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Abstract

Electrical neural interfaces serve as direct communication pathways that connect the nervous
system with the external world. Technological advances in this domain are providing increasingly
more powerful tools to study, restore, and augment neural functions. Yet, the complexities of the
nervous system give rise to substantial challenges in the design, fabrication and system-level
integration of these functional devices. In this review, we present snapshots of the latest progresses
in electrical neural interfaces, with an emphasis on advances that expand the spatiotemporal
resolution and extent of mapping and manipulating brain circuits. We include discussions of large-
scale, long-lasting neural recording, wireless, miniaturized implants, signal transmission,
amplification and processing, as well as the integration of interfaces with optical modalities. We
outline the background and rationale of these developments and share insights into the future
directions and new opportunities they enable.
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In Brief:

In this review, Luan, et a/, discuss the latest advances in engineering electrical neural interfaces
that expand the spatiotemporal resolution and extent of mapping and manipulating brain circuits,
covering implanted devices, integrated circuits, signal transmission and processing.

Introduction

Perception, cognition and behavior are generated by complex, distributed neural circuits, the
activity patterns of which change on the timescale of milliseconds. The dynamics of these
activity patterns reflect complex interactions among many cell types, and they evolve with
experience and change in disease. Three characteristics of these circuits make them
particularly challenging to study: diversity of time scales, diversity of spatial scales, and
heterogeneity. Devices that interface with the brain must therefore span these temporal and
spatial scales in a scalable manner, while being able to address cell-type and regional
diversity to account for species and individual variations (Box 1).

In the past few years, scientists and engineers have made cutting-edge technological
advances to tackle these outstanding challenges. While these neurotechnological
developments span a wide variety of research fields, such as microscopy, optical and genetic
techniques, single-cell genomic profiling and connectomics, electrical interfaces are of
paramount importance for both fundamental neuroscience and clinical applications. An
electrical neural interface typically consists of an implanted device directly in touch with the
brain, integrated circuits and mechanisms to transmit signals from and to the implant, and
specialized algorithms to process these signals (Fig. 1). In this review, we discuss challenges
and advances in designing the various components of an electrical neural interface that
improve the capacity and efficacy with which we can monitor and manipulate neural
activity. First, we discuss electrode design and strategies for long-term and large-scale
recordings. Next, we address the need for electronics to be custom-designed for wireless, bi-
directional transfer of data and power to the device. Then we outline how combination of
electrical and optical methods widens possibilities to address the demands of spatio-
temporal scale. Finally, we elaborate on the analytical methods to extract features from
large-scale electrical recordings. Taken together, this review presents snapshots of the latest
advances on electrical neural interface from a system-engineering perspective.

Intracortical electrode design

Implanted intracortical electrodes enable the detection of individual neurons at high
temporal resolution in living brains (Alivisatos et al., 2012; Birmingham et al., 2014;
Collinger et al., 2013; Nicolelis, 2001; Perlmutter and Mink, 2006; Shen, 2013; Spira and
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Hai, 2013), and provide one of the most important neural techniques in the field (Lemon,
1984). Typically, individually addressed microscale electrodes are implanted into a
designated brain region and connected to data acquisition systems. The recording sites
transduce signals that arise from the current flow through the extracellular space during the
propagation of action potentials, providing sufficiently high temporal resolution to resolve
the activity of individual neurons residing in the immediate vicinity of the contacts.

Long-lasting functionality

Classic intracortical electrodes, are often impeded by the inability to consistently record high
quality neural signals over both short and long time scales (Fraser and Schwartz, 2012;
Perge et al., 2013). In time scales as short as minutes (Gilletti and Muthuswamy, 2006) and
hours (Fraser and Schwartz, 2012; Perge et al., 2013), substantial changes in recording
condition can often occur due to the micro-movements of the implanted electrodes relative
to the brain tissue (Gilletti and Muthuswamy, 2006). Over longer periods, deteriorations in
recording efficacy and fidelity typically appear a few weeks after implantation, which are
caused by biotic and abiotic failures, including material and structural degradation of the
electrodes (Gilgunn et al., 2013; Kozai et al., 2015a; Prasad et al., 2014; Prasad et al., 2012),
and sustained foreign body reactions at the tissue-probe interface (Barrese et al., 2013a;
Fraser and Schwartz, 2012; Kipke et al., 2003; Rousche and Normann, 1998; Simeral et al.,
2011; Williams et al., 1999). Among many highly interlinked failure factors, geometry and
mechanical mismatches between neural tissues and electrodes play a critical role in the long-
term performance of implanted electrodes. Neuronal cells and the cerebral vasculature have
sizes on the order of micrometers, whereas neural electrodes are often substantially larger in
size. Brain tissues are soft (Young’s modulus in range of kPa), while most conventional
neural electrodes are significantly more rigid (Young’s modulus in range of tens of GPa). As
a consequence, substantial tissue reactions are typically seen at the interface between brain
tissue and implanted device, as manifested by blood brain barrier (BBB) leakage, neuronal
degeneration and glial scaring (Kozai et al., 2015b). Furthermore, the tissue’s foreign body
reaction also induces a corrosive environment that accelerates the structural degradation of
electrodes (Jorfi et al., 2015). As a result, typical recording quality with these electrodes
continuously deteriorates over several weeks (A. Gilletti, 2006; Barrese et al., 2013b; P.
Rousche, 1992; Subbaroyan et al., 2005; Szarowski et al., 2003). Moreover, their mechanical
and structural failures are also often observed sooner than predicted from in vitro tests
(Gilgunn et al., 2013; Kozai et al., 2015a; Prasad et al., 2014; Prasad et al., 2012).

It is therefore intuitive to make neural probes with feature sizes that more closely resemble
those of their biological host. A number of early studies of conventional electrodes
discovered that reducing the diameter of microwires or the width of silicon microelectrodes
from 50 — 75 um to 15 um induced a significant reduction (p<0.05) in neuronal cell death
and glial scarring in rodents (Karumbaiah et al., 2013; Schouenborg et al., 2011; Seymour
and Kipke, 2007). These studies highlight the importance of electrode geometrical
dimension in mitigating tissue reactions and inspired the development of extremely thin
neural electrodes. Although it is relatively convenient to micromachine silicon or metal
microwires, their mechanical properties make them impractical to use in extremely
miniaturized neural probes. More recently, carbon fibers have become a popular choice for
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ultra-small (7 um in diameter) neural electrodes (Kozai et al., 2012) and for constructing
arrays (Guitchounts et al., 2013; Massey et al., 2019; Patel et al., 2015). Histological
comparisons of tissue reactions to chronically implanted carbon fiber show a significant
reduction in foreign body responses than that seen with silicon probes in rodents (Kozai et
al., 2012). Carbon nanotube fiber electrodes offer an attractive alternative to carbon fiber
electrodes, as they are softer and have a smaller impedance and greater charge injection
capacity, making them more suitable for stimulation (Vitale et al., 2015).

Alongside the development of miniaturized intracortical electrodes, increasing efforts have
been made to develop flexible neural electrodes (Du et al., 2017; Mercanzini et al., 2008;
Sohal et al., 2016; Wu et al., 2015b). There is growing awareness that switching from rigid
electrode materials, such as silicon and metals, to softer polymers, such as polyimide and
parylene, helps to mitigate tissue reactions and to promote long-term recording stability.
However, The Young’s modulus of these polymers probes are still 106 — 107 larger than that
of the brain tissue, and therefore the mechanical mismatch between brain and electrode
remains significant. A key issue here is that materials that are as soft as brain tissues
typically do not have the necessary properties needed to fabricate functional devices, such as
electrical insulation and mechanical strength. This dilemma has been addressed using
different approaches. One approach has been to engineer the form factors of the electrodes
to achieve a high level of flexibility (Tian et al., 2012). Because most neural electrodes have
high-aspect ratio geometries, bending is the dominating deformation that happens at the
interface. Therefore, by reducing the bending stiffness of the implanted electrode,
deformation forces can be reduced, alleviating the electrode-tissue mismatch. The bending
stiffness is estimated by K= Egwh/12for a probe in a slab geometry (Luan et al., 2017),
where E;is the elastic modulus of the material, wis the probe width, and /# is the probe
thickness. As such, the geometry, in particular the thickness of the electrode, can most
efficiently modulate the bending stiffness. A recent series of studies have implemented this
concept (Fu et al., 2016; Hong et al., 2018; Liu et al., 2015; Liu et al., 2013; Luan et al.,
2018; Luan et al., 2017; Xie et al., 2015) by fabricating neural electrodes at a total thickness
of 1 um, which is ~10 times thinner than previous polymer electrodes. This reduced
electrode thickness provided ultra-flexibility and promoted the seamless integration of
neural electrodes with host tissue. In vivo imaging of neurons, astrocytes, microvasculature
and microcirculation with chronically implanted ultra-flexible electrodes (Luan et al., 2017;
Wei et al., 2018), together with postmortem histology (Fu et al., 2016; Xie et al., 2015; Yang
et al., 2019), revealed normal neuronal density, an intact blood brain barrier, and little to no
glial fibrillary acidic protein (GFAP) responses near the implanted electrodes in rodents.
Consistently, these electrodes enabled the stable recording of single-unit action potentials
and the tracking of individual neurons for 4 — 6 months (Fu et al., 2016; Luan et al., 2017)
without noticeable degradation in recording performance.

Spatial resolution and extent

Intracortical electrodes can only faithfully detect and distinguish nearby neurons (within
about 100 um from the recording site) (Henze et al., 2000). Therefore, in order to record
from large populations of neurons that are densely distributed in various 3D anatomical
structures, within or across regions, a large array of recording sites need to be implanted in
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brain tissues. Inevitably, such a scaling up of recording sites can risk tissue displacement and
injury, which need to be minimized. It also raises the challenge of accommodating large-
scale, high-density neural electrodes alongside their associated electrical interconnections
and mechanical supports, within a small total volume of brain tissue.

Conventional electrodes are impeded by their relatively large physical dimensions,
particularly when scaling up channel counts and recording density. For instance, Utah or
microwire arrays, which have enabled relatively large-scale recordings (hundreds of
neurons) from primates (Dickey et al., 2009; Dotson et al., 2015; Nicolelis et al., 2003;
Suner et al., 2005), typically carry only one recording site on the tip of each wire, and
usually have contact spacings of >200 um. They therefore have significant limitations in
terms of their recording density and multi-depth coverage. By contrast, microfabricated
silicon neural probes carry arrays of electrode contacts that are distributed along the probe
shanks, and allow for improved depth coverage (Kipke et al., 2003). These electrodes,
however, are also challenging to scale up in density due to the significant tissue
displacement and injury they can cause and the total volume they occupy when their current
device structure is used to create a high number of recording sites in one host.

Recent efforts to develop high-density neural electrodes have mainly gone in three
directions. First, reducing device footprints: this allows for higher-density packing in
geometries analogous to microwire arrays. Higher-density microelectrode arrays have been
constructed using mechanically strong materials, such as carbon fibers (Patel et al., 2015).
These carbon fiber electrodes have diameters as small as 7 um (Kozai et al., 2012), yet are
sufficiently rigid to enable self-supported penetration in a high-density array at an inter-
probe separation of 50 — 100 um. Remarkably, the high-density implantation of carbon-fiber
electrodes has induced only mild tissue responses in rodents owing to their ultra-small size
(Patel et al., 2015). Polymer-insulated and flexible wire bundles have also been used to
generate higher density microelectrodes with a smaller footprint (Guan et al., 2019; Obaid et
al., 2020). Second, progress has been made in microfabricating high-density, highly-
integrated silicon neural probes (Du et al., 2011; Jun et al., 2017; Rios et al., 2016; Scholvin
et al., 2016). This approach takes advantage of advanced fabrication techniques to pattern
features on the scale of submicrometer to tens of nanometers. The recording devices are
integrated with application-specific integrated circuits (ASIC) to perform signal
amplification, band-pass filtering, and multiplexing, enabling neural recording at very high
channel counts (of up to 1024 channels). These probes offer a clear advantage in terms of
depth-resolved recordings due to the high-density contacts patterned along the longitudinal
direction of the probe. However, due to their relatively large dimensions and rigid structures,
they typically induce considerable tissue damage, which impedes the high-density
implantation of these highly integrated shanks. The third approach involves patterning high-
density contact arrays on flexible substrates, to achieve a balance between device dimension
and complexity (Chung et al., 2019; Wei et al., 2018). Using this approach, the recording of
up to 1024 channels distributed across multiple brain regions has been achieved in rodents
(Chung et al., 2019), with minimal tissue responses observed at an inter-probe separation of
60 um on probes at a footprint of 5 um?2 (Wei et al., 2018). To facilitate the further scaling up
of channel count, these flexible electrodes can be conveniently packaged with high-density
amplifiers using standard surface-mount packaging (Musk and Neuralink, 2019). However,
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they require rigid shuttle devices for implantation (Hanson et al., 2019; Joo et al., 2019;
Zhao et al., 2019), which complicates surgical throughput and adaptation to multiple brain
regions and species.

In summary, the need for neural electrodes to: 1) flexibly distribute large numbers of
recording sites to target both local and distributed circuits; 2) minimally disrupt the integrity
of neural tissue; and 3) track activity across timescales ranging from seconds to months or
years, have fueled the exciting development of a variety of novel neural electrodes in recent
years. While subsets of these needs have been met by these recent technological advances,
as yet no single device meets all of them. The future development of new technologies and
the optimization of existing approaches will bring us closer to realizing these goals.
Meanwhile, the rapidly growing demand to expand the spatiotemporal scales of neural
interface presents significant challenges and opportunities for developing novel transducers,
advanced electronics, and signal processing strategies, which we discuss in the following
sections.

Power, data, and communication

In order to develop next-generation neural implants for humans and freely behaving animals,
advances in electrodes must accompany advances in wireless power and data transfer
between the implanted device and a local transmitter/receiver. Conventional power and data
transmission rely on a fully wired system with percutaneous wires connected to the neural
implant (Fig. 2A). While sufficient in some cases, such as for various types of acute rodent
experiments like open field or maze studies, these tethers can become burdensome, limit
movement, and open paths for infection, particularly if one desires multiple independent
implants (Hargreaves et al., 2004). These challenges have led researchers to look for options
to transfer power and data to and from neural implants wirelessly.

While there are many potential solutions to delivering wireless data and power, each consists
of three major elements (Fig. 2). (1) A base station (or computer), which processes data and
determines the appropriate stimuli to be delivered by the neural implant. (2) A transmitter
that is on or near the subject and that communicates with the implant and the base station.
(3) The neural implant, which interfaces directly with the target tissue to stimulate or record
neural activity. In some small-animal experiments, the transmitter may be too heavy to be
worn comfortably by the animal. In such a case, the transmitter can broadcast over an arena
in which animals can freely move and behave (Fig. 2B). This type of system is often ideal
for rodent studies that involve their interacting with objects or for chronic experiments. For
example, this approach allowed rodents to move through tubes that would have been
impractical using a fully wired system (Singer et al., 2020), as well as the recording of long-
term measurements compatible with home cage transmitter setups (Montgomery et al., 2015;
Shin et al., 2017). In the case of large animals and humans, this relay might consist of a
wearable electronic element (Fig. 2C), such as a mid-field powered wireless system
(Agrawal et al., 2017).

While the link between the base station and transmitter may be wired, or supported by
mature wireless technologies such as WiFi or Bluetooth, a significant challenge for next-
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generation implants is the link between the transmitter and the implant. This data and power
link must operate through tissue and bone and, in some cases, it must communicate with
millimeter-sized devices that cannot support traditional electromagnetic antennas. Here, we
describe three general designs for a wireless system and the performance tradeoffs that come
with the different wireless communication techniques (Fig. 2D). We have categorized these
wireless data communication and power transfer techniques as “Electromagnetic”,
“Magnetic”, or “Acoustic”; however, some techniques consist of mixed modalities and thus
could fall into multiple categories. One example is near field inductive coupling (NIC),
which we consider here as a magnetic technique because it is powered using a magnetic
field; however, NIC can also be considered to be an electromagnetic technique given that the
implant’s current is driven by an electromotive force. As a result, the reader may find these
techniques classified differently in other work based on the authors’ preference.

Electromagnetic Techniques:

Radio frequency signals (RF, ~2.4 GHz) are a kind of far-field electromagnetic waves that
implanted electromagnetic antennas use to transfer power and data to and from a transmitter.
In these systems, the implant will usually include a metal trace that is ~3 cm long in order
operate at resonance where the device can absorb the most power from the electromagentic
wave (1/4 of the wavelength of the 2.4 GHz singal). One can create smaller antennas
(Khalifa et al., 2019; Rahmani and Babakhani, 2017), but these compact designs typically do
not resonate with the RF wave, which results in reduced efficiencies and are more
challenging to design. As a result, the relatively large wavelength of RF signals is the
primary factor that limits device miniaturization. Despite this potential drawback, bi-
directional RF communication is relatively easy to implement because much of the
equipment and full research systems are available from commercial vendors. Another
advantage of this type of system is that RF works well when traveling through air, which
does not absorb electric or magnetic fields, meaning the transmitter does not need to be in
direct contact with the skin. Due of this, RF has applications in freely moving rodent studies,
such as home cage or open field experiments (Park et al., 2016b). However, RF is absorbed
in tissue and can cause damage if it exceeds safety limits, it is a good candidate for powering
shallow implants. Indeed, many RF implants are < 1 cm deep and located just beneath the
skin. In some cases, they may be wired to power more deeply implanted electrodes (Park et
al., 2016b).

Visible and near infrared light (~300-650 THz) is also used for_bi-directional
communication and power in miniature implants (Cortese et al., 2020). In such devices,
silicon photovoltaics, which capture input light and transform it to electrical current, provide
power to the device while a microLED communicates an output light signal. Light scattering
in tissue, where incident light is “scattered” away in various directions as it interacts with
tissue, limits these implants to shallow regions, again generally just beneath the skin. While
the power delivered by such implants is low relative to other techniques (typically 60 uw or
lower), they can be made to be exceptionally small (8 um x 75 um x 175 um). As a result,
optical links are a good candidate for surface or tethered implant applications where other
types of wireless implants would be too large. For example, researchers have used these
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miniature prototypes as an implantable temperature sensor in mice (Cortese et al., 2020) and
have proposed a system that would record neural activity (Lee et al., 2018b).

Midfield electromagnetic waves (MDF, 1.6 GHz) offer yet another option_to deliver
energy to miniature implanted coils wirelessly in rodents and large animals (Agrawal et al.,
2017; Montgomery et al., 2015). At MDF operating frequency, the electric component of an
electromagnetic wave is engineered to couple into tissue, allowing for deeper tissue
penetration (up to 4.5 cm deep has been demonstrated in a porcine animal model), at safe RF
exposure levels (Agrawal et al., 2017). This prototype method can also be used to power
shallow (below-skin) rodent implants over a behavioral area (Montgomery et al., 2015). The
magnetic component is absorbed by the implanted coil to inductively power the electronics.
Due to the safety limits that restrict the amount of energy the transmitter can deliver to the
tissue, the received power is typically limited to a maximum of about 1 mW. Due to tissue
absorption, the received power decreases further when the implant is placed deeper into the
tissue. While this method has yet to demonstrate the transfer of data back to the transducer,
it remains a good candidate wireless data and power transfer technology for low-power
implants that are millimeters to centimeters below the surface of the skin.

Magnetic Techniques:

Near field inductive coupling (NIC) is another commonly used wireless power system that
has commercial systems and equipment available for it and that can support bi-directional
communication. This traditional technique uses alternating magnetic fields (usually 13

MH?z) delivered to an implanted resonant inductive coil. The implant captures the magnetic
flux and induces a current in the coil. The resonant frequency of these implants is tuned
based on the inductance of the coil and an onboard capacitor. Magnetic fields at these
frequencies suffer little absorption in tissue; however, the power the implant can gather
depends upon the coil area and alignment with the transducer. As a result, most bioelectronic
applications require a larger coil, >1 cm in diameter, to receive adequate power transfer. In a
prototype inductive system that operates a rodent implant over a behavioral area (Shin et al.,
2017), the implant was approximately 1 cm in diameter, implanted just below the skin, and
able to receive 8 mW of power. In small animals, pickup coils of this size typically cannot be
implanted deep in the animal; however, large animals and humans can often support deep
implantation of cm-sized devices, depending on the target area. Similar to RF, NIC
technology is generally a suitable choice for shallow or tethered implants. However, one of
the major advantages of NIC is that increasing the size or number of turns in the pickup coli
will increase the received power. As a result, devices that are cm-scale and larger are often
most efficiently powered by NIC.

Magnetoelectric wireless power transfer (ME, 250-400 kHz) also uses magnetic fields to
deliver power to a miniature implant (Nan et al., 2017; Singer et al., 2020; Yu et al., 2020a).
The implant combines a magnetostrictive and a piezoelectric material. An alternating
magnetic field applied to the magnetostrictive component generates stress within the device,
which is transferred to the piezoelectric element and converted to an electrical signal used to
power an implant. These implants have acoustic resonant frequencies, which allows for
miniature resonant devices. For example, a prototype implant in a freely moving rat
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delivered up to 2 mW of power to a mm-scale device implanted under the skin (Singer et al.,
2020). Yu et al. further developed this technique and created an 8.2 mm3-sized neural
stimulator that also used ME to receive digital data (Yu et al., 2020a). However, data
transmission from the implant back to the receiver has yet to be demonstrated using ME
techniques. As a result, the current ME methods are best applied to devices with on-board
data storage, such as neural stimulators or recorders, where the ability to transmit data from
the implant to the base station is not a major design requirement. Compared to NIC, ME
techniques typically have higher power densities when devices are made small. As a result,
ME data and power transfer are particularly attractive for mm-sized devices that operate at
mW levels deep below skin and bone.

Acoustic Techniques:

Ultrasound (US, 1.85 MHz), has also emerged as an alternative for wireless power transfer
using safe levels (692 mW cm™2) of pressure waves to deliver power to a small implanted
piezoelectric crystal (Piech et al., 2020; Seo et al., 2016). The piezoelectric absorbs the
pressure waves and transduces them to electrical energy, which is harvested and used to
power low-power electronics. These piezoelectric crystals are small because they naturally
vibrate at wavelengths that are smaller than electromagnetic waves of the same frequency.
Recent demonstrations have shown, a 1.77 mm?3 US powered neural stimulator delivers up to
~1 mW of power (Piech et al., 2020)). Notably, US can also be used to transfer data back to
the transducer using the reflection of ultrasound waves that travel back to the ultrasound
transmitter/receiver. This bi-directional communication has been demonstrated with a 2.4
mm?3 device on rodent sciatic nerve (Seo et al., 2016). One potential drawback for US data
and power transfer is the fact that the transducer must be in direct contact with the body
using impedance matching gels or foams. While miniature US transducers can be carried by
rats (Lee et al., 2018c), the size and weight may be impractical for mice and for many
experiments that involve freely behaving small animals. Additionally, acoustic reflection at
the tissue bone interface can decrease data and power transfer through the skull, leading to
the proposal for subdural US transducer arrays (Seo et al., 2015). Despite these potential
limitations, US has emerged as a promising wireless power and data transfer method for
next-generation simulation and recording devices, particularly for humans and large animals.

The use and combination of these different power-transfer techniques lead to three general
classes of wireless implants with different degrees of invasiveness (Fig. 3): 1) A shallow
wireless link (through skin) between a transmitter on the scalp and a receiver below the skin
that is wired to a cortical or sub-cortical device; 2) a deep wireless link to subcortical s via a
relay implanted beneath the skull; and 3) a deep wireless link (through skin and skull)
directly between a transmitter on the scalp and subcortical implant. In the first case (Fig.
3A), all the wireless data and power transfer techniques perform well over short distances. In
particular, RF, NIC, and light, are well suited because tissue absorption is not a major
concern for this configuration. This setup is also commonly used in rodent neural implants
where brain regions are too small to implant power-harvesting devices into the tissue
directly.
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The second case (Fig. 3B) consists of secondary implanted relay channels and transmits
power wirelessly to distributed device(s) that are too deep, too small, or too numerous to be
wired directly to a cortical receiver. This relay system also allows for multiple modes of
wireless power to be used in one application, where a single relay station can communicate
individually with multiple small optical or ultrasound devices (Lim et al., 2020; Seo et al.,
2016).

The third case (Fig. 3C) consists of a deeply implanted small device that can be activated
directly from the external transducer. Devices such as these generally use MDF or ME
power transfer techniques. They will likely see many future applications for minimally
invasive deep implants in larger animals, when devices must be small and implanted relays
are impractical or undesirable.

In the future, new hybrid implants that combine different modes of power transfer could
enable wireless closed-loop implants to be generated that could stimulate and record neural
activity deep in the brain. (Fig. 3D) Furthermore, new techniques to reduce the power
required at the implant and to reduce the footprint of the required electronics will also lead
to smaller, less invasive bioelectronics for all power transfer techniques. Ultimately, the
choice for the best wireless data and power delivery system will likely come down to a
choice between performance and invasiveness under specific experimental constraints. For
example, the implant depth, size, and power requirements, along with the ability to perform
a large craniotomy and to maintain contact between the external transmitter and the implant,
will all factor into the decision about which technology to use for a given application.

Electronics for neural interfaces

The electronics part of a bidirectional neural interface bridges the gap between the neural
implant and the computer. A typical implementation consists of five major building blocks
(Fig. 4), namely amplifier, filter, analog-to-digital converter (ADC), stimulator, and
communication interface. The rationale behind this architecture is explained as follows.
First, typical neuronal signals are weak, ranging in amplitude from tens of pV to several mV,
and thus require sufficient amplification with low noise. Second, depending on the specific
frequency ranges of interest, i.e., field potentials (<1 Hz to 300 Hz) or action potentials (300
Hz to 10 kHz), spectral filtering is often necessary to reject interferences and noise outside
the desired frequency band. Third, since computers can only process and store information
in the digitalized format as a series of ones and zeros, ADC is used to convert the analog
neuronal waveforms into binary digital streams. Fourth, neurons can be electrically
stimulated using current or voltage pulses, which are generated by a programmable
stimulator in the stimulation path. Finally, the bidirectional communication interface sends
the recording data to a computer for signal processing and decodes the commands from the
computer to program the chip. The discussion in this section focuses on integrated neural
recording/stimulation chips rather than discrete instrumentation circuitries. Since integrated
electronics combine all the necessary building blocks into a single silicon chip, they offer a
much smaller footprint and lower cost and can be directly packaged with neural implants as
a wearable device for longitudinal experiments.
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Depending on the application, the goals of neural interface design and in turn the electronic
design fall under two major categories. 1) Applications such as brain-machine interfaces
(BMI) necessitate a high channel count and fine spatial-temporal resolution to enable large-
scale and high-density monitoring of neural activities. In these applications, the design
emphasis has been on lowering down the power consumption and area of the electronics to
enable battery-powered wearable devices while maintaining a high signal fidelity. 2) On the
other hand, miniaturized neural implants for recording and stimulation of a small region of
the central or peripheral nervous systems typically require much fewer channels compared to
a BMI, but prefer untethered operation. The key design focus there is to integrate wireless
data/power transfer into the device.

Integrated Electronics for High-Channel-Count Interfaces.

The first design of integrated neural recording amplifiers packaged with a microelectrode
array was presented in 1971 (Wise and Angell, 1971). Since then, significant research
progress has been made in integrated neural electronics to increase the number of parallel
channels while maintaining low power consumption, noise, and size. State-of-the-art in-vivo
neural recording chips can monitor up to approximately a thousand parallel channels with
~50 UW averaged dc power per channel (Mora Lopez et al., 2017; Musk and Neuralink,
2019; Park et al., 2018; Shulyzki et al., 2015). On the other hand, although not designed for
in-vivo applications, several /in-vitro neural recording chips have demonstrated parallel
recording with more than 1,000 channels. In 2017, Dragas et al. presented a high-density
neural recording chip that enables simultaneous recording of 2,048 channels out of 59,760
on-chip microelectrodes (Dragas et al., 2017). While the co-integration of 3 x 7.5 um? on-
chip microelectrodes and off-chip implanted neural probes present a significant challenge for
packaging (Obaid et al., 2020), the rest of on-chip circuitry achieves a similar electrical
performance compared to chips designed for /in-vivo applications and can be potentially
scaled up to construct an /n-vivo recording/stimulation chip with several thousand channels.

Remarkably, the electrical performance of state-of-the-art neural recording chips is
comparable to that of commercially available benchtop electrophysiology signal acquisition
systems. From a user’s perspective, the selection of which chip to include or emulate in the
interface design mainly depends on the targeted neuroscience application and in turn the
requirements of channel counts, power budget, and the packaging scheme. To better
benchmark the electrical performance of neural recording chips from a system designer’s
perspective, two figures of merits are proposed in (Park et al., 2018). The first figure of
merit, called Channel FoM, is defined as

Pch

Channel FoM =
2N rs

where Pcy, is the averaged power consumption per channel, N is the effective number of bits
of the digitized output, and % is the ADC sampling rate. £ is typically set as twice that of
the highest frequency content of interest, e.g., 20 kHz for recording action potentials. With a
fixed sampling rate £, a lower Channel FoM indicates better energy efficiency and lower
noise. The second figure of merit, called Energy-Area FoM (Park et al., 2018), includes
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channel area into comparison, which is an essential design parameter for wearable BMI and
directly affects the chip fabrication cost. It is defined as

Pch - Ach

Energy-Area FoM = N
27 fs

= Channel FoM - Acyp

where Acy, is the averaged area per channel. Fig. 5 summarizes the milestones of recently
reported neural recording chips and indicates the desired technology direction to further
improve the energy efficiency, area efficiency, and signal fidelity.

Electronics for Miniature Neural Implants.

Significant progress has been made in the last decade in miniaturizing wireless neural
implants to stimulate and record neural activity in addition to revolutions in wireless data
and power transfer technologies (discussed in Section 2), advances in system and circuit
designs drive the creation of smaller yet more capable neural implants. Here we discuss
specific system design challenges and solutions in miniaturizing wireless and implantable
interfaces for neural stimulation and recording.

Regardless of the modality of interface (electrical, optical, etc.), the core functionality of
stimulation implants is to perform well-controlled stimulation based on wireless commands.
A range of mechanisms has been developed to perform this task, ranging from simple,
analog controls with a few components to complex, digital systems that consist of thousands
of transistors (Fig. 6). These approaches achieve different trade-offs in device size,
complexity, controllability, and stability. By directly modulating the wireless carrier
waveforms with the desired stimulation pattern, the simplest and smallest implementation of
wireless stimulator can be achieved. The carrier waveform is sinusoidal if the wireless
modality is electromagnetics or ultrasonics. Otherwise, it will be a constant direct signal.
The implant recovers the stimulation waveform in real time with simple rectifier circuitry,
which extracts the amplitude of modulated waveforms (Fig. 6A). Examples of such
neurostimulators include: a 0.5-mm?3 inductively powered and amplitude shift-triggered
electrical stimulator (Freeman et al., 2017); a 0.01-mm3 optically powered and pulse-
triggered electrical stimulator (Seymour et al., 2014); a 0.009-mm? radio frequency-powered
and pulse-triggered electrical stimulator (Khalifa et al., 2019); and nm-scale magnetothermal
nanoparticles (Chen et al., 2015). The main drawbacks of this miniaturization approach is
that it leads to signal variability and achieves lower stimulation power. Wirelessly
transferred signal varies significantly /n vivo due to relative distance and alignment between
the transmitter and receiver, and physical properties of different mediums. These variations
will lead to inconsistent and unpredictable stimulation waveforms. Moreover, the lack of
temporary energy buffer, like a capacitor, in this scheme significantly limits the achievable
stimulation power. One of the highest reported power was 55.5 W (Seymour et al., 2014).

To address these challenges, a number of recent implantable neurostimulators employ
integrated circuits to regulate power and data transmission. The wireless signal to the
implants still carries stimulation information, but in the form of modulated digital bits. The
digital data is then decoded at the implant to program the stimulation amplitudes and pulse
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widths (Fig. 6B). Neurostimulators that utilize such a mechanism include: a 9.375-mm3
inductively powered 1-mW optical stimulator (Jia et al., 2019); a 8.2-mm3
magnetoelectrically powered 0.24-mW biphasic electrical stimulator (Yu et al., 2020b); and
a 1.7-mm3 ultrasonically powered 0.12-mW monophasic electrical stimulator (Piech et al.,
2020). When real-time control of a large number of electrodes is desired, a recent study has
shown the potential of completely embedding imaging sensors, signal processors on a 17.25-
mm? silicon chip to program stimulation for a retinal prosthesis (Fig. 6C), which
circumvents the wireless communication bandwidth and power bottlenecks (Park et al.,
2020b) (Fig. 6D).

Many neural implants are also designed to record and wirelessly transmit neural activity out
of the body to receivers (RX). The simplest, effective neural recorder was demonstrated with
a single transistor and ultrasonic transducer, which leverages low-power backscattering
technology to transmit captured neural signals (Seo et al., 2016). In backscattering, the
implant modulates the amplitude of incoming acoustic carrier waves generated by an
external transmitter (TX) with neural signals and reflect the waves (Fig. 6E). Digitization of
neural signals is pushed to external RX with much relaxed power budget. Because the
implant does not generate the carrier waves, its power usage is minimized. However, the
absence of a low-noise amplifier limits the fidelity of the recorded signal and restricts the
tissue operation depth range to less than 8.8 mm. In order to address these challenges, sub-
mm sized and ultra-low-power integrated circuits have been developed to perform low-noise
neural signal amplification. A 250 um by 57 um opto-electronically transduced mote
employs such an integrated circuit to amplify neural signals and perform less noise sensitive
pulse position modulation of light for data upload, which shows a working depth of around 6
mm limited by tissue attenuation (Lee et al., 2018a). A 0.8 mm3 ultrasonically transduced
mote further extends the depth to 50 mm and enables multi-mote recording through
orthogonal subcarrier modulation (Ghanbari et al., 2019). A major limitation of this type of
neural signal backscattering devices is that only one recording channel can be recorded and
transferred in each device. To support multi-channels, the amplified neural signals need to be
digitized by ADCs and transmitted with digital communication technologies (Fig. 6F). A
2.5-mm3 16-channel electro-cortical interface was demonstrated recently with this
architecture (Ha et al., 2017). The introduction of ADCs not only increases the number of
recording channels, it also largely avoids noise added during wireless communication by
leveraging noise tolerant digital communication technologies. Further, digitized neural
signals enables in-situ signal processing with energy-efficient integrated circuits and sending
out extracted features instead of the complete recordings (Fig. 6G), which promises orders
of magnitude reduction of wireless data rate and power consumption. A recent 1-mm3
single-unit activity recorder demonstrates the feasibility of such a system (Yeon et al., 2018).
Despite the many benefits provided by digitizing recorded signals, ADCs come with high
power consumption, dominating the total power of a neural recording implant. A recent
study explores the possibility of performing signal processing directly in the analog domain
before digitizing, which shows a 190 umby 170 um integrated circuit capable of extracting
spiking frequency bands with 920 times lower power than digital counterparts (Lim et al.,
2020). On-chip signal processing and feature extraction also enables the potential for
autonomous closed-loop neural modulators. (Fig. 6H)
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In summary, design optimization of (integrated) electronics to approach the system goals
(e.g. high channel count or miniaturization) of the implant and its integration into the neural
interface are critical to the success of the device, both for recording and stimulation at the
point of interest.

Bi-modal electrical-optical neural interfaces

Electrophysiological and optical imaging techniques have complementary strengths in
spatiotemporal resolution and coverage (Fig. 7A). Optical imaging techniques such as wide-
field and multi-photon calcium imaging (Guo et al., 2014; Helmchen and Denk, 2005;
Stosiek et al., 2003) have become extremely powerful in resolving neural activity over large-
scale networks. They, however, only provides an approximate reflection of spiking and have
time constants typically =100 ms (Chen et al., 2013), which is often too slow to resolve
neural dynamics on the time scales of milliseconds. Voltage imaging (Peterka et al., 2011)
may obviate these problems and can measure sub-thresholds events in local activity
(Abdelfattah et al., 2019; Adam et al., 2019). They, however, appear to confront limitations
in sensitivity and labelling density for mapping neural network at a larger scale. In contrast,
electrophysiological measurements have very high temporal resolution, and can record the
precise timing of individual action potentials. However, cell-type and cell-projection
specificity are harder, if not impossible, to achieve when using electrophysiological
measurements. Therefore, combining electrical and optical imaging modalities in the same
brain leverages their complementary strengths and provides a promising approach for
monitoring large-scale network activity simultaneously with the activity of local neural
populations at high spatiotemporal resolutions.

There are, however, a few challenges to address when it comes to integrating electrical and
optical measurements for /in vivo brain studies. First, optical excitation generates laser-
induced photoelectric artefacts in metallic electrodes that interfere with electrophysiological
measurements (Kozai and Vazquez, 2015). Multiple photoactivation modes, such as the
photovoltaic (Becquerel effect) and the photothermal effect, appear as transients or
oscillations in recordings that interfere with local field potentials (LFP) or single-unit
spiking activity, depending on the frequency and duration of the light stimulus. Furthermore,
conventional neural electrodes are oblique, rigid and optically opaque, which are ill-suited
for simultaneous optical measurements. Their implantation often imposes constraints on the
accessibility of the field of view and/or on the placement of an imaging microscope
objective (Poskanzer and Yuste, 2016).

Simultaneous electrical and optical recordings

Recent technological developments have provided valuable solutions to the aforementioned
challenges (Fig. 7B). First, because the artefacts from the photoelectric effect are dependent
on the laser-scanning rate at a fixed fequency spectrum and are often present at multiple
electrodes simultaneously, such artefacts can be attenuated by post-processing, for example,
by imposing digital bandstop filters (Shew et al., 2010) or common mode referencing
(Ludwig et al., 2009). Furthermore, the use of graphene as a novel electrode and
interconnect material has eliminated photoelectric artifacts, offering artefact-free
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electrophysiology in combination with optical imaging and stimulation on tissue slices
(Kuzum et al., 2014), on the brain surface (Park et al., 2016a) and deep in the brain in
rodents (Thunemann et al., 2018). Additionally, graphene is optically transparent, which,
when fabricated on a transparent substrate such as parylene C, avoids light attenuation when
transmitting through the electrode and the subsequent shadow effect. Other novel materials,
such as ZnO (Lee et al., 2015), carbon nanotube web-like thin films (Zhang et al., 2018), and
transparent organic transistors (Benfenati et al., 2013; Lee et al., 2017), have also been
successfully used to construct neural electrodes for concurrent optical imaging. Lastly, the
emerging emphasis on the flexiblility of neural electrodes provides a viable solution to the
geometrical contraints that exist between optical and electrical modalities. These flexible
probes bend without breaking. For example, ultraflexible electrodes at a total thickness of 1
pm can bend at a radii of curvature of < 100 um (Luan et al., 2017). This permits one or
more devices to be inserted underneath or through small hole(s) in an imaging window and
then bent out of the way without interfering with cranial optical window implantation or
with the placement of microscope objectives.

Owing to the versality of optical methods, these flexible and transparent electrodes have also
been used alongside various imaging modalities, such as laser speckle contrast imaging of
cerebral blood flow (Luan et al., 2018) and optical coherence tomography of micro-
vasculature (Park et al., 2016a). Such combinations enable the simultanenous monitoring of
multifaceted brain activity, such as neurovascular coupling (He et al., 2020). In vivo imaging
is also useful in the development and optimization of electrode technologies by enabling the
tissue-electrode interface to be visualized. For example, the longitudinal two-photon (2P)
imaging of neurons, microvasculature and astrocytes surrounding implanted ultraflexible
electrodes has shown that tissue damage caused by implant surgery recovered over a period
of a few weeks, and that there was an intact blood-brain barrier and no chronic neuronal
degradation nor glial scarring (Luan et al., 2017). 2P calcium imaging before, during, and
after electrode implantation has also shown that rigid electrode implantation leads to
prolonged, elevated calcium levels in neurons within 150 um of the electrode interface that is
related to mechanical trauma (Eles et al., 2018). 2P imaging of microvasculature has also
been used to determine brain compression and tissue damage during device implantation as
a function of the device’s form factors (Melosh, 2019).

Optical stimulation with electrical recordings

A powerful optical approach to deciphering functional neural connectivity is optogenetics
(Boyden et al., 2005). Exciting advances have generated genetic tools that can be used to
precisely manipulate individual neurons and specific cell types, and these tools have fuelled
the demand for devices that can simultaneously perform electrophysiological recordings and
optical excitation. Because the visible light needed for opsin activation is scattered and
absorbed by neural tissue, optogenetic neuromodulation relies on implanted devices that can
deliver optical stimuli deep into the tissue. Early approaches centered on constructing or
packaging passive optical waveguides onto mature neural recording devices, such as Utah
arrays, Michigan probes, tetrodes and microwires, which previous review articles have
summerized (Chen et al., 2017). More recent technologies have focussed on suppressing the
stimulation artefact, accomodating more functionalities, and on providing flexible and
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minituarized form factors, as well as scalibiity in fabrication. Most of the transparent
electrodes discussed above provide artefact-free electrical recording concurrently with
optical stimulation (Kuzum et al., 2014; Lee et al., 2015; Park et al., 2016a; Thunemann et
al., 2018). The monolithic fabrication of uLEDs and their integration with Michigan probes
has been used to provide 12 uLEDs on each 32-channel shank. The resulting probe has
enabled depth-defined recording and channelrhodopsin (ChR2)-mediated optogenetic
stimulation in the rat hippocampus (Wu et al., 2015a). A similarly scalable method was
developed further to fabricate high-density, flexible optoelectronic neural probes with
embedded pLED to improve the tissue-probe interface (Reddy et al., 2019). In addition,
thermal drawing, which is commonly used in optical fiber production, has recently enabled
the straightforward and cost-effective integration of polymer optical waveguides with
conductive electrodes made of low-melting-temperature metals (Canales et al., 2015) or of
polymer composite (Park et al., 2017). The diameters of these multifunctional probes was as
small as 70 um, leading to considerably less glial response and to less damage to the blood
brain barrier after implantation (Canales et al., 2015). Further optimization of the design and
fabrication process of these multifuctional probes have enabled one-step fabrication (Park et
al., 2017) and minimal photoelectric effects that permited continuous light stimulation at low
frequency during recording (Kilias et al., 2018). Lastly, an alternative approach to construct
multifunctional probes was realized by conformally attaching ultralflexible electrode arrays
onto conventional optical fibers. Because the ultra-thin coating devices were fabricated
separately using planar photolithography, high resolution and high throughput can be
achieved without being limited by the geometry and materials of the optical waveguide
(Zhao et al., 2017).

Taken together, these exciting developments in device technologies and in the methodologies
used to integrate neural recording with optical modalities have greatly expanded the
spatiotemporal resolution and coverage of these devices, and thus our ability to map and
manipulate brain functions. Furthermore, many of these devices can be adapted to
accommodate additional modalities to measure and control the brain’s chemical activity,
such as electrochemical sensing through functional materials on flexible (Fan et al., 2020) or
rigid (Taylor et al., 2019) electrodes, and the in vivo delivery of neurotransmitters through
multifunctional fibers (Park et al., 2020a). These integrated approaches will open up new
opportunities to elucidate the links between the electrical and chemical activity in healthy
and diseased brains.

From signals to key features: neural data processing

The broadband signals acquired by neural interfaces generally contain two types of voltage
signals. The high-frequency spikes (300 Hz to 10 kHz) are the extracellular action potentials
generated by individual neurons as measured by intracortical microelectrodes, and the low-
frequency field potentials (<1 Hz to 300 Hz), derive from a population of neurons in a small
volume of tissue. In this section, we review recent progress in spike sorting — the process of
detecting spiking events and assigning different spike waveforms to putative single neurons
(Gold et al., 2006) — and in extracting features from low-frequency extracellular field
potentials (Fig. 8). Prior to analyses, the neural signals often undergo pre-processing to
ensure that the signals do not covary due to non-biological confounds, such as electrical
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cross-coupling, line noise, or the artificial splitting of neuronal responses in recording,
which can lead to fallacious inferences. The pre-processing typically uses one or a
combination of the following schemes: whitening, common average referencing, surface
Laplacian transform, and Independent Component Analysis (ICA) (Whitmore and Lin,
2016).

Spike detection and classification.

Spike sorting typically consists of a sequence of steps, including band-pass filtering the data,
detection of threshold-crossing events, feature extraction of the spike shapes, and clustering
of the waveforms (Lewicki, 1998). Classical spike sorting algorithms were designed to work
with a small number of electrodes (typically a few tens of electrodes). However, these
algorithms suffer from substantial limitations when they are used to process neural data
generated from higher density electrode arrays with a much larger channel-count, for several
reasons. First, many algorithms do not take into account that a single neuron will evoke
spikes on many (tens of) electrodes. The automated clustering process in these algorithms,
while working well at low dimensions, often performs poorly as the dimension of the
analyzed data increases, an effect termed as the “‘curse of dimensionality’ (Rossant et al.,
2016). Second, previous algorithms require substantial manual processing, such as curating
the results by selecting which clusters to split, merge or reject (Einevoll et al., 2012). The
manual process, while manageable with low-count probes, cannot scale up to hundreds and
thousands or more channels. Third, the resolution of spatiotemporally overlapping spikes
becomes both more tractable and more important with more channels and with higher
contact density, which is not sufficiently considered in these algorithms.

Multiple algorithms and systems have been developed to meet these needs for spike sorting
of high-channel count, high-density electrode data. To resolve the problem of temporally
overlapping spikes, Klustakwik algorithm detects spikes as spatiotemporally connected
events based on the prior knowledge of the probe geometry (Rossant et al., 2016). It uses a
dualthreshold (weak and strong) approach to allow areas joined by weak threshold crossings
to be merged and to avoid spurious detection of small-noise events. When assigning spikes
to neurons, it employs a mask vector in addition to a feature vector in principal component
analysis (PCA), which allows temporally overlapping spikes to be clustered as coming from
separate cells (Rossant et al., 2016). Kilosort (Pachitariu et al., 2016), an open-source
software suite, takes advantage of a novel mathematical approach that omits spike detection
and PCA and instead combines the identification of template waveforms and associated
spike times in a single unified model. This approach, together with the computing
capabilities of low-cost commercially available graphics processing units (GPUS), greatly
reduces the amount of calculation required and accurately sorts spikes from the output of
384-channel dense probes in approximately real time. SpyKing Circus (Yger et al., 2018)
can process recordings from thousands of electrodes with high sorting accuracy and real
time performance. The algorithm parallelizes density-based clustering to find the centroid of
each cluster rather than the border. It is combined with template matching to deconvolve
overlapping spikes in a computationally efficient manner to eliminate multi-unit activity
during clustering. MountainSort (Chung et al., 2017), another fully automated open-source
approach to spike sorting, uses an efficient, nonparametric, density-based clustering
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algorithm termed 1ISO-SPLIT in a low-dimensional feature space of the spike events. The
processing time scales linearly with the number of electrodes. Using multiple processors
with hyper-threading capability, it can cluster a 128-channel dataset much faster than real
time (Chung et al., 2017).

These novel, automating spike-sorting algorithms provide substantial advantages over earlier
methods, eliminating the need for manual curation, and improving processing efficacy and
accuracy. The on-going effort to further develop these approaches is focused on addressing
two remaining challenges: overlapping spikes and drift. Kilosort2 improves on Kilosort
primarily by employing drift correction, which changes the templates continuously as a
function of drift (Pachitariu et al., 2019). While these algorithms successfully resolve
coincident spiking events where the two neurons are sufficiently separated in space, they
cannot yet resolve spike waveforms that significantly overlap on the same electrode. Model-
based frameworks for post-sorting corrections may might be a viable approach to identifying
these events (Chung et al., 2017).

Lastly, but importantly, depending on the user-specific goal or the question to be answered,
spike sorting can be altogether skipped instead employing multi-unit threshold crossings to
estimate low-dimensional neural population dynamics (Deng et al., 2015; Trautmann et al.,
2019). This is particularly applicable when the multiunit recording channels substantially
outnumber the dimension of the underlying neural activity (Trautmann et al., 2019). These
findings provide a scientific rationale for relaxing the requirement on the sampling rate,
storage, processing, communication bandwidth, and power, and enable large-scale
electrophysiology in applications where these factors constrain the number of channels.

Feature extraction from field potentials.

Extracellular field potentials (Buzsaki et al., 2012; Pesaran et al., 2018) reflect activity of a
population of neurons, and are referred to as electroencephalograms (EEG) when measured
at the scalp, electrocorticogram (ECoG) when recorded with subdural grid electrodes, and as
local field potentials (LFP) when using invasive depth, micro or thin-film electrodes. The
magnetic field induced by the same activity is measured by the magnetoencephalogram
(MEG). Al field potential recordings have millisecond temporal precision, although they
differ in their spatial coverage, resolution and degree of invasiveness.

The LFP is a promising signal for steering neuroprosthetic devices (Einevoll et al., 2013),
brain-machine interfaces (Andersen et al., 2004) as it is more stably recorded in a chronic
setting than spikes. The growing development of large-scale, high-density electrodes (Chung
et al., 2019; Csicsvari et al., 2003; Khodagholy et al., 2015) greatly expands the possible
functionality that can be achieved from these devices. Several studies have used LFP to
investigate cortical mechanisms in motor planning (Scherberger et al., 2005), sensory and
higher cognitive processing (Belitski et al., 2008; Kreiman et al., 2006; Pesaran et al., 2002),
and seizure detection and prediction (Brunton et al., 2016; Erfanian and Aazhang, 2019).
However, the LFP signal is inherently ambiguous due to contributions from multiple sources
(Kajikawa and Schroeder, 2011; Lindén et al., 2011; Mukamel et al., 2005), like synaptic
potentials, somatic action potentials (spikes) and from distant sources due to volume
conduction, making them harder to interpret than spikes. Spikes are mostly an extracellular
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aggregate of membrane potentials largely measured at the soma. This can be resolved by the
development of appropriate mathematical models and computational tools based on
experimental validations and measurements (Brown et al., 2004; Stevenson and Kording,
2011) to disentangle local activity from remote sources. Some of the state-of-the-art data-
processing methodologies for LFP recordings are summarized below.

Local signals and their changes with experimental conditions are often assessed by
decomposing them into their constituent frequencies and performing spectral analyses.
Power density, which gives the distribution of energy with frequency and autocorrelation,
which finds repeated patterns in the time-series, are some of the analytical techniques used.
An assumption of these estimates is that neural activity is stationary, i.e. the properties of the
signal do not change with time, which is often unrealistic with transient events, such as
around stimulus onset, or even in the absence of sensory inputs (Einevoll et al., 2013;
Pesaran et al., 2018). Spectral estimates can be computed for periods when the signal is
locally stationary. The spectra of LFPs can also detect oscillatory events in the brain, such as
gamma and theta oscillations. Changes in spectral power within certain frequency ranges can
arise from an increase in the number of active neurons or to an increase in temporally
synchronous activity without increase in active neuronal numbers. Oscillatory events that do
not shape the spectrum can sometimes be detected with a peak in spike-field coherence
(SFC) — a measure of phase synchronization between the LFP signal and spike times as a
function of frequency (Buzséki et al., 2012; Pesaran et al., 2018). Changes in SFC have been
associated with certain cognitive or perceptual tasks (Chen et al., 2015a).

To capture dependencies between neuronal signals, linear measures, such as cross-
correlations and coherency measures, are often used to capture correlated patterns of
activity, using locally stationary time intervals. A critical confounding factor in this
approach is that both measures are influenced by the signal-to-noise ratio. To investigate
causal inferences with directionality among brain regions, Granger Causality (GC) is a well
understood and widely used method (Barnett and Seth, 2014). GC is a statistical hypothesis
test for determining whether one time-series has information to forecast another time-series.
However, the primary concern when using GC is potential model mismatch, since the
measure depends on parametric models. Nonparametric estimates are preferred as they have
improved bias and variance properties. Recently, information theoretic tools, such as
Directed Information (DI) and Transfer Entropy (TE) (Amblard and Michel, 2013), have
gained prominence in neuroscience due to their applicability to a wide range of neural
recordings (spikes and field potentials) (Cai et al., 2017; Malladi et al., 2016), without model
assumptions. While a larger number of samples are required to estimate such directional
causality compared to GC, recent developments in information theoretic estimation using the
nearest neighbor approach (Gao et al., 2015) and deep learning (Gabrié et al., 2018) have
greatly improved the accuracy of these tools, even when using lower sample regimes.

Another basic question is whether LFPs reflect local activity or that of remote sources.
Because different neuronal activities could generate the same field potentials (Pesaran et al.,
2018), it is not possible to interpret field potentials as a sum of their cellular sources.
However, using LFPs from invasive, high-density electrodes, current-source density (CSD)
analysis can reveal sources and sinks that contribute to the LFPs. Spurious inferences can be
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avoided by making field potential measurements in all three spatial directions, or by using
prior constraints and assumptions (Potworowski et al., 2012) The estimation of the density
of trans-membrane current sources (CSD) generating the LFP can help localize synaptic
dynamics.

The parallel multi-region recording of neuronal activity promises to improve our
understanding of the neuronal representation and storage of information (Brown et al., 2004;
Stevenson and Kording, 2011). With multiple recordings, dimensionality reduction
techniques, such as Gaussian process factor analysis (GPFA) and state-space methods
(Cunningham and Byron, 2014), have been used to extract lower dimensional features that
have been used for the visualization and de-noising of the signals, although interpreting
these features of statistical interest in terms of their biological function or correlates remains
a challenge.

Recently, graph theoretic approaches have enabled considerable advances to be made in
understanding the organization of functional and anatomical connections in the brain (Van
Wijk et al., 2010). Using these approaches, the graph of functional correlates of LFP signals
can be evaluated to find clusters of connectivity, central hubs, and other graph features, and
to study how network properties vary with different conditions. The advent of parallel LFP
recordings necessitates the development of advanced computational tools that can deal with
high-dimensional data, to yield future novel insights into the inner workings of the brain.

With nearly 100 billion neurons and 100 trillion connections, how the brains circuits enable
its function remains one of the greatest unsolved enigmas in science and engineering. In
recent years, electrical neural interfaces have been developed to support the interrogation of
highly complex brain circuits that can involve vast numbers of neurons at diverse
spatiotemporal scales. In this review, we discuss exciting recent advances in multiple areas
of electrical neural interface development, including the design of neural electrodes that
record at larger spatial scales and over longer durations, novel mechanisms that permit
wireless interfaces, specialized ASICs that allow more efficient interfaces, the integration of
electrical interfaces with optical methods to improve resolution and coverage, and the
creation of algorithms to extract features from neural recordings. The application of these
advances has markedly improved our capability to interact with the nervous system.

We envision that electrical neural interfaces will continue to be of paramount importance for
neuroengineering and neuroscience, and need breakthrough innovations to address key
technical challenges. Further improvements in their spatiotemporal scales is of top
importance. For instance, extending stable recording period of individual neurons from
months to lifetime could enable a number of exciting clinical applications; a massive scaling
of the number of neurons being simultaneously recorded in a brain could lead to a paradigm
shift in neuroscience studies (Kleinfeld et al., 2019). Further, we will also need to engineer
integrated electronics that are compact and power efficient, and to develop innovative
approaches for wireless transmission. Meanwhile, the ever-growing dimensions and
diversity of neural data necessitate a drastic improvement in algorithms. While many of
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these challenges appear daunting, we do not foresee any limitations imposed by fundamental
underlying physical principles. Lastly, we emphasize that the timely dissemination of new
technology, which requires joint effort and close collaboration between academia and
industry, is equally important.
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Box 1:

Spatial, temporal, and compositional diversity present challenges to
electrical neural interface design

Spatial scales.

Neural circuits span wide spatial scales in the brain: they consist of nearby clusters of
neurons, as well as neurons distributed across multiple brain areas. On the microscale, we
need high spatial resolution in three dimensions (3D) to capture local information
processing. This is because each cortical neuron receives 3000 — 10,000 synaptic
contacts, more than half of which are thought to arise from neurons within a 100 — 200
um radius of the target cell (Jerison, 1992). On the macroscale, we need large scale and
flexibly distributed coverage to detect neural dynamics at a high density, in not just one
region but across multiple regions.

Time scales.

Neural activity occurs across broad time scales in the brain: moment-by-moment
information processing takes place on the timescale of milliseconds to seconds, reflecting
synaptic transmission and spiking. In addition, changes in activity patterns that support
adaptation, learning, memory, development, injury, and degeneration can occur
throughout a lifetime and on timescales ranging from seconds (synaptic strength), days to
months (circuit remodeling) to years (development and degeneration). Timescales and
spatial scales both also vary, sometimes by orders of magnitude, with the subject
organism’s size and lifespan.

Anatomical diversity.

Brain structure and organization is remarkably different across species and varies across
individuals. Functionally distinct brain regions have unique anatomical organization,
including tissue geometry, cell types — both neuronal and non-neuronal, cell density, and
indeed cellular shape and complexity with various physiological and developmental
stages. Furthermore, the brain’s neural networks consist of a large number of neurons and
also an equal number or more of supportive glial cells, and a dense vascular network that
the cells interact with. The challenge in monitoring and especially in manipulating the
activity of neural networks with such varying composition is, predominantly, one of
attaining spatio-temporal precision in design, during implantation, operation and data
processing steps of electrical neural interface engineering.
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Figure 1.
General construction of an electrical neural interface.
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Figure 2. System overview of wireless neural interfaces.
(A) A “fully wired” system, or (B) a “wired transmitter” system generally used with rodent

acute or chronic experiments, respectively, or (C) a “wireless transmitter” system, generally
used with large animals or humans, which delivers data and power between a base station,
transmitter, and implant to specifically control neural stimulation and/or recording. (D) A
comparison of the advantages and limitations of different forms of wireless signal between
the relay and the implant shows design considerations for next generation wireless systems.
Abbreviations: BCI: Brain computer interface, MDF: Mid-field, NIC: Nearfield Inductive
Coupling, RF: Radio-frequency electromanetic, US: Ultrasound
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Figure 3. A comparison of Different Wireless Implant Types.
Schematics of experimental configurations that feature a wireless signal sent from a base

station and transmitter to: (A) a tethered shallow implant anchored above the skull with an
electrode penetrating to deep brain areas; (B) a secondary relay implant projecting wireless
signals from the relay to smaller deeply implanted devices; or (C) a deep brain wireless
implant. (D) Comparison of the compatibility of different forms of wireless, power-transfer
methods for each of the three implant categories, indicating suitable candidates for different
implant types. Abbreviations: MDF: Midfield, NIC: Nearfield Inductive Coupling, RF:
Radio Frequency, US: Ultrasound.
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Figure 4. System architecture of the electronics part of a bidirectional neural interface.
In the recording path, the neuronal signals are amplified, filtered, and then converted to

binary digital data streams. In the stimulation path, the stimulators generate appropriate
stimulation pulses to be delivered by the neural implant. A wireless or wired communication
interface sends the recording data to the computer for signal processing and receives the
computer commands to program the chip.
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Figure 5. Channel FoM and Energy-Area FoM (proposed in Park et al., 2018) of recently
reported neural recording chips.

With a fixed sampling rate, a lower Channel FoM indicates better energy efficiency and
lower noise. The second figure of merit, called Energy-Area FoM, evaluates how efficiently
both energy and area are used to realize neural recording chips.
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Figure 6. System schemes for neural stimulating and recording implants.
Stimulator schemes with (A) analog programming of stimulation; (B) digital programming

of stimulation; (C) sensor-controlled stimulation. (D) A comparison of the above stimulator
mechanisms. Recorder schemes with (E) analog backscattering of recorded neural signals;
(F) digital communication of locally digitized neural signals, (G) digital communication of
locally processed features of neural signals. (H) A comparison of the above recorder design
methods.
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Figure 7. Integration of electrical and optical neural interfaces.
(A) Electrophysiological and optical methods have complementary strengths, in the spatial

and temporal resolutions, spatial extent, longevity and number of neurons measured
simultaneously. (B) The integration of both methods provides a promising avenue for
monitoring large-scale neuronal activity at high spatiotemporal resolutions. Green shading:
light. Not drawn to scale. Numbers in (A) derived from (Chung et al., 2017; Jun et al., 2017;
Lin and Schnitzer, 2016; Luan et al., 2017)
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Figure 8: The data-processing pipeline for neural data.
Neural signal is pre-processed for noise removal and filtered into two frequency domains:

field potential at lower frequency (<1 Hz to 300 Hz) and spiking activity at higher frequency
(300 Hz to 10 kHz). Key techniques are listed in the text.
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