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Abstract

Bioelectronics presents a promising future in the field of embedded and implantable electronics,
providing a range of functional applications, from personal health monitoring to bioactuators.
However, due to the intrinsic difficulties present in producing and optimising bioelectronics,
recent research has focused on utilising machine learning to reliably mitigate such issues and
aid in process development. This review focuses on the recent developments of integrating
machine learning into bioelectronics, aiding in a multitude of areas such as: material
development, fabrication process optimisation and system integration. First, discussing how
machine learning has aided in the materials development by identifying complex relationships
between process input parameters and desired outputs, such as product design. Second,

examine the advancements in machine learning to accurately optimise fabrication precision
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and stability for various 3D printing technologies. Third, provide an overview of how machine

learning can greatly assist in the analysis of complex, non-linear relationships in data obtained
from bioelectronics. Lastly, a summary of the challenges present with utilising machine
learning with bioelectronics and any other developments in this field. Such advancements in
the field of bioelectronics and machine learning could hopefully build a strong foundation for
this research field, promoting smart optimisation together with effective use of machine
learning to further enhance the effectiveness of such applications.

Impact statement:

The article serves to give insight about the use of the machine learning techniques in the field
of bioelectronics. Since bioelectronics and machine learning are two distinct fields. This paper
allows bioelectronics researcher to get to know the latest advancement in the machine learning
field. On the other hand, the paper provides an insight to the machine learning researchers about

how machine learning techniques can be useful in bioelectronics applications.

1. Introduction

Bioelectronics describe a discipline that crosses over between electronics and biological
systems. The field can be broadly categorised into actuators and sensors, targeting biological
systems from micro to macro level. From cell to tissue/organ and even to the macroscale
movement of muscles, development of bioelectronics at different scale level is growing rapidly.
The boundary that highlight bioelectronics from micro/nano electro-mechanical devices is
when the former is a biological or biochemical forward device. Energy harvester, also known
as triboelectric nanogenerator, scavenges human body energy as useful electrical power (1, 2)

Bioelectronics, that are intend to receive information from the biological system, are designed
to function as recording devices or sensors capturing the electrochemical changes in
cells/tissues. For instance, cells in the nervous system communicates based on ionic fluxes,
which can be detected as electrical potentials by the electrodes. Soft bioelectronics with
mechanical properties that matches closely with the biological tissues are widely used such as

the metabolite sensing for personal health monitoring and electrophysiological recording.
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Multi-functional bioelectronics, specifically in the form of wearable and implantable devices,

have gained research interests as theragnostic tools in modern healthcare (3-6). Self-powered
sensing platforms that harvest energy from motion (e.g. heartbeat, respiration) or chemical
reaction (e.g. redox reaction) (5, 7, 8). Transient technology is an emerging class within
bioelectronics that focuses on degradable devices and systems. The interest lies in implanting
these devices for a specific timeframe, and eventually resolve into biological system without
the need of secondary surgeries for removal. In transient bioelectronics, biodegradable
polymeric materials form the substrate material as it interfaces better with biological tissue.
These polymers can be either natural (e.g. silk, collagen, alginate, chitosan, decellularized
matrices) or synthetic (e.g. PGA, PLA, PLGA, PCL, PVA) (9-16). On the other hand,
biodegradable metals, such as magnesiuim, iron, zinc and their alloys, are explored for its use
as the electronic components of these transient devices (10, 11, 15-18). For reviews on
materials and systems for biodegradable electronics, readers are referred to the following
articles (19-24).

Machine learning has been used to improve the design and fabrication process in bioelectronics
with the help of large dataset and the constantly improving computing power. In this review,
we provide a brief introduction on the different machine learning approaches. Next, we identify
key areas in which machine learning can broaden the field of bioelectronics specifically in
material development, fabrication process optimization and system integration. We first
identify the “What” in aspect of materials used in bioelectronics as wearable and implantable
devices. Secondly, we discuss the “How” in terms of fabricating bioelectronics. We will
highlight key processes used for fabricating electronics and bioelectronics. Thirdly, we
demonstrate how machine learning are introduced in the three aspects: material development,

process optimization, and system integration.

2. Machine Learning Techniques

Machine learning is a powerful tool that can extract useful information efficiently from large
datasets. Machine learning is a subset of artificial intelligence which can learn from existing
data to make decision on new data. Through iteration of algorithms, machine learning
techniques identify the statistical relationship between the fed data, resulting in a generalized

model which can be used to predict the result of new input. There are three basic approaches
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to machine learning, supervised learning (25), unsupervised learning (26, 27), and

reinforcement learning (28-30). The flowchart depicting the steps for these approaches is
visualized in Figure 1 (a), while the examples are shown in Figure 1 (b).

Supervised learning is the most used approach of machine learning. The algorithm draw
relationship from existing data with labeled output, which is then used to predict the output for
given input. Two common usage of supervised learning is in regression and classification. In
regression, an output value can be predicted from the input, such as predicting the housing
price from the given number of rooms, size of each room, availability of garden, and the
location of the property. In classification, the output is a class instead of a value, such as in
image recognition to identify the object in the image, or to detect if an email is a spam.
Examples of supervised learning algorithm are linear regression, logistic regression, support
vector machine (31), decision trees (32), random forest (33), artificial neural network (ANN)
(34, 35), naive Bayes (36), AdaBoost (37), and ensemble method (38). Table 1 highlights the

advantages and disadvantages of various supervised learning techniques
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Figure 1: (a) Flowchart for supervised learning, unsupervised learning, and reinforcement

learning. (b) Examples for various approaches of machine learning

Table 1 Summary of various supervised learning techniques

ial Regression

Fast training time.
Resultant model is
easy to understand.

Supervised Type Advantages Disadvantages
Learning

Techniques

Linear/Polynom | Regression Easy to implement. Inaccurate if the data

does not have a linear
or polynomial
relationship.

Machine (SVM)

overfitting when
compared to logistic
regression.
Resultant model is
easy to understand.

Logistic Classification Easy to implement. Inaccurate if the data
Regression Fast training time. have a complex
Resultant model is relationship.
easy to understand. Can easily overfit.
Generic logistic
regression will only
differentiate between
2 categories.
Support Vector | Classification Lower risk of Computationally

expensive.

Generic SVM will
only differentiate
between 2 categories.

Decision Trees

Regression/Classificat
ion

Can differentiate
between multiple
categories.
Resultant model is
easy to understand.

Will be overfit easily
with non-optimal
parameters.
Unstable.

Bad at extrapolation.

with multiple models
involved.

Naive Bayes Classification Low sample size Assume that classes
needed. are mutually
Good for large exclusive.
datasets. May have wrong
Usable for both binary | prediction where there
and multi-class are unfamiliar
datasets. features to a class.
Less prone to overfit.
Fast training time.
Ensemble Regression/Classificat | Very high accuracy Computationally
Method ion compared to all the expensive.
previous models. Difficult to
Can describe datasets | implement.

Difficult to interpret.
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Random Forest

Regression/Classificat
ion

Ensemble method for
decision trees. Higher
accuracy and less
prone to overfitting
than decision trees.
Good for large
datasets.

Training can be
parallelized.

Computationally
expensive.

The resultant model is
very complex and
difficult to read.

Adaboost

Regression/Classificat

Ensemble method for

Computationally

ion decision trees. expensive.
More accurate than Bad at generalizing
Random Forest. noisy data.

Artificial Neural
Network (ANN)

Regression/Classificat
ion

Can detect complex
relationship between
datasets.

Easy to implement.
Modular and high
expandability.

Can learn from
previous knowledge
(transfer learning).

The resultant model is
usually a black box
and has very low
readability.
Computationally
expensive for
complex model.

Unsupervised learning extracts the features out of the unlabeled dataset for various purposes
such as clustering them into multiple groups or for dimensionality reduction. This technique is
commonly used in classifying the customer into different groups based on their similarity,
identifying particles in a microscopy image, anomaly detection, and reducing the amount of
input variables in a dataset by identifying the more important features. Examples of
unsupervised learning algorithms are K-means (39, 40), principal component analysis (PCA)
(41-43), and singular value decomposition (SVD) (44). Table 2 highlights the advantages and

disadvantages of various unsupervised learning techniques

Table 2 Summary of various unsupervised learning techniques

Name Type Advantages Disadvantages
K-Means Clustering Simple to implement. Number of clusters (k) have
Scalable to large datasets. to be manually chosen

before starting the training.
Affected by outliers.

Principal Dimensionalit | PCA is used before other ML | Some information is

Component y Reduction methods to: removed after PCA.

Analysis (PCA) e Remove correlated Lower readability for ML

features. models because the original

features are not retained.
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e Reduces overfitting.

e Improve performance

of training.
Singular Value Dimensionalit | Can be used in multiple Computationally expensive.
Decomposition y Reduction fields.
(SVD) e Solution to linear

equations.

e Filter of noisy signals.
e Time series analysis.

Reinforcement learning is an approach where the algorithm maximizes the cumulative reward
function. While in supervised learning the prediction is compared to the correct output, in
reinforcement learning has a reward function to quantify how successful is the current output
or decision instead. The algorithm optimizes its decision after every iteration. Unlike
supervised learning and unsupervised learning where the inference is made after the training is
completed, the training can be continued during usage in reinforcement learning to improve
the model. A few examples of reinforcement learning are the translation program, self-driving
car, Al for board game such as AlphaGo (45), and automation in industry. The algorithms
commonly used for reinforcement learning are Markov decision process (46), Q-learning (47),
Monte Carlo, and deep reinforcement learning (28). Table 3 highlights the pros and cons of the

various reinforced learning techniques.

Table 3 Summary of the various reinforced learning techniques

Reinforced Types Advantages Disadvantages
learning
techniques
Markov Decision | Reinforceme | Learn the best strategy Not usable when there
Process nt Learning when the probability of are undefined
each action is known. probabilities, rewards, or
penalties.
Q-Learning Reinforceme | Learn the best strategy Only works if the

nt Learning when some probabilities, | environment is discrete
rewards, and penalties are | and finite.

unknown.
Monte Carlo Reinforceme | Estimate the full range of | Computationally
nt Learning potential outcomes in a expensive.
model.
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Deep Reinforceme | Scalable and modular. Computationally
Reinforcement nt Learning Have higher accuracy in | expensive for complex
Learning complex problems. model.
The resultant model is a
black box.

| |
(a) - O O | (b)
I |
i Q Q i Output Layer °
| |
O —( O ®
- | - | Hidden Layer ‘
O —QO O
| |
NE, o
' : Input Layer °
| |
O O
Input Layer Hidden Layer Output Layer
(c)
Fully
Input Layer 15@10x10 16@5x5 Connected
= Layer
32x32 6@28x28 @ 1ax14 DDD 1x120 1)(\:34 -
i . \ 1x10
ﬂ %{%@J - "Dur \\_\
I {; B UDU
Convolution Subsampling ‘ “a
(5x5) Convolution sub i Convolution
(5%5) ubsampling (5x5)

Figure 2 (a) Schematic for deep neural network (DNN). (b) Schematic for recurrent neural network (RNN). (c) Schematic for
convolutional neural networks (CNN), the architecture shown is LeNet-5 (48).

Aside from the classical machine learning technique, deep learning is a booming sub field of
machine learning as it can take advantage of the dramatic increase in the computational power
and the availability of massive data (49). Deep learning outperforms classical machine learning
technique in many applications, such as in image (50-52), speech recognition (53, 54), natural
language processing (55), and translation (56). Deep learning use multiple neuron layers to
process the input, which each layer containing simple but nonlinear module to transform the
representation from previous layer into a more abstract representation at higher level (49). By
rearranging the modules, deep learning can process a wide variety of data for different purposes.

For example, deep neural network (DNN) can accept multiple variables and correlate it to
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single or multiple outputs (49), convolutional neural network (CNN) is able to extract feature

from spatial relation between data such as images (57), recurrent neural network (RNN) can
store state from previous input to process a series of data such as time series, sentences, or
speech recognition (58). Schematics for DNN, RNN, and CNN is shown in Figure 2. The

comparison of classical machine learning and deep learning is demonstrated in Table 4.

Table 4: Advantages and disadvantages of classical machine learning and deep learning.

Classical Machine Learning Deep Learning
Advantages Fast. Good scalability.
Require low sample size. Remarkably modular.

Higher accuracy when large

sample size is given.

Disadvantages Low scalability. Lower performance compared to
classical machine learning at

low sample size.

3. Materials, Process, System in Bioelectronics
3.1 Materials in Bioelectronics

Mechanical mismatch between implants and tissues can result in failure of devices, as in the
case of implantable devices. Similarly in tissue engineering application, one of the critical
consideration in engineering biomaterials is to match mechanical compliance with host tissue.
Polymeric materials such as polyimide (59, 60), parylene C (61-63), and Polydimethylsiloxane
(PDMS) (63, 64) have been used to reduce the modulus gap between tissue and devices.
However, these polymeric materials with Young’s moduli of MPa to GPa differs to biological
tissue in the kPa to MPa range (65). As such, hydrogels have attracted growing interest as
substrates with conformability and similarity to biological tissues for use in bioelectronic (65).
Synthetic hydrogel such as Polyacrylamide (PAm), polyvinyl alcohol (PVA), polyacrylic acid

(PAAC) have been widely used in bioelectronics (66).

Conformal and stable attachment between bioelectronic device and target tissue is essential,
which has been shown to be generally limited to thin devices of less than 5 um thick with the

use of hydrogel as substrate materials for bioelectronic devices. However, recent advancements


https://doi.org/10.1089/ten.tea.2022.0119

This is the accepted version of the following article: Machine Learning for Bioelectronics on Wearable
and Implantable Devices: Challenges and Potential, which has now been formally published in final
form at Tissue Engineering Part A at https://doi.org/10.1089/ten.tea.2022.011. This original
submission version of the article may be used for non-commercial purposes in accordance with the
Mary Ann Liebert, Inc., publishers’ self-archiving terms and conditions.

have allowed for a larger variation in dimensionality of hydrogel substrates(67) while retaining

high patterning resolutions (68). Notably, Won et al. have demonstrated a wide range of
tuneable variables within conductive hydrogel layers(68) by utilising a mixture of polyvinyl
pyrrolidine (PVP) stabilisers and gold nanoparticles (AuNPs) within a poly(3,4-
ethylenedioxythiophene):poly(styrene sulfonate) (PEDOT:PSS) hydrogel substrate.

Pairing this with the improvements in nanowire stability, especially in copper-based nanowires
(69), and unique bioelectronic designs such as kirigami-inspired flexible electronics (70), a
high degree of control can be attained in mechanical properties of bioelectronics while not
compromising on biocompatibility. Recent studies such as gold-coated copper nanowires(71)
or gold-coated polyurethane nanowires (72) are good examples of newer composite nanowires

that could also be incorporated into such hydrogels.

Encapsulation of hydrogel is used to prevent drying of gel which impacts its resistivity and
geometry. Sai devised a strategy that incorporates polyurethane monomers in hydrogel as
mixture, which upon ultraviolet (UV) irradiation forms a skin-like interface that protects the
hydrogel from its environment (73). The electrical conductivity of hydrogel was preserved with
the present of polyurethane skin.

Bioadhesives have been researched to mitigate challenges at the interface of bioelectronic
devices with tissues and organs. Other than conformability of hydrogel with the geometry of
surface, the interfacial adhesion between hydrogels and biological tissues ensures that there is
close contact between bioelectronic device and the biological system. Hydrogels with
functional groups such as hydroxyl, ether, amino, carboxyl or catechol groups, form good
adhesiveness with tissue surfaces through imine, amide or other covalent bonds. Other non-
covalent interactions, such as hydrogen bonding, n—m interactions, and mechanical interlocking,
also offers ways to improve performance of bioelectronic (74). Some considerations for
formulating bioadhesives are the performance under wet environment, rapid adhesion

formation process, ease of handling, high electrical conductivity and low impedance.

Conductive hydrogels used in bioelectronics are broadly classified into ion-conductive and
electro-conductive (75). Mobile ions present in ion-conductive hydrogels are introduced with
salt, acid or ionic liquids. lonic movement in these conductive hydrogel is similar to ion
transportation in biological tissue. On the other hand, electro-conductive hydrogel comprises

of either intrinsically conductive polymers such as polyaniline (PANI), Poly(3,4-
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ethylenedioxythiophene):poly(styrene sulfonate) (PEDOT:PSS), polypyrrole (PPy) or

introducing conductive fillers such as carbon nanotubes, graphene, metal nano-/micro-particle
into the matrix. One of the challenges in hydrogel-based bioelectronics is the need to prevent
drying of gel, thereby preserving its electrical conductivity. Sai devised an encapsulation
strategy that incorporates polyurethane monomers in hydrogel as mixture, which upon UV
irradiation forms a skin-like interface that protects the hydrogel from its environment (73). This

helps preserve the conductivity and integrity of the gel.

Hydrogel remains an attractive material as the substrate for bioelectronics due to its
conformability, bioadhesiveness and conductivity. Deng et al showed that hydrogel-based
bioelectronics are capable of high electrical conductivity with low impedance at
physiologically relevant frequencies (76). The conformal and adhesiveness of device with
epicardia tissue allow bidirectional bioelectronic communication and stable epicardial ECG
recording of beating heart. Apart from recording and stimulating biomedical devices, hydrogel-
based bioelectronics offer an innovative therapeutic solution in healthcare. Kai demonstrated
that ionic current from the bioelectronic device, known as bioplaster, accelerated skin wound
healing (77). Electrical stimulation promotes cell migration, which enhances the rate of wound
closure. Additionally, the hydrogel-based device encourages moist healing, which improves

the final appearance of healed skin.

3.2 Design and Fabrication of electrodes, sensors, and devices for bioelectronics

Design and fabrication are closely connected in the development of bioelectronics. Fabrication
techniques that efficiently and reliably transfer microelectronic capabilities onto conformable
substrate would help advanced development of bioelectronic devices. The overall goal is to
have better biointegration at the machine-device interface, bidirectional modalities, and higher
spatiotemporal resolution. Microtechnology such as lithography have been paramount to the
successful fabrication of these microdevices (78).

Electrodes are essential components for bioelectronics as they are used for electrical
stimulation and sensing purposes. Electrical stimulation refers to a process whereby electrical
signals such as voltage or current are transmitted to the cells or tissues for purposes such as

accelerating the wound healing process, enhancing cell proliferations, and guiding cell
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alignment. In contrast, bioelectronic sensing refers to a process of acquiring physiological

information such as the pH, temperature, and strain from the cells, tissues, or the body for
monitoring purposes. Regardless of the types of applications, it is required that the electrodes
are electrically conducting so that electrical signals such as voltage and current can be
transmitted from or to the host cell/tissues. Usually, these electrodes vary in terms of the
electrode materials and the designs depending on the applications. As a result, different
fabrication approaches have been developed and utilized for the fabrication of electrodes for
bioelectronics. In this section, we will be discussing the different types of materials, designs,
and fabrication methods of electrodes for bioelectronics and their respective pros and cons will

be elucidated.

Generally, bioelectronics electrodes can be grouped into wet electrodes and dry
electrodes, and they are usually flat or 2-dimensional. Depending on the types of the electrodes,
the materials and the fabrication methods used will differ. Traditionally, wet electrodes are
regarded as the gold standard for electroencephalography (EEG) applications and are widely
used in the medical field and scientific laboratory (79). Usually, they are used in applications
where liquid electrolytes are required for ion transports or sensing purposes. In this case, the
wet electrodes are usually made up of electrically conducting gel that can conform to the skin,
therefore enhancing the electrical contact between the skin and the electrode. Conducting gels
are usually made up of a mixture of hydrogel and conductive materials such as metal
nanoparticles or conductive polymers (80). In general, conducting gels can be prepared in 3
different ways, namely 1) templated conducting hydrogel, 2) deposition of conducting material
in hydrogel, and 3) conducting hydrogel formed from a mixture of precursors. The templated
conducting hydrogel fabrication method prepares the hydrogel by using a sacrificial material
to form nano conduits that allows the conducting material to sip into the hydrogel after the
sacrificial material is removed. The second method prepares the conducting hydrogel by first
dehydrating the hydrogel to remove the water content and then followed by the absorption of
conducting solution by the hydrogel to turn it conducting. In the third method, the hydrogel
precursor and the precursor for the conducting material are mixed and then subsequently
polymerized together. Despite the wet electrodes are advantageous in terms of the electrical

impedance, however, wet electrodes often cause discomfort to the users.
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Dry electrode, on the other hand, do not have a conducting gel layer, thus giving better

comfort to the users when wearing the electrodes (79). In fact, dry electrodes do not work in
absolute dryness as sweat and electrolytes from the skin is always present, thus reducing the
skin impedance. Dry electrodes are usually made up of conductive materials and they can be
produced using different fabrication techniques such as layered coating (81), wet etch method
(82), maskless photolithography (83), photon based direct patterning using laser (84-86),
intense pulsed light (IPL) (87) and 3D printing (88). Comparing to wet electrodes, dry
electrodes usually suffer from high skin/electrode impedance which brings about negative
impact on the performance of the electrodes. Besides, dry electrodes are prone to noise due to
the poor contact with the skin. Therefore, a semi-dry electrode seems to be a promising option
to achieve low skin impedance and good user comfort. Semi-dry electrode designs usually
contain a small reservoir to contain a small about of saline that can be released to the skin
interface at a controlled rate. Porous ceramic material can be used in the wet electrode to control

and release the saline to the conductive gel from the reservoir.

Conventionally, the designs of the electrode and sensors are generally planar or 2-dimensional.
Such planer electrode and sensor designs have restrictions in terms of achieving high level of
conformity and additional sensing dimension. To overcome the shortcomings conventional
planar electrodes, researchers have been exploring various types of 3D electrode designs so
that the electrode can reach deeper regions of various 3D tissues (89). In general, microneedle
design is usually used for 3D electrodes due to its ability to penetrate deeper into the tissues
for sensing and stimulation purposes. Due to biocompatible issue, only some noble metals such
as platinum, iridium, and gold can be utilized as the electrode materials for 3D electrodes (90).
Other potential materials for 3D electrodes include iridium oxide, titanium nitride, carbon
nanotube, graphene, and silicone, just to name a few (89). However, due to the mismatch in
young’s modulus and toxicity of these materials, they are not suitable for long-term
applications in human body. Therefore, polymers such as Parylene-C are usually used as a
sheath layer to protect the tissues from coming in contact directly with the electrodes.
Alternatively, conducting polymers such as poly (3,4-ethylenedioxythiophene) (PEDOT) or
poly(pyrrole) can be used due to their high chemical stability, biocompatibility, and good
electrical conductivity. 3D electrodes can be fabricated by either using various fabrication
techniques such as photolithography process or 3D printing process. Photolithography process

is a subtractive manufacturing method where the patterning of electrode materials is achieved
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through chemical/physical etching steps. The process is suitable for the fabrication of sub-

micrometer-sized microelectrode arrays. Circuits created using photolithography are typically
two dimensional, which restricted the design flexibility. Researchers have come up with
innovative ways to fabricate 3D circuits using fabrication techniques meant for 2D patterning
such as laser cutting (Figure 3) (91). There are also other fabrication techniques that allow the
creation of soft deformable circuits on complex 3D curvilinear surfaces such as transfer
printing techniques such as water transfer printing and stamp printing. In a typical transfer
printing process, the conductive circuits are first prepared on a planar donor substrate and are
then transferred to the target receiving substrate. This technique enables the creation of 2D
circuits or electrodes on curved or 3D surfaces but is not able to create multilayer 3D circuits
or electrodes. Zhang et al. reviewed various manufacturing techniques for the creation of soft
deformable sensors on curved surfaces (92). In contrast, 3D printing is an additive
manufacturing method whereby the electrode materials are additively deposited to the substrate
according to the electrode designs. This enables the creation of multi-layered and multi-

materials 3D circuits (93).

(@)  pun

Figure 3 a—d) lllustration and pictures taken during pulling processes demonstrating two examples of patterning hybrid film
in a 2D plane and then being pulled into a 3D structure. Reproduced from (91) under the Creative Commons Attribution 4.0
International License.

In contrast to electrodes for electrical stimulation and EEG purposes that usually require only
a simple conducting structure, other types of sensors usually require more complicated designs
such as multilayer architecture or multimaterial architecture. For instance, some resistive-based
sensors such as pH sensor and pressure sensor have a pH- or pressure-sensitive sensing element
and two connecting conductors that are usually made up of a different material from the sensing
element (94, 95). Also, organic field-effect transistor (OFET)-based sensors that are usually
made up of p-type and n-type semiconductors and arranged in a specific configuration can be
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used for various types of bioelectronic sensing purposes such as temperature, pressure,

humidity, and chemical compounds (96). For instance, Lee et al. demonstrated using the use
of field effect transistor with a single film of supported lipid bilayer to realize highly sensitive
molecular detection in ionic environment as depicted in Figure 4 (97). Apart from conventional
lithography manufacturing, these sensors can be easily fabricated using conventional printing
techniques or 3D printing techniques (93). Other than electrodes and sensors, the use of
electrochemical devices in bioelectronics is also very promising for sensing and energy storage
applications (98, 99). For electrochemical sensors, they can usually come in a two-electrode or
a three-electrode configuration. Depending on the sensing targets, the electrochemical
electrodes can be selectively chosen to enhance the sensitivity of the measurement. On the
other hand, for electrochemical storage devices such as supercapacitor and battery, they are
usually fabricated through hydrothermal synthesis, electrochemical deposition, chemical vapor
deposition, or physical methods such as coating, sputtering, and 3D printing (99). In order to
achieve physical flexibility for bioelectronic devices, the materials used are usually conductive
and flexible such as graphene, sheath-core yarn, carbon nanotubes, boron-carbon nanosheets,
etc (99).
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Figure 4 Challenges to potentiometric measurement schemes for molecular detection on an FET under ionic environment:
formation of the EDL, non-specific binding, and randomly oriented receptors. b Schematic representation of a reaction
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chamber on the EG. (left) Layer-by-layer configuration of the EG. Polydimethylsiloxane (PDMS) chamber acts as a reaction
chamber. c Optical images of the FET (left) and a packaged device (right) (scale bars = 100 um and 5 mm, respectively). d

Schematic representation of measurement setup. e Cross-sectional illustration of the SLB on the EG surface. f Proof-of-concept
for real-time detection during biotin—avidin binding. g Equivalent circuit model for the measurement setup. Reproduced from

(97) under the Creative Commons Attribution 4.0 International License.

Bioprinting, a computer-assisted technology, deposits cell-based materials with spatial control
over material deposition. As described by Guillemot et. al., is “the use of computer-aided
transfer process for patterning and assembling living and non-living materials with a prescribed
2D or 3D organization” (100). This technology is closely related to its counterpart — additive
manufacturing (AM) also known as 3D printing (101-103). A distinction from bioprinting’s
predecessor technology is to incorporate cells as the ink (i.e. bioink) in the printing process. As
such, bioprinting technologies are divided into four main categories material jetting, material
extrusion, vat polymerization, and freeform spatial printing (also referred to as pick-and-place
technologies) (104).

Material Jetting (Figure 5i) involves droplet displacement of material using technologies such
as piezoelectric/thermal inkjetting, acoustic wave jetting, electrohydrodynamic jetting and
laser induced forward transfer (105-111). As a crossover between material jetting and material
extrusion, microvalve technology integrated at the nozzle regulates material flow which creates
droplets or filaments based on the opening and closing of valve (112). Material Extrusion
(Figure 5ii)techniques is a nozzle-based dispensing method that extrude bioink in a continuous
manner (113-126). Vat Polymerization Printing (VPP) (Figure 5iii) fabricates construct
through selectively curing a container filled with cell-hydrogel suspension using either laser in
stereolithography (SLA) or area-projection in digital light processing (DLP) (127, 128). Free-
form spatial printing (Figure 5iv) describe technologies that move cell units (be it single cell
or cell clusters such as spheroids) in a spatially defined manner. These assembly technologies
involves picking, either using magnetic field to lift magnetically labelled cell units (129, 130)
or using laser to optically manipulate material from one substrate to another in laser guided
direct writing (LGDW) (131) or vacuum aspiration to manipulate cell units in three

dimensional spaces (132, 133).
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Figure 5 Schematic showing different (i) material jetting, (ii) material extrusion, (iii) vat polymerization, and (iv) free-form
spatial printing techniques. Reproduced from (134) under the Creative Commons Attribution 4.0 International License.

3D printing is a very effective way to produce freestanding micropillar electrode arrays. Other
than the microneedle electrode designs, 3D electrodes can also be achieved combining the rigid
and brittle metal materials that are flat with a pre-stretched elastomeric substrate to form wavy,

kirigami structures and mesh structures with an additional out-of-plane dimension.

In a nutshell, the research involving electrode design and manufacturing of electrodes for
bioelectronics have been shifting towards improving the spatial resolution of the electrodes
(135), enhancing the interfacial adhesion for lowering the skin/electrode impedance (136), and
reducing the artefacts due to motions (137). Besides, researchers are also looking at
customizing the electrode microstructure and configuration to increase the signal-to-noise ratio
and spatial resolution (138, 139). Interestingly, machine learning techniques have also been
used for developing customized model for improving the reconstruction accuracy and temporal
resolution (140).

3.3 Closed-loop system
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In bioelectronics, closed loop systems enable the communication between the living cells and

artificial elements. A typical closed-loop system consists of sensors and stimulator, hardware,
and software (Figure 6). Sensors pick up biological signal and convert it into electrical signal.
An example of sensors would be the extracellular electrode, which can acquire biological signal
without piercing the cell membrane through capacitive coupling. Typically, conversion of
biological signal to electrical signal can be separated into: (i) Extracellular Action Potentials
(EAP); (i) Local Field Potentials (LFP); (iii) Electrode-Electrolyte Interface Potential (EEIP);
and Stimuli Artifact (SA) (141-146). EAP commonly exist within the frequency range from
0.1 kHz to 10 kHz, whereas LFP exist between 1 Hz to 100 Hz (141). Both EAP and LFP
provide useful activity info in the biological signal. EEIP originates from the potential
difference between the electrode and electrolyte. The magnitude of the potential is electrode
and time dependent (142). For instance, a gold electrode in a saline solution can have a EEIP
of 50 mV (143). To put things into perspective, the EAP and LFP signal are typically in the
range of 100 micro V and 1 mV. SA is a biological signal as result of the external stimulation.
A typical stimulating voltage is around 1 V (144). Once the biological cell is stimulated, EEIP
will take some time (in the order of milliseconds) to disperse the accumulated charge. As both
the SA and EEIP exist in the same frequency band as the EAP and LFP, the information from
EAP and FLP might be lost (145, 146). Hence, careful design consideration will be needed,
which includes signal filtering and amplifying of the biological signal.

Acquisition hardware is a bridge between each individual sensor and stimulator and the
software. Advanced acquisition hardware supports multichannel, which enables the
development of multi electrodes arrays for multisite acquisition and stimulation (147). The
acquisition hardware also filters and amplify the electrical signal from the electrodes and
converts the analogy signal into digital signal which can be fed into the software. The hardware
also transforms the digital signal from the software into the analog electrical signal to the

stimulators.

The software analyses the acquired signal from the sensors to determine the state that the
biological cells are in based on the patterns retrieved from the raw neural data, which include
spikes, bursts, and stimulus artifacts. Conventional way of extracting patterns is rather manual
and greatly relies on condition descriptors. The patterns can be extracted from the spike counts

in a specific interval, as well as statistical techniques commonly used in neurophysiology such
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as the inter-burst interval histogram, inter-spike interval histogram, and post-stimulus-time

histogram (147). The biological cells are said to be in a certain state if the patterns extracted
from the sensors meet a set of conditions for that particular event. The feature extraction and
condition-based algorithm is tedious and time-consuming and relies greatly on the experience

of the users.

Successful deployment of the instantaneous closed-loop control approach is challenging due to
the complexity of the human physiology. Interactions among the nervous, circulatory, and
gastro-intestinal systems (all having non-linear dynamics) makes it difficult to estimate the
state, not to mention controlling it for therapeutic benefit (148).

Due to the complexity of the human physiology, various types of sensors and stimulators would
be required at different parts of the body in order for the closed-loop control system to work.
This warrants the need to create a distributed network of bioelectronics sensors and acutators.
The biological signal that can be measured by the biosensors include biochemical (eg. glucose,
pH), thermal, mechanical (eg. strain, pressure) and electrical signals (ECG, EEG). These
signals are critical in determining the physiological states. On the other hand, the biostimulator
must be able to control physiological processes such as the neural activity, organ function, or

biomolecule production.
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Figure 6 A closed-loop bioelectronic system with the ML-control of bioelectronic actuators using sensor feedback. Adapted
with permission from (149) . Copyright 2020, AIP Publishing.

4. ML for Materials, Process, System in Bioelectronics
4.1 ML for Product development

Bioelectronics rely greatly on the use of sensors to acquire useful data from the biological
bodies. More often that not, multiple types of sensors will be used to monitor the biological
activities. Moreover, the energy source and the wireless transmission of signal are two critical
aspects to consider in the design of bioelectronics. The integration of multiple sensors and
other component such as battery or wireless telemetry into a single platform reduces the
footprint of the sensors. However, this would involve a huge amount of effort in the product
design optimization stage, in terms of the sensing performance, dimensions of each component,

battery life and wireless transmission range.
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Apart from that, process optimization also needs to be done at the fabrication stage to ensure

that the fabricated parts work as intended, at the same time to maximize the throughput of the
fabrication process. Optimizing the fabrication process involves tuning of several process
parameters. The process parameters could be dependent on each other and have interaction,
resulting in multidimensional relationship that are hard to interpret and optimize. Machine
Learning techniques are used to identify the relationship between the input process parameters
and the resulting output of interest.

For instance, machine learning for bioprinting process development has been increasing, with
the hope to increase efficiency in utilizing resources through balancing both virtual and
physical experiments. While at its infancy, objectives for using ML in bioprinting are distinct
which is to identify process parameters efficient in printing engineered tissue (i.e. printability
of material and process optimization) and to identify the biological functionality of the printed
construct (i.e. prediction of cell viability) (150). ML has also been applied to perform in-situ
correction to ensure consistency in print quality (151).

ML for bioprinting has mainly focused on process optimization. Deploying machine learning
algorithms to enhance dimensional accuracy. For instance, Ruberu et al. used Bayesian
optimization (BO) technique to quantitatively evaluate the printability of gelatin methacryloyl
(GelMA) and hyaluronic acid methacrylate (HAMA) bioinks and to perform optimization to
achieve the manufacturing of reproducible 3D scaffold with minimum experimentation (Figure
7) (152). The BO is able to find global optima with significant smaller sample size compared
to other optimization methods such as genetic algorithms. In the study, BO was used to
minimize the print score, which takes into account of the layer stacking quality and the filament
morphology quality. The technique narrows down the number of optimal print settings to as
low as 4 from 6,000-10,000 possible print settings to identify the optimal print setting,

accelerating the tedious and time-consuming optimization process.

In material jetting technique for bioprinting, it is noted that improved the print precision can
be achieved by using a nozzle diameter, and bio-inks with lower viscosity and surface tension
but at the expense of greater amount of satellite formation. Shi et al developed a hybrid multi-
subgradient descent bundle method with an adaptive learning rate algorithm (HMSGDBA),
which utilizes the multi-subgradient descent bundle (MSGDB) method with Adam algorithm
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to look for the optimal print parameters and material properties that can print with high

precision and stability for the fabrication of cell arrays (153). Computational Fluid Dynamic
(CFD) simulation was used to study the piezoelectric inkjet printing process and the satellite
formation. A fully-connected neural network was created to acquire the relationship between
the process and material parameters such as the voltage, viscosity, surface tension, and nozzle
diameter and the satellite formation, which defines the quality of the deposited droplet. The
HMSGDBA was able to get a set of print parameters that is close to the global optimum and
successfully improved the print precision and stability. Wu et al. have done similar work to
predict the droplet formation of the inkjet based bioprinting process (154). In the work,
ensemble learning algorithm that incorporates random forest (RF), least absolute shrinkage and
selection operator (LASSO), scalable machine learning system for tree boosting (XGBoost),
and support vector regression (SVR) was applied to acquire the relationship between the
process parameters such as the polymer concentration, excitation voltage, dwell time, and rise

time and the droplet formation characteristics such as the droplet velocity and volume.
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Guan used ML to identify process parameters that accounts for scattering effects induced by
cells in the DLP process (155). Cells in the bioink induces a strong scattering effect which
arises from the refractive index mismatch between cytoplasm and hydrogel. Firstly, trial data
was acquired from a variety of sample masks with various smooth and sharp features. The
printed structures were imaged using a fluorescence microscope to obtain binary image of 0
and 1 representing voids and polymerized area respectively. The processed image and its
affiliated mask were used to train the algorithm. Guan and team continued to generate various
virtual data as output using the input data obtained previously. The result is a simulator that
was calibrated and subsequently used to train the neural network (NN). NN-calculated masks

were found to compensate for scattering effect by protruding sharp regions while shrinking into
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denting regions. These augmenting functions help preserve features of complex structures in

DLP.

In SLA for bioprinting, UV irradiation is known to damage deoxyribonucleic acid (DNA) of
the cell through the formation of cyclobutene pyrimidine dimer. There are various and
complicated routes of cell damage which complicates the physics-based model for good cell
viability prediction. Xu et al. used an ensemble learning algorithm, that contains and
outperforms the base learners such as the ridge regression (RR), k-nearest neighbors (KNN),
random forest (RF), and NN, to predict the cell viability of the SLA-printed biomaterial based
on process parameters such as the UV intensity, exposure time, layer thickness, and material
concentration with a R? of 0.953 (156).

Aerosol jet printing has been widely used to fabricate advanced electronics with fine resolution
and complicated geometry, due to its ability to perform conformal printing and to process a
broad range of materials. In aerosol jet, the active conductive material are usually bounded
with a layer of organic stabilizer which makes them not conductive. Intense pulsed light is one
of the sintering process used to remove the organic stabilizer and fuse the active materials. Goh
et al. found that there is a contradiction relationship between the sintering parameters and the
film thickness on the electrical performances of the aerosol-jet printed conductive ink (157).
To obtain an optimum set of process parameters, the group used ML to perform multi-objective
optimization between two contradicting features. They used a technique that combines the use
of a central composite design (CCD), a response surface methodology, a desirability function,
and a non-dominated sorting genetic algorithm Ill. The data-driven technique created on the
basis of statistical modelling, analysis of variance and global optimization was able to reduce
the contradiction between the design and post processing parameters, resulting in a crack-free
printed lines with low resistivity. Similar approach has also been used by Zhang et al. to
optimize the printed line quality of the Aerosol jet printed conductive traces (158).

Reproducibility has always been an important factor in any manufacturing process. In tissue
engineering, it is crucial to preserving the biocompatibility and structural integrity required for
engineered tissue constructs. Jin et al. developed a layer-by-layer image monitoring technique
to predict imperfections within the printed bio constructs (Figure 8)(159). A convolutional
neural network (ResNeXt-50) to detect various anomalies, infill pattern and location
information with an average accuracy of 90%. Similar work has been done by Jin et al. (160)
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and Goh et al. (161) to detect anomalies (underextrusion and overextrusion) in material

extrusion process.

Through the use of the ML classification algorithm, Nadernezhad determines that a formulation
with high yield viscosity and a low degree of plasticity prior to flow, whereas the transition
from Newtonian to non-Newtonian behaviour of the flow occurs at relatively low shear rates
is deemed printable in extrusion bioprinting (162). As such, features such as yield viscosity,
ratio of storage modulus at flow point to the limit of viscoelastic range, and the consistency
index of the Carreau-Yasuda model are important guidelines suggested by the author in

designing new formulations.
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result visualization on test data. Adapted with permission from (159). Copyright 2021, American Chemical Society.

Table 5 summarizes the research works on the use of ML for the fabrication processes.
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Table 5 Summary of the use of ML for the fabrication processes.
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4.2 ML for sensing and actuation

ML techniques are useful when there are no accurate mathematical model to describe the
biological responses. ML techniques learn from a large amount of data to draw inference on
the complex non-linear relationship between input and output and are can be used to close the

loop for bioelectronic systems comprising biosensors and bioelectronic actuators.

For instance, the instantaneous control of the pH in solution using machine learning has been
showcased by a few research groups (163-165). This technique can be broadened to modulate
the cell membrane voltage (Vmem) through regulating the pH with an addition of control
hierarchy. The hierarchy consists of three stages: a decision maker, a planner, and a low-level
controller. The decision maker regulates the temporary goals (pH values) that, consequently,
influence the long-haul goals (Vmem). The planner facilitates the actions needed by the decision
maker and the low-level controller that communicates with the bioelectronic sensors and
stimulators. For instance, the planner provide the relationship between Vmemand the change in
pH that is required by the decision maker, and regulating the control points smooth operation
of bioelectronics stimulators. The ML-based controller comprises a radial basis function (RBF)
artificial neural network, which consists an input layer, a hidden layer, and an output layer
(Figure 9). The input layer takes in targeted responses and the measured responses at different
instants. The hidden layer maps out the required Vu* to achieve the targeted [H*]. The benefit

of using ML for the closed-loop control is that it is robust to uncertainties and non-linearities
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due to electric field-induced temporal ionic currents and the membrane bound ion channel

activity.

ML learning techniques have been applied in the design of the implantable closed-loop
solutions. For instance, a few algorithms have been created in the past decades for seizure
detection (166-169). Most of the algorithms used the time-domain feature and pattern
recognition. Spatiotemporal relationship is used to predict seizure. Apart from that, frequency-
based approaches have been used by extracting spectral information from the EEG signals.
This approach would require preprocessing of data and extraction of the best feature to be input
to SVM model for classification (170).

A ML-Based Hierarchical Control System Input Uncertainties Output
Noise/Unmodeled Dynamics
/,’,'.Z::Z'_':.'.ZZZZZ?\\ I_" Actuation — Ssmall
3 g + VMWW
Decision ===> Pl ===> Low Level Biol
Maker  <=== UL g Controller jOgy Slarge
i | L g [ W~ T
B ML-Based pH Actuation
Low Level Controller P
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— Ju V4 change
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———— - 0 —
-——- 5 —
e Jb
Fluorescence Intensity Membrane Potential
Sensing (Vimem) Response
Vmem = 0
Low >
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Figure 9 (a) The multi-level control system and its main components (i.e., the decision-maker, planner, and low-level controller)
and its robustness to uncertainties, noise, and unmodeled dynamics. (b) Machine learning-based system for Vmem control
using pH modifying bioelectronics and fluorescence feedback. Adapted with permission from (149) . Copyright 2020, AIP
Publishing.
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Machine learning techniques have been used to perform calibration of sensors, especially those

that exhibit significant non-linearity. For instance, the carbon nanotube field-effect transistors
have been shown to exhibit ultra-low detection limits (in the range of parts-per-billion
concentration). However, they are prone to signal saturation at higher concentrations, making
conventional statistical model such as linear regression model not effective in predicting at
higher concentration. Bian et al. used regression trees and random forest to model the response
of the sensors at different concentrations (171). Using the ML techniques, they have
successfully improved the R? to 0.826 using out-of-bag error and increased the dynamic range

of the sensors up to 12 orders of magnitude in concentration.

Zhang and Tao used ANN with 24 hidden layers to classify human activities based on 12
features extracted from the ECG, Electrooculography (EOG), electro-bacterial-graph (EBG),
and electromyography (EMG) signals (172). The chemi- and electro-physiological signals
were obtained from the GEPC-based transient epidermal electronics, which can provide
comprehensive physiological states of the humans. The ANN was able to achieve an
classification accuracy of 96.9% based on the multidimensional physiological signatures

obtained from the sensors.

In an attempt to develop a strain-isolated, wearable soft bioelectronic system, Rodeheaver et
al. used residual CNN model, with 5 convolutional layers and 4 deconvolutional layers, to
classify human activities (idle, walk, fast walk, jogging) based on data retrieved from
accelerometers (173). It is reported that an overall accuracy of 99.3% was achieved. Coupled
with breathable soft membrane integrated with ECG electronic system for heart rate and
respiratory rate data, the wearable bioelectronics can be used to monitor health continuously

and wirelessly up to 8 hrs, making it suitable for consumer and clinical settings.

ML techniques have also been used to detect hand gestures via the EMG) signals. For instance,
Kwon et al. used residual CNN and KNN to classify various hand gestures through the EMG
signals picked up from the nanomembrane containing functionalized conductive graphene
(Figure 10) (174). The EMG devices were positioned on several muscles, such as the almaris
longus, brachioradialis, and flexor carpi ulnaris. Average root-mean-square value was
calculated from the EMG signal and used as the inputs for the ML models to learn to classify

the various hand gesture. The group highlighted that a training time of merely 140 s is required
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to train the ML model as only a small dataset is required. The same group has also applied the

same technique to determine the leg postures (175).
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Figure 10 a) Drawing illustrating specific muscles on forearm to detect various hand postures and photos capturing three p-
NHE placed on specific muscles, including palmaris longus, brachioradialis, and flexor carpi ulnaris. B) EMG mapping data
illustrating RMS signals from multiple channels that encompasses the whole forearm; six different heat maps are generated
based on six gestures. C) Representative EMG signals from four gestures, including open hand, closed hand and index finger

flexion and wrist flexion. D) Demo of EMG-enabled human-machine interfaces with a wireless, wearable p-NHE to precisely
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control a flying drone, RC car, and presentation software. E) 3D plot of three-channel, EMG RMS signals for clear

differentiation of seven different gestures as seven groups. F) Result of real-time, confusion matrix from ten trials, showing
98.6% accuracy across seven classes with three-channel EMG recording. G) Demo of a three-channel EMG recording and
corresponding control of a robotic hand, demonstrating examples of six motions of a subject and following motions of the

robotic hand. Reprinted with permission from (174). Copyright 2020, Nature.

The design space for the biosenors can be large due to multiple design parameters involved,
making it hard to obtain a suitable set of design parameters for the most optimum sensing
performance. Machine learning techniques have also been applied in the design of sensors for
improved performance more easily. For instance, to design meta-plasmonic biosensors, Moon
et al. used autoencoder and t-Stochastic Neighbor Embedding (t-SNE) to cluster optical
characteristic of meta-plasmonic structure by reducing the dimension of the dataset, and used
k-means clustering to group the angular reflectance curves (176). Using the technique, the
optimum parameter sets can be obtained without using much computational resources and

allows for a more systematic understanding of feature effects.

Chen et al. compared the performance of the generic random forest classifier and the weighted-
average classifiers for the development of ultrasonic-based sensor for monitoring respiratory
behaviours (Figure 11) (177). The ultrasonic sensors measures the non-linear change in local
circumference of the chest and abdominal walls during the respiration process, which is also
affected by the postures. Various features, including the first-order differential, second order
differential, wavelet decomposition, and mean value with variance, are extracted from the
ultrasonic signals. Using the random forest technique, it was found that the wavelet
decomposition is the most important feature, showing high significance in both time and
frequency domains for retrieving useful respiratory features for classifier training. It was found
that generic classifier gives low accuracy in estimating the posture of the subjects, whereas the
weighted-adaptive classifier gives higher accuracy making it suitable for custom-tailored

individual model for precision medicine.
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Figure 11 (A) Wireless wearable sensors positioned on the midway of the xiphoid process and the costal margin, one on each
location, corresponding to the abdomen-apposed rib cage, and 1 cm above the umbilicus, respectively.(B) Picture of the
fabricated wireless wearable sensor on a flexible polyimide substrate. (C) Respiratory behaviors data obtained from four

postures of subjects were input to a ML algorithm. (D) ML algorithm process flow.

Mahmood et al. developed a nanomembrane sensors to detect blepharospasm (178). EMG
signals picked up from the sensor is split into 8 second segments and processed with a 0.2 Hz
high-pass filter before feeding into the CNN. Semantic segmentation was used due to it ability
to pinpoint the precise duration of the symptoms. The CNN technique enables efficient training
on small datasets with high accuracies, and is able to classify normal blinking, futter blinking,
blepharospasm, and hemifacial spasm with an average accuracy of 99.1 + 2.8%.

Mahmood et al. developed a bioelectronic systems capable of performing VR text spelling and
navigation via 4 EEG signals (179). Using CNN and 4-fold cross-validation, the highest
achievable accuracy for detecting 33 classes was around 78.93% from 0.8 s of data. It was

found that longer time length of data provide higher accuracy (91.73% for 2 s).
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An et al. used compared the performance of the machine learning techniques with the non-

machine learning method (traditional thresholding method) in the development of the
triboelectric nanogenerator network for neck motion detection (Figure 12) (180). It was found
that the trained CNN model was able to detect 11 classes of neck movement with an average
accuracy of 92.63%, which is significantly higher compared to that of the traditional
thresholding method that achieved 77.17%. It was also noted that the traditional thresholding
method was not able to achieve high detection accuracy with small rotation (3°). The CNN
model, on the other hand, was able to achieve 86.68%, by training it with 2 sessions of data
with rotation and 4 sessions of data without rotation.

Accuracy: 92.63%
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Figure 12 Neck movement state identification system with integrated DL-aided data analytics. (a) Overall structure and data
flow of the neck movement identification system. (b) Detailed structure of the CNN training model. (c) Confusion matrix of
recognizing 11 different neck movement states, showing a high accuracy of 92.63%. (d) Applications of the neck movement
identification system in healthcare, rehabilitation, machine control, etc. Reproduced with permissions from (180) ,Copyright
© 2022, American Chemical Society

Kim et al. developed an electronic skin that detects dynamic motions through a single signal
channel without the use of large sensor network (Figure 13). A long short-term memory
(LSTM) network was used to recognize the hand motions through identifying the
corresponding temporal behaviours of the signal from the sensor. The trained model is able to
achieve an accuracy of 92.9%. They also used transfer learning techniques to apply the
existing knowledge on the sensor behaviours to the new users. By doing so, only a small
amount of training sample is required from the new users and the retraining of the model
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using the newly collected data just took around 5 mins. In comparison, without using the
transfer learning, it would take around 20 mins to achieve the same performance as the one

trained with transfer learning.

b 'y
@ Thumb @ Index @ Middle @ Ring @ Little |
5 1 » A p ] Q4 @ Middle
\ L ‘ I ‘ ] ) o @,
7 Lo/l \ la/ \ | o "
;'7 /\ N f \ “ \ f \ 3-5 S
[ / w [ ] ° Y
i s 210 { \ ,‘—\
r = \{/ . M2
& f) \ w T
& \ e
X
c Time d e
‘ ' foy @index ®Ring MLittle "
i Temporal nge n Fingsr @ Middle ®Thumb 10
T i data " ° ! — — - =T i3
T Dense
& , P
Relu

E

PCi

LSTM LSTM LSTM LSTM | W Dense TR
. : 3
H s : S-layer H I ' 3
. . s _LSTM s Tmmemes @l Concat i : 0
i 10 -+
LSTM - LSTM — LSTM -« LSTM el

Decoding network PC1

Encoding
network

-

Each finger

il f
N A\

Real-time l |
estimation ]

sensor & = A ,
== ) I NV

G= W Fest os | ©

> - > = /

G E 1 §_ Collect small | §. Generate :

%) = calibration data Pre-trained Dl S Hand motion S AT .
Achieve model T sensor T —~
pre-trained model New;data S >

Rapid Situation Learning (RSL)

Figure 13 a lllustration of skin deformations for various finger bending motions. b Metric space defining single finger bending
motions: physical alignment of fingers in a hand is expressed in the metric space with R representing the amount of a finger
bent and § identifying the position of a finger in a hand. ¢ Neural network consisting an encoding network and a decoding
network. LSTM layers are used in encoding network to analyze temporal sensor patterns to generate latent vectors. Two
independent dense layers map created latent vectors to our metric space expressing hand motions. Dropout is used as the
regularization technique to prevent the network to be overfitted to a single use case. d 2D PCA illustration of output vectors
produced by encoding network. Each circular cluster shows that encoding network can precisely recognise cyclic finger
motions from sequential sensor inputs. e Figure of how sensor inputs in training dataset are mapped to the metric space after
passing our network. f The processes of rapid situation learning (RSL) that utilizes transfer learning. When the sensor is
attached to a new position and a small amount of retraining data is collected, the new network utilizes knowledge learned
during pretraining by transferring parameters from pretrained network, reducing the amount of dataset, and time for
retraining. g Photo of actual hand motion generation. Reproduced from (181) under the Creative Commons Attribution 4.0

International License.

Halilaj et al. reviewed the use of machine learning in human movement biomechanics and
discussed the best practices and common drawbacks in applying the machine learning
techniques in biomechanics (182). In the review, various applications that integrated sensors

and machine learning techniques to track movement pattern to monitor certain diseases
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automatically on a daily basis in the out-of-clinic settings. Some of the best practices have also

been also proposed to avoid some common pitfalls when applying machine learning techniques.
Interested readers are encouraged to refer to the full manuscript to learn more about it.

Table 6 summarizes the research works on the use of ML for the development of bioelectronics.

Table 6 Summary of the use of ML in the sensing and actuation of bioelectronics

Purpose Input output ML Unique features | Refs
techniques :
Regulate pH | desired values at | Vi* RFB-ANN e No (163
time k+1, k, and assumption :
k—1, needed 164)
measured values ¢ Robust to
at  time k-1, variability
k—2,and k—3
Sensor 6 features | Mercury e Regression | overcome (171
calibration including ions Tree ssaturation and | )
(conductance concentratio | ¢ Random widens the
change at different | n Forest dynamic range
potential e Out of Bag | of the
difference, error nanosensors up
relative to 12 orders of
transconductance, magnitude in
threshold voltage analyte
change) concentrations
Motion eacceleration data | e Idle e CNN detect types of | (173
Artifact- e walk activities, as | )
Controlled e fast walk well as, exact
Health e jog time spent
monitoring performing
each category
Human- e EMG signals e Seven e 2-layer e Using hand | (174
machine e Accelerations types of | CNN gesture to |,
interactions data hand model control drone | 175)
gestures o KNN ¢ 999% accuracy
Pyshiological | e 3 features from | e 4 Physcio-| ¢« ANN with | ¢ 96.9% (172
mononitoring ECG logical 24 hidden accuracy )
e 3 features from | states layers e transient
EMG (vigorous, epidermal
e 3 features from | exercising, electronic
EOG
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r (AE)
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shortens  the
retraining
time from 20
to 5 mins

5. Summary and Perspective

The use of ML in bioelectronics covers different aspects, ranging from material formulation,
design and fabrication to data acquisition and control of actuators. ML has been shown in
several occasions to be an effective tool in the process optimization and classification the
physiological states through the data acquired from the sensors. Nonetheless, we could foresee
the increasing ML research efforts on close-loop system for bioelectronics, which includes the
control of the bio actuators, which would continue to push the knowledge boundary of smart
bioelectronics in years to come. We also anticipate that more sophisticated ML algorithms will

be developed to further improve the computational speed and performance.

Despite the advantages, there exists several challenges in applying ML in the design,
fabrication, and sensing and actuation of the bioelectronics. An important concern is related to
the possible inaccuracy of the ML’s predictions due to data mismatch between the training and
actual environment. When inferring data that falls outside of the range of the training data, ML
algorithms that relies on past trained data may erroneously give a wrong prediction, which is
unacceptable especially for critical health applications. This can be circumvented using robust,
big data-driven and transferable ML algorithms to reduce any possible errors. It is well known
that one of the major challenges about applying ML techniques in any real-life application is
the availability of the dataset for training the ML algorithms, especially for different
environments, ages, and genders. This would require expertise in both computer science,
biology, and medicine to perform data labelling and feature extraction to create high-quality
dataset for training. Fortunately, some emerging algorithms, such as the few-shot learning that
only need small datasets, creates the possibility to address the challenge. Meta-learning is
another ML algorithm that learn to adapt to unfamiliar environments with minimum number
of samples (183). Another way to solve the challenge on small datasets is by performing data
augmentation and transfer learning, where the ML model is originally trained on a similar and

data-abundant task then finetuned on the main task (184).


https://doi.org/10.1089/ten.tea.2022.0119

This is the accepted version of the following article: Machine Learning for Bioelectronics on Wearable
and Implantable Devices: Challenges and Potential, which has now been formally published in final
form at Tissue Engineering Part A at https://doi.org/10.1089/ten.tea.2022.011. This original
submission version of the article may be used for non-commercial purposes in accordance with the
Mary Ann Liebert, Inc., publishers’ self-archiving terms and conditions.

Another challenge is the computational cost, which plays a critical role in close-loop control.

Bioelectronics are typically small to ensure they are easy to wear and install. Electronics
components, including the CPU are miniaturized at the expense of processing performance.
This makes it a challenge for the miniaturized processors to handle ML tasks, such as CNN,
which require high computational power. Nonetheless, much effort has been paid on the
development of small ML models with good prediction accuracy. The advances in the silicone
chip industry to come up with smaller sized processing unit with higher computational power

would aid in the development of smart bioelectronics.

Deep learning models have been thought as black boxes that are difficult to explain the
underlying relationship of the data. This may bring about mistrust from relevant stakeholders
like the medical practitioners and regulators. Making ML models explainable without giving
up performance is a heavily investigated field. In image classification and object detection, for
instance, interpretability techniques can pinpoint pixels that have the most significant
contribution to the model’s prediction. For bioprinting and sensor-printing tasks that require
input parameters, there are some ML approaches that are able to explain which printing
parameters will have the most significant effect to the prediction by perturbing the input
parameters. Such interpretability tools will garner confidence from relevant stakeholders as
ML-enabled fabrication of sensors continues to progress.

The review is focused on highlighting the feasibility of applying state-of-the-art ML techniques
into various research fields in the development of bioelectronics. We envision that the
development of smart bioelectronics would likely come to pass through the use of ML-enabled
material formulation, design, fabrication, sensing and actuation. For instance, machine learning
techniques will continue to aid in the discovery of novel materials with tailored properties for
bioelectronics, such as the transient electronics. The use of machine learning together with
large datasets containing the fabrication process parameters and the material properties speeds
up the design process by allowing designers to virtually simulate the performance of the
bioelectronics and have multiple design iterations without having to fabricate them physically,
saving time and material. Nonetheless, bioelectronics typically relies more on than one sensor
to determine the state of the body. The use of multiple sensors poses challenges on the data
management and the processing speed of computer, especially so for those portable

bioelectronics, such as the health monitoring devices, that usually have CPUs with low
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computing power. More advanced machine learning techniques that can achieve high accuracy

and fast detection rate would be required before daily health monitoring in the out-of-clinic
settings can be realized. Also, although machine learning techniques have been applied in
bioelectronics to create closed-loop systems and have shown promising results, the data
collected were mainly from controlled-lab environment, leading to poorer-than-expected
performance in actual usage. More tests are required to validate their performance under the

normal daily usage.
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