dulbecco’s Modified Eagle Medium
(DMEM)/F12 with GlutaMAX (Thermo Fisher Scientific, 10565018) sup-
plemented with 10% fetal bovine serum (FBS; Thermo Fisher Scientific,
A3160801), 1 × Penicillin-Streptomycin-Neomycin (PSN) Antibiotic Mix-
ture (Thermo Fisher Scientific, 15640055) at 37 °C in a 5% CO2 incubator.

Cell Culture for Drug Screening: HEK 293 (ATCC, CRL-1573) cells for
the drug screening study were maintained in DMEM (Thermo Fisher Sci-
entific, 12430054) supplemented with 10% FBS and 1 × PSN Antibiotic
Mixture at 37 °C in a 5% CO2 incubator.

NSC Isolation and Cell Differentiation: The NSCs were isolated from
Sprague–Dawley rats (Chinese University of Hong Kong) and cultured in
neurobasal medium (ThermoFisher Scientific, 21103049) supplemented
with 10% FBS, 2% B-27 supplement (Thermo Fisher Scientific, 17504044)
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and 1 × PSN Antibiotic Mixture at 37 °C in a 5% CO2 incubator. For dif-
ferentiation, the cells were cultured on silica nanomatrices using a neu-
robasal medium supplemented with 10% FBS and 1 × PSN Antibiotic Mix-
ture at 37 °C in a 5% CO2 incubator. The silica nanomatrices consisted of
SiO2-NZ245-N3. The neural stem cells were seeded on the nanomatrix as
the experimental group and glass plates as the control group.

Generalizability of the Deep Learning Model to Other Neurons: The deep
learning model demonstrated its generalizability in the ion channel kinet-
ics analysis of GABA interneurons and 5-HT neurons (Section S2, Support-
ing Information). The whole-cell recordings come from commonly used
public datasets obtained from other research groups.[85] GABA interneu-
rons are widely distributed throughout the brain and spinal cord, regulat-
ing neuronal excitability and maintaining the balance between excitation
and inhibition within neural circuits.[86,87] Axons of 5-HT (serotonin) neu-
rons project to various regions of the brain and spinal cord, significantly
influencing mood regulation.[88,89] The deep learning model analyzed the
response currents from A-type voltage-gated potassium channels in GABA
interneurons and successfully classified the recordings into Categories I,
II, and III with 100% (13/13) accuracy. The deep learning model investi-
gated the fast inactivation potassium and non-inactivation channels in-
volved in the signaling transmission of 5-HT neurons. It identified dys-
functional ion channel activity with 93.33% (14/15) accuracy, specifically
noting the absence and partial activation delays of fast inactivation potas-
sium channels.

Immunofluorescent Staining of Differentiated NSCs: The cells were fixed
with 4% paraformaldehyde (Sigma, PFA) for 30 min at 25 °C. Next, spe-
cific dilutions of the primary antibody were incubated overnight at 4 °C
in phosphate-buffered saline containing 0.1% Triton X-100 (Sigma) and
2% normal goat serum (Vector Laboratories). Subsequently, the cells were
stained with specific secondary antibodies for 3 h at 25 °C. After staining,
the cells were mounted with a fluorescence mounting medium (Dako) and
immunoreactivity was visualized using a confocal microscope (FluoView
FV1000, Olympus). The primary antibody used in this study was anti-GFAP
(1:500, AB5804, Millipore).

Statistical Analysis: Results were presented as mean ± standard de-
viations (s.d.). Student’s t-test was used to test the differences between
two groups affected by a single variable. ANOVA with multiple compari-
son tests were used to compare multiple groups. All data were analyzed
by Python using NumPy and pandas. Statistical significance was defined
as *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. Details of the n
number can be found in the appropriate figure legend. ImageJ (National
Institutes of Health, USA) was used for immunocytochemical analysis and
cell counting analyses. Detailed statistical values can be found in the figure
legends.
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the author.
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