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Large-scale electrophysiology 
at single-spike resolution
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Abstract

Recent advances in electrode technology — including the development 
of Neuropixels and SiNAPS probes — have made it possible to routinely 
capture spike trains from thousands of neurons distributed across the 
brain. Widespread dissemination of these tools has not only yielded 
new discoveries but also changed the way in which neuroscientific 
questions are asked and answered. In this article, we describe the 
motivations for collecting electrophysiological recordings on 
this scale, review the basic physical principles underlying these 
measurements and discuss key considerations for generating 
optimally useful datasets. We compare the latest devices for large-scale 
recordings and address challenges and opportunities in data analysis, 
rigour, reproducibility and data sharing. Finally, we provide a roadmap 
for future advances in this space. We argue that widely available 
hardware, software and protocols are now empowering scientists 
to perform experiments matched to the scale and complexity of the 
neural circuits that underlie complex mammalian behaviours.
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distributed data in each experiment, researchers can now assemble 
substantially larger datasets within a single study. This has given rise 
to a new experimental paradigm: the electrophysiological survey. 
Such surveys systematically sample spiking activity under similar 
behavioural conditions in different populations of neurons. Surveys 
may aim for broad coverage across the brain11–14 or focus on denser 
sampling within specific regions15–18. With the latest tools in hand, a 
single experimenter can now record the activity of tens of thousands 
of neurons, whereas coordinated teams can generate datasets contain-
ing hundreds of thousands19. These surveys have raised fundamental 
conceptual questions for the field: to what extent cognitive and motor 
functions of the brain rely on distributed networks versus localized 
processing20,21; and whether the very concept of a brain ‘region’ has 
outlived its usefulness22.

The brain activity patterns that underlie perception and cognition 
are not only widespread, they are fast. The timescales of neuronal spik-
ing are typically dozens to hundreds of milliseconds23–25, and relevant  
frequency ranges span from very slow26 to more than 100 Hz (ref.  27).  
A notable example of such fast activity patterns are sharp-wave ripples  
in the hippocampus, which last only around 100 ms but within which 
the precise ordering of spiking events across neurons may contain 
information about past experiences or future plans28. A recent preprint 
has suggested that precise temporal ordering of neuronal spiking on 
the timescale of dozens of milliseconds may be a general feature across 
the brain29. Such fast timescales of neural activity are to be expected, 
given that full sensorimotor behaviours, from stimulus onset to action 
initiation, can unfold over just dozens or hundreds of milliseconds30,31.

Electrophysiology is currently the technique that best matches 
the brain’s intrinsic spatial and temporal scales, capturing both the 
distributed structure and fast dynamics of neuronal activity (Fig. 1). 
Thanks to the widespread availability of easy-to-use recording devices, 
neuroscience has entered a new era of democratized large-scale elec-
trophysiology. This is further supported by refined surgical methods 
for accessing the brain, open-source software for data acquisition and 
analysis, and a growing ecosystem of publicly available datasets. As a 
result, the ability to perform science at this scale, whether by data col-
lection or analysis, has become accessible to a far broader segment of 
the community than ever before.

In this Review, we first outline the physical properties of the sig-
nals associated with spikes, and explain why implanted electrodes 
are the best available tool for measuring them. We then survey the 
devices that enable recordings from more than a thousand channels 

Introduction
Neuroscientists face a seemingly daunting task: the number of neu-
rons producing behaviourally relevant signals exceeds our capacity 
to record from them by many orders of magnitude. The human brain 
contains roughly 86 billion neurons, whereas a mouse brain has around 
70 million1. This makes the task of inferring brain function from record-
ings of hundreds or even thousands of neurons akin to discerning a 
movie’s storyline by watching a handful of pixels on a screen. Yet similar 
to the flickering of a pixel inside a digital display, the state of an indi-
vidual neuron is highly correlated with that of its neighbours, as well as 
with the broader ‘plot’ — the sequence of internal states and behaviours 
that guide an animal towards its goals. Thus, recording from the right 
combination of neurons, coupled with models that capture how their 
activity relates to that of their unobserved neighbours, should make 
it possible to infer the presence of global activity patterns despite a 
limited sample size. This may allow us to gain a comprehensive under-
standing of the neural basis of behaviour without needing to record 
every spike from every neuron, a feat that may never be achievable2. For 
example, the position of a rat in a 2D environment can be reconstructed 
to within 1 cm from the spike trains of around 100 pyramidal cells in the 
CA1 region of the hippocampus3, which represent fewer than 0.1% of 
the neurons in this structure4. Studies have shown that behaviourally 
relevant variables can be extracted from similarly small populations in 
other circuits5–8, suggesting that this redundancy is a general feature 
of neural activity.

If such insights can be gained from recordings of just a few dozen 
neurons, what new principles might emerge when we can monitor much 
larger populations? Recent advances in extracellular electrophysiol-
ogy, driven largely by the application of complementary metal-oxide 
semiconductor (CMOS) manufacturing processes to electrode fab-
rication, are beginning to provide answers to this question9. Devices 
containing hundreds of recording sites spread over several millimetres 
of tissue can uncover population-level structures in neuronal activ-
ity that would remain hidden with more limited sampling. A striking 
example is the toroidal manifold formed by the activity of specialized 
‘grid’ cells in the rat medial entorhinal cortex, the discovery of which 
required simultaneous recordings from more than a hundred cells 
within small regions called ‘grid modules’10.

Perhaps even more impactful than the denser sampling within 
individual brain regions that these technologies enable is their ability 
to record from hundreds or thousands of neurons across multiple brain 
regions simultaneously. By generating far richer and more spatially 

Fig. 1 | Comparing the spatial and temporal scale of neural recording 
techniques. A fundamental goal of systems neuroscience is to uncover the 
patterns of neural activity that generate behaviour at the scale of the whole 
organism. a, Although a mouse brain contains approximately 30 million neurons 
(excluding cerebellar granule cells)1, many aspects of behaviour can be described 
using far fewer variables. An instructive analogy, depicted here, is decoding 
the content of a movie: it is not necessary to observe every pixel to understand 
what is happening, although interpretation becomes easier when more pixels 
are available over larger spatial scales, allowing the observer to track the action 
in real time. To illustrate this idea, we can visualize the fraction of pixels in a 
1,280 × 720 movie that would be simultaneously accessible via four different 
recording modalities. For each modality, we depict an approximate field of 
view (FOV; the sampled spatial extent) overlaid on a mouse brain slice (left panel), 
one frame of the movie as ’seen’ by each modality, assuming ~30 million neurons 
are compressed into ~900,000 pixels (middle panel), and how the dynamic 
movie would appear, given each modality’s spatial and temporal sampling 

constraints (right panel). b, An analogue for extracellular electrophysiology, 
which can currently record from around 3,000 neurons67, would detect rapid 
changes in around 90 pixels distributed in 3 locations. Although the static view 
is relatively uninformative, the presence of a brown character moving from left 
to right is readily discernible in the pixels × time array. c, An analogue for voltage 
imaging, which can currently record from around 300 neurons at a time77, also 
detects fast changes in the scene but over a much smaller spatial scale, making 
interpretation more difficult. d, The calcium imaging analogue can sample 
around 30,000 pixels at once (equivalent to the 1 million neurons captured by 
this technique69), but much of the structure is obscured by motion blur due to 
the relatively low sampling rate. e, Functional ultrasound can capture a field 
of view that spans nearly half the mouse brain305, but records haemodynamic 
signals (analogous to display temperature) rather than the activity of individual 
neurons. In the case of calcium imaging and functional ultrasound, rapid 
fluctuations in activity are difficult to capture on single trials, and emerge 
only after extensive averaging. fps, frames per second.
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simultaneously, along with associated tools and key methodological 
innovations. Next, we discuss the issues that arise when working with 
data at this scale and highlight how a blossoming ecosystem of freely 
available software and datasets is addressing many of these challenges. 
Finally, we look ahead to avenues for scaling these technologies and 
making electrophysiology even more powerful.

Recording electrical brain signals
Action potentials, or ‘spikes’, arise from the rapid flux of Na⁺ and K⁺ ions 
across neuronal membranes, are initiated at the soma or axon initial 
segment and propagate reliably along the entire axon. Spikes serve 
as the fundamental signals coordinating brain-wide activity on mil-
lisecond timescales. For understanding the neural basis of behaviour, 
they are therefore indispensable. There are multiple complementary 
ways to approach the problem of detecting spikes in the brain, each 
with their own advantages.

Detecting spikes with implanted electrodes
Penetrating electrodes of the appropriate size and impedance can 
reliably capture fluctuations in the electric potential fields that prop-
agate in the space between neurons32,33. The transmembrane ionic 
flux associated with each spike drives current through the resistive 
extracellular space, which can be measured as a change in voltage rela-
tive to a reference electrode. These voltage differences (extracellular 
potentials) can be picked up by a simple conductor (such as a metal 
wire) and an amplifier, a set-up that has been used to record spikes from 
individual neurons for nearly a century34,35. Yet the physical properties 
of these signals pose significant challenges when attempting to scale 
up recordings.

Extracellular potentials decay rapidly, making electrode proxim-
ity to the spiking neuron a fundamental requirement for high-fidelity 

spike recording36,37. For a simplified dipole source (which approximates 
a neuron), the electric voltage (V ) falls off with the inverse square of 
the distance (r) from the source in most directions33. Consequently, 
beyond around 50 µm from the electrode, recorded spike amplitudes 
typically fall below the levels required for accurate spike sorting38,39. 
The necessity for close proximity between the electrode and the neu-
ron raises concerns about tissue damage. Minimizing the probe size 
and optimizing insertion procedures can mitigate acute damage40, 
but the surviving tissue can still respond adversely on both short and 
long timescales. For example, cortical spreading depression can occur 
immediately after insertion41, whereas glial scarring may develop over 
hours to days42,43. Thus, the need to keep the diameter of probes as 
narrow as possible (<100 µm), and the shanks of devices sufficiently 
far apart (>250 µm) when multiple shanks are present, places limits 
on the electrode packing density that can be achieved.

The geometry and biophysics of the recorded neuron strongly 
influence its extracellular signature. Asymmetric neurons, such as 
cortical pyramidal cells, generate pronounced dipoles because cur-
rent sources and sinks are spatially separated along the somatoden-
dritic axis. This produces potentials that are generally detectable 
tens of micrometres away32,44 (Fig. 2). Recordings near membrane 
regions distant from the site of current influx, such as apical dendrites 
or axons, often capture ‘return currents’, which appear as positive volt-
age deflections33,44. With sufficient proximity, electrodes can therefore 
detect spiking-related activity not only from cell bodies but also from 
axons45–53, dendrites54,55 and synaptic termination fields56,57. In some 
cases, waveform features related to these morphological elements 
can help to identify cell types54. However, morphologically similar 
classes, such as D1 and D2 striatal neurons, remain indistinguishable 
via their spike waveform58.

The properties of the electrode also shape the recorded signal.  
A key parameter is the size of the recording site: larger sites average 
the potential over a wider area, which can reduce the measured ampli-
tude of a highly localized potential59–61. Conversely, smaller sites can 
more accurately sample the peak of the potential but have higher 
impedance, which increases their thermal noise55,62. This creates a 
trade-off between spatial resolution and signal-to-noise ratio. The 
other primary characteristic of the electrode is its material, which 
affects impedance and therefore noise, but also bears on its biocom-
patibility, stability and optical sensitivity. Noise levels are determined 
by a combination of thermal noise at the electrode–tissue interface, 
artefact-inducing external sources and processing hardware. Ther-
mal noise is roughly proportional to the inverse square root of the 
surface area of the electrode and can therefore be reduced through 
coatings that increase the effective surface area63,64 or by otherwise 
designing the electrode to have a large effective area65. External noise 
sources, as from radio-frequency interference or light-induced elec-
trical signals, can be mitigated with amplifiers that are positioned 
close to the electrode or with certain probe design choices66. Effective 
noise introduced by digitization can be minimized with high bit-depth  
analogue-to-digital converters.

Detecting spikes via imaging
Imaging approaches to detecting the spiking of individual neurons have 
advanced rapidly in recent years and hold great promise for recording 
from large populations at single-spike resolution. Calcium imaging 
has been used to record from tens of thousands of neurons simultane-
ously across broad areas of the cortex with single-neuron resolution67,68 
and even from up to around 1 million neurons with multi-beam light 
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Fig. 2 | Principles of extracellular potential recordings. Simulated extracellular 
potentials can be used to estimate the detectable range and spatial profile of a 
spike. a, A model of an adult rat cortical layer 5b pyramidal cell306 was used to 
simulate spike waveforms at different locations relative to the soma. Note the 
rapid decay in spike amplitude with increasing distance from the soma and the 
polarity reversal along the apical dendrite. b, The same neuron model as in panel a,  
highlighting the region over which the extracellular potential exceeds 100 µV 
(an amplitude that would be readily isolated by an extracellular electrode array) 
or 50 µV (an amplitude near the detection threshold). A Neuropixels 2.0 shank is 
included for scale. Adapted with permission from ref. 33, Cambridge Univ. Press.
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bead imaging69. However, the reliance of these techniques on calcium 
indicators imposes fundamental limitations. Calcium indicators have 
a decay time of greater than 100 ms (ref. 70), making recovery of indi-
vidual spikes challenging71. As a result, methods for translating calcium 
dynamics into spiking tend to focus on recovering average firing rates, 
rather than precise spike timing72–76.

For single-spike imaging, the use of voltage indicators and high 
frame rates provides an appropriate temporal resolution and signal-to-
noise ratio. However, the field of view is typically limited to achieve 
sufficiently high frame rates77. In addition, light scattering limits imag-
ing depths to approximately 500 µm for two-photon approaches and 
approximately 1 mm for three-photon approaches78, unless bulky 
lenses are implanted into the tissue79. Thus, voltage imaging has so far 
been restricted to dozens to hundreds of neurons at a time77,80, and the 
path to scaling further is unclear. Moreover, scaling to multiple brain 
regions is generally a challenge, as multi-field of view two-photon 
microscopes81–83 add tremendously to the complexity and expense of 
the apparatus. By contrast, electrophysiology can straightforwardly 
be expanded to multiple probes targeting a range of brain regions67.

Imaging approaches that rely on genetic engineering to induce 
the expression of exogenous fluorescent proteins have the substantial 
advantage of being targetable to selected cell types. By contrast, identi-
fying the type of neuron with the features available to electrode record-
ings, such as waveform shape and firing rate, is possible only in certain 
situations or with limited precision84–92. Thus, additional techniques 
performed alongside electrical recording are typically needed to iden-
tify cell types, such as antidromic stimulation to identify neurons by 
projection target or optotagging to identify neurons by genetic type. 
However, the requirement to perform genetic modification limits imag-
ing to a subset of species, and genetic engineering is itself an invasive 
approach that risks damaging the system under study93.

Given that imaging and electrophysiology have complementary 
strengths and limitations, integrating them within the same experi-
ment can be especially powerful for addressing certain experimental 
goals94,95. For example, pairing large-scale electrophysiology with 
‘widefield’ (cortex-wide) calcium imaging of mesoscopic cortical 
dynamics in mice can reveal the link between neurons’ spikes and the 
global dynamics in which they participate96,97. This multimodal strategy 
has uncovered the learning-dependent mapping of cortical dynam-
ics to striatal spiking98, the state dependence of cortico-cerebellar 
connectivity99, the simultaneous propagation of travelling waves 
through cortex, striatum, thalamus, and midbrain100, and, in a recent 
preprint, the basis of visual cortical spiking variability in cortex-wide 
shared fluctuations101.

Other considerations
In studying the neural basis of behaviour, it is desirable for experimental 
subjects to engage in behaviours with as few restrictions as possible, 
which typically results in motion of the brain within the skull, even 
for experiments with a head-fixed set-up102,103. Despite a long history 
of creative strategies to stabilize brain tissue104, this remains a chal-
lenging problem in most preparations: even the heartbeat may move 
brain tissue enough to considerably alter a neuron’s waveform105. For 
electrode recordings, such motion may lead to errors in determining 
which spikes arise from which neurons. However, both the material 
properties of the probe and post hoc computational algorithms can 
be adapted to address this challenge.

Finally, for a recording technology to be scientifically impactful, it 
must be simple and robust to employ as well as accessible. Ideally, the 

device should be ‘plug and play’ without complex set-up or assembly 
requirements, and should be insertable into the brain without great 
skill or extensive practice. The device must be manufacturable at scale 
and at costs affordable to neuroscience laboratories. Finally, it should 
come with extensive open software and protocols that make it easy 
to experimentally adopt and to analyse the data. Taking all of these 
factors into account, electrode array recordings remain the tool of 
choice to achieve single-spike resolution in populations of neurons 
from arbitrary brain locations with minimal tissue damage.

Methods for large-scale electrophysiology
We here define ‘large-scale electrophysiology’ as simultaneous sam-
pling from at least 1,000 implanted electrodes. This level of parallel 
readout is essential for capturing the rich, distributed neural dynamics 
that make electrophysiology so powerful. Although there are only a 
handful of devices that have surpassed this threshold to date, we expect 
that recordings from more than 10,000 electrodes will be routine by 
the end of the decade.

Devices
Large-scale electrophysiology devices hail from two lineages106. The 
‘Utah array’ evolved from simple microwire bundles, and each array 
consists of 64–100 micromachined shanks terminating in an exposed 
metal tip107,108 (Fig. 3a). Utah arrays are widely used and have set the 
standard for brain–computer interfaces. Scaling in this lineage can 
be achieved by increasing the number of shanks per device or by 
implanting multiple devices in parallel. A recent adaptation directly 
couples the microwires to a 2D amplifier circuit, enabling recordings 
from 1,300 electrodes in rat neocortex109. In primates, a set of sixteen 
64-channel Utah arrays have been implanted along the ventral visual 
stream, achieving simultaneous readout from 1,024 electrodes110,111. 
Further scaling of these devices is best suited for such larger animals, 
owing to the size of the connector and cabling system.

The second lineage traces its origins back to the ‘Michigan array’, 
which was fabricated by depositing conductive metal traces on a silicon 
substrate112. Unlike Utah arrays, each shank of a Michigan array may con-
tain many electrical contacts. The channel count is tightly constrained 
by the shank width, as the metallic traces that convey signals away from 
each electrode cannot overlap. As larger shank widths cause increas-
ing levels of tissue damage113–115, scaling beyond 1,000 channels has 
required a dramatic decrease in the trace size116 or the stacking of four 
256-channel modules (with 64 channels per shank)117,118. Such ‘passive’ 
silicon electrode arrays are also limited by the challenge of connecting 
the electrodes to external readout circuits: for 1,000 or more channels, 
this requires large printed circuit boards that are impractical in many 
experimental settings. However, this connectorization challenge has 
been addressed by leveraging CMOS manufacturing, which allows elec-
trodes, amplifiers and analogue-to-digital converters to be integrated 
into a monolithic chip. CMOS technology is essential for the mass pro-
duction of computer processors, camera sensors and other integrated 
circuits. Despite its ubiquity, its application to custom neuroscience 
devices has been limited by high manufacturing costs and the relatively 
small market size. Nevertheless, CMOS technology offers substantial 
advantages for large-scale electrophysiology applications. For exam-
ple, it enables multiplexed signal readout, which greatly increases the 
number of electrodes that can be placed on a narrow shank.

Currently, the most widely used CMOS electrode arrays are Neu-
ropixels 1.0 (Fig. 3b). These probes pack 960 electrodes onto a shank 
70 μm wide119, 384 of which can be read out in parallel. This compact 
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Fig. 3 | Example devices for large-scale electrophysiology. a–g, Top panels,  
overall package for seven example devices capable of large-scale electro
physiology (excluding headstage modules): Utah array (based on information 
from the Blackrock Neurotech website) (panel a); Neuropixels 1.0, including  
both ‘standard’ and ‘ultra’ electrode layouts (based on information from  
ref. 119 and the Neuropixels website) (panel b); Neuropixels 2.0 multi-shank (based  
on information from ref. 103 and the Neuropixels website) (panel c); Neuropixels  
2.0 Quad Base (based on information from the Neuropixels website) (panel d); 
SiNAPS 4S 1024 (based on information from ref. 158 and the NeuroNexus website) 

(panel e); SiNAPS 8S 1024 (based on information from ref. 158 and the Plexon 
website) (panel f); and NET array (based on information from ref. 168) (panel g).  
The middle panels show the shank geometry for these devices. Yellow shading 
indicates the span of electrodes that can be read out simultaneously, grey 
indicates unselected electrodes and black indicates regions without electrodes. 
Mouse brain slice included for scale comparison. Lower panels, close-ups of 
individual shanks for these devices, with electrodes represented as gold squares 
(lower panels). Dendritic arbor of a mouse layer 5 cortical pyramidal cell included 
for scale comparison.
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package and 10 mm shank length make it straightforward to insert 
multiple devices in the same subject and have enabled publications 
demonstrating simultaneous readout from 1,152 (ref. 12), 3,072 (ref. 67),  
2,304 (refs. 15,120) and 1,536 (refs. 121,122) channels in head-fixed mice, and  
from 1,536 (ref. 123) or (as reported in a recent preprint) 3,072 (ref. 124) 
channels chronically implanted in the rat brain. As evidence of the rela-
tive ease of adapting these probes to novel preparations, Neuropixels 
1.0 have now been used in a wide range of non-rodent species, including 
humans125,126, macaques127–131, marmosets132, tree shrews133, ferrets134, 
bats135, lizards136, fish55,137–139, birds140,141 and cephalopods142. In the most 
well-studied systems, there have been numerous successful replica-
tions. For example, at least 14 laboratories have performed success-
ful recordings with Neuropixels in rats in brain regions including the 
frontal cortex, hippocampus and brainstem10,119,123,143–153.

Neuropixels 2.0 increases the number of electrodes per shank to 
1,260 and introduces a four-shank probe103 (Fig. 3c). Although each 
Neuropixels 2.0 probe contains more than 5,000 independent record-
ing sites, simultaneous readout remains limited to 384 channels per 
probe. Neuropixels 2.0 probes have been used to record 1,536 channels  
from brain structures connected to the mouse anterolateral motor 
cortex during a delayed-choice task13. Furthermore, a recent preprint 
has reported recordings from 2,304 channels via a chronic implant 
in mice154. Additional Neuropixels variants include Neuropixels NHP, 
optimized for deep brain recordings in non-human primates155, 
and Neuropixels Ultra, which has ten times the recording site density 
of Neuropixels 1.0 (ref. 55). Neuropixels Quad Base, a recent variant of 
Neuropixels 2.0 that can read out 384 channels on each of four shanks 
(Fig. 3d), promises to make 1,000+ channel recordings even more 
routine (see the Neuropixels website for more information).

The SiNAPS probe, another type of CMOS electrode array, origi-
nally allowed simultaneous readout of signals from up to 512 electrodes 
on a shank 88 μm wide156. Unlike Neuropixels probes, SiNAPS probes 
integrate an amplifier beneath each electrode, greatly reducing the 
amount of circuitry that must be located outside the shank. As a result, 
the electronics beyond the probe shank occupy only ~1 mm × 2 mm, pro-
viding a more compact packaging footprint157. SiNAPS probes are now 
available in four-shank (Fig. 3e) or eight-shank (Fig. 3f) configurations, 
each capable of recording from 1,024 electrodes simultaneously158. 
The eight-shank version, which samples spikes over an approximately 
2 mm x 2 mm region of tissue, has proven effective for studying inter-
actions across the CA1, CA3 and dentate gyrus (DG) subfields of the 
mouse hippocampus159–162. Scaling up channel counts even further by 
implanting multiple SiNAPS in the same subject has now been achieved 
in non-human primates, as reported in a recent preprint163.

Devices in the ‘Michigan’ lineage have also been updated by mak-
ing the shanks more flexible62. By depositing electrodes on a flexible 
substrate, such as polyimide, the shanks are more likely to move with 
the tissue, reducing issues caused by brain movements. These flex-
ible substrates, which can be as thin as 1 μm, are thought to be better 
suited for long-term recordings than stiff electrodes164,165 and a recent 
preprint has suggested that they may reduce relative motion between 
the probe and brain166; however, their implantation is complicated 
by their lack of rigidity and a stiffer guide is typically required for 
insertion. Similar to other passive probes, scaling of flexible shanks 
can be achieved by stacking smaller modules together, which has 
enabled 1,000+ channel recordings in rats167,168 (Fig. 3g). Thus far, it 
has not been possible to combine CMOS fabrication (and the solu-
tion it provides to the connectorization problem) with these flexible 
materials. However, hybrid integration strategies, in which flexible 

probes are fabricated separately and then bonded to CMOS readout 
electronics via flip-chip or self-assembly techniques, offer potential 
pathways to robust scaling169–172. Other progress on the development 
of electrode arrays with flexible shanks has been reviewed in more 
detail elsewhere62,173,174.

An alternative approach, which has evolved in parallel to the two 
lineages described above, is twisted wire tetrodes, with four electrodes 
per bundle175. Arrays of these independently movable tetrodes are 
particularly well suited for recording from the pyramidal cell layer of 
the rodent hippocampus, as the electrodes can be adjusted to follow 
the contours of this structure176. However, the size of these arrays has 
been limited to 16 tetrodes in a mouse (64 channels) and 64 tetrodes 
in a rat (256 channels)177,178. Owing to connectorization challenges and 
the extensive manual labour required for fabrication, further scaling 
of this approach is unlikely.

The original Utah and Michigan arrays had a great impact on the  
neuroscience community not only because of their device characteristics 
but also because of their wide dissemination. Of all the 1,000+ channel  
technologies discussed above, only Neuropixels have so far been widely 
disseminated. This highlights the critical importance of usability and 
accessibility in driving adoption. Ultimately, advancing neural record-
ing technologies requires more than just improving specifications;  
it demands careful attention to system integration, implantation 
protocols and scalable manufacturing (Box 1).

Fixtures for multi-probe recordings
For electrophysiological probes with sufficiently small package sizes, 
the most efficient route to scaling up the total number of channels and 
brain regions per experiment is to insert multiple probes in parallel. The 
ideal device for multi-probe recordings should have a long shank and a 
narrow base, to minimize the probability of collisions between adjacent 
probes. Multi-probe recordings can either be performed acutely, with 
the electrodes temporarily inserted during the recording session, or 
chronically, with the electrodes permanently implanted in the brain.

The fixtures used to hold each probe have a major impact on both 
scalability and ease of use. Fixtures for acute recordings must be suf-
ficiently compact to allow dense insertions and avoid interfering with 
other components of the electrophysiology rig. They should be adjust-
able, ideally via sliding mounts, to allow probe angles to be fine-tuned 
for different target regions. They must allow clear visibility of the 
probes and brain during the experiment, via either a stereomicroscope 
or machine vision cameras with long-working-distance lenses. Finally, 
it must be possible to move the probes far away (10 cm or more) from 
the brain while the subject is being placed on the rig.

Chronic recordings aim to track the same neural populations 
over weeks or months, typically by recording for a few hours daily but 
potentially even by recording continuously over the same interval179. 
For chronic implants, probes with a low centre of gravity are favoured 
over the long, narrow profiles that are advantageous for acute record-
ings. However, long shanks remain critical for accessing deep struc-
tures (up to 6 mm deep in mice, 10 mm in rats). The entire implanted 
package should, as a rule of thumb, be below 10–20% of the subject’s 
body weight. For example, a 3 g weight on the head has been shown 
to minimally affect the behaviours of mice in open arenas180. Using a 
thin, coaxial cable and a torque-free commutator can greatly improve 
animal mobility181.

Although large-scale chronic recordings have traditionally been  
more feasible in rats (owing to their larger skulls), these have recently 
been achieved in mice as a result of advances in electrode technology 
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and implant design. To simplify the implantation process and allow 
probes to be reused, the probe can be mounted within a fixture 
optimized for chronic recordings (but successful stable long-term 
recordings with the probe directly attached to the skull have been 
demonstrated119,124,182). Many such fixtures exist150,152,180,183,184, but only  
two have been used for 1,000+ channel recordings to date. In rats,  
recordings with recoverable fixtures from up to four probes (1,536 chan-
nels) have been demonstrated123, and a recent preprint has reported 
that, in mice, up to six Neuropixels 2.0 probes (2,304 channels) have 
been used for chronic recordings154 (although it should be noted that 
the mice were head-fixed during recording owing to the excessive 
weight of the headstages and cables). The field of chronic recording 
fixtures is advancing rapidly, with new large-scale implant designs 
expected to emerge soon. These developments will progress in tandem 
with ongoing improvements in probe miniaturization and channel 
density.

Surgical techniques
Large-scale electrophysiology necessitates removing a portion of the 
skull (craniotomy) to provide access to the brain. Minimizing tissue 
damage during the craniotomy is essential for ensuring high-quality 
recordings43,185. In most cases, the craniotomy should be accompanied 
by removal of the dura mater (durotomy) to ensure that probes can eas-
ily penetrate the brain, although this is optional in mice. Following the 
craniotomy, the brain must be protected up to and during the recording 
session, minimizing exposure to air. If the craniotomy is large, the brain 
must be stabilized during the experiment to prevent the neurons from 
moving relative to the recording electrodes.

With these considerations in mind, the most straightforward sur-
gical technique for large-scale electrophysiology in rodents involves 
drilling an individual craniotomy for each probe67. These craniotomies 
are usually small (<500 µm in diameter), but micromachined plastic 
honeycomb inserts have proven effective for brain stabilization for 
larger craniotomies12,14. However, it is impractical to scale this method 
beyond approximately eight probes in mice, owing to their limited 
skull surface area, and the method carries a risk of brain damage due 

to drilling near the intended recording site. An alternative approach 
involves drilling a single large craniotomy (≥5 mm) followed by a durot-
omy, which allows multiple probes to be flexibly positioned inside the 
craniotomy15,186. Here, stabilization is achieved by attaching a laser-cut 
plastic window approximately 1 mm above the brain surface, and fill-
ing the gap with a mixture of agarose and artificial cerebrospinal fluid. 
The laser-cut windows can be customized for each mouse to align the 
holes for each probe with the targets. However, a drawback of this 
approach is that it permits only two recording sessions on consecu-
tive days, owing to the declining health of the exposed brain186. Most 
recently, large-scale electrophysiology has been performed through 
3D-printed skull caps that span nearly one full brain hemisphere, or a 
portion of two hemispheres120. This approach supports recordings in 
diverse configurations for extended periods and offers exceptional 
scalability, accommodating 20 or more insertion points with multi-
ple angle options per site. The large craniotomy and durotomy take 
practice to perform reliably, but can potentially be simplified by using 
robot-assisted surgeries187.

In macaques, surgical techniques and probe-mounting strategies 
differ substantially from those used in rodents. The most common 
approach for awake subjects involves affixing a recording chamber 
to the skull, which provides stable X/Y positioning and precise depth 
control (Z axis)155. These chambers enable repeated access to the same 
cortical regions across multiple sessions while maintaining sterility and 
mechanical stability. An alternative strategy uses multiple chronically 
implanted Utah arrays110,111, which do not need to be reinserted in every 
session. As in rodents, the field is rapidly evolving.

With appropriate sterilization and surgical preparations, Neu-
ropixels have been successfully adapted for use in humans188,189. In clini-
cal contexts such as tumour resection or implantation of stimulating 
electrodes, these procedures provide a rare and invaluable opportu-
nity to record extracellular action potentials from individual neurons 
in awake people. Neuropixels recordings in humans have already 
yielded important insights into the neural mechanisms underlying 
language production and comprehension125,126,190. To date, these probes 
appear to be extremely safe, with no reported complications arising 

Box 1 | The Neuropixels ecosystem: a case study in neurotechnology adoption
 

Since their introduction, more than 15,000 Neuropixels probes 
have been shipped to more than 1,000 laboratories worldwide. This 
widespread adoption is due not solely to the technological merits 
of the device but also to a unique confluence of collaborative, 
manufacturing and community-driven factors that together form the 
‘Neuropixels ecosystem’.

The core technological innovation of Neuropixels was the 
monolithic integration of high-density recording sites with 
complementary metal-oxide semiconductor (CMOS) circuitry for 
amplification, digitization and multiplexing. This technological leap 
was made possible by a strategic and collaborative funding model. 
The Neuropixels consortium, a partnership between the Howard 
Hughes Medical Institute, the Allen Institute, the Wellcome Trust 
and the Gatsby Foundation, provided the large-scale, high-risk 
investment necessary for such an ambitious engineering project. 
This model allowed close collaboration between neuroscientists 
and engineers and, crucially, supported a partnership with IMEC, 
an industrial semiconductor foundry and research institute. This 

partnership enabled probe fabrication with a high-yield and 
reproducible manufacturing process, ensuring quality and scalability. 
The combination of amplification on-probe, obviating any need for an 
external amplifier system, with scalable manufacturing and an at-cost 
pricing model dramatically lowered the financial barrier to entry for 
this cutting-edge electrophysiology, democratizing access for a wide 
range of laboratories.

The success of Neuropixels was further cemented by its 
model of dissemination and community support. The consortium 
developed a robust ecosystem of free and open-source software 
for data acquisition and analysis, which was later complemented by 
extensive community contributions (Box 2). Furthermore, free training 
courses have been run yearly both at University College London 
and at the Allen Institute and University of Washington. The high 
level of adoption of Neuropixels is therefore a case study in how the 
combination of a disruptive technology, a strategic collaborative and 
funding structure, and a commitment to open-access tools and data 
can accelerate progress across an entire scientific field.
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from insertion191. A recent preprint demonstrated the use of 45 mm 
Neuropixels NHP probes to record from the human hippocampus192. 
These probes are comparable in length with standard stereoelectro-
encephalography electrodes, but offer dramatically higher spatial 
resolution, with 4,416 recording contacts compared with roughly 
10 for typical stereoelectroencephalography electrodes. Remaining 
challenges include managing pulsatile brain motion driven by the 
cardiac cycle105, maintaining surgical sterility and minimizing electrical 
interference. Detailed protocols designed to address these issues have 
been published and are now available to the community193.

Data quality and reproducibility
Spike sorting and preprocessing
Spike sorting is a critical step in interpreting the datasets that arise 
from large-scale electrophysiology recordings. To analyse the neural 
responses, it is first necessary to extract relevant information from the 
raw recorded voltage values. The goal of a spike sorting algorithm is to 
automatically determine the time and identity of every action potential 
present in the recording194. In this context, ‘identity’ only means that 
the spikes attributable to a single source in the extracellular space are 
labelled as being part of a distinct group. Other aspects of identity, such 
as the genetic cell type or morphological element giving rise to the 
waveforms, are considered below. A collection of extracellular events 
that were detected and grouped together are known as a ‘unit’35,195, and 
typically correspond to action potentials recorded from a neuron or 
neurite. The spike sorting algorithm achieves automatic detection and 
segregation into units on the basis of two key assumptions: that every 
voltage deflection produced by a unit will be identical in its spatial and 
temporal profile, and that each neuron’s waveform is distinct from that 
of every other neuron.

The key challenges for spike sorting algorithms in the context of 
large-scale recordings are to scale to many channels with acceptable 
runtime and computational resources, and to accurately combine 
information across channels to optimize sorting. To scale appropri-
ately, recent algorithms have taken advantage of GPU-accelerated com-
puting and cross-channel dimensionality reduction techniques196–198.  
To combine information across channels effectively, two recent pre-
prints have reported on the use of dense sampling to extract explicit 
estimations of spike location relative to the probe199,200. Other algo-
rithms define the joint cross-channel features to be applied when 
detecting and clustering spikes197,198.

Dozens of spike sorting algorithms have been developed and pub-
lished, with more released on a regular basis201–205. It is beyond the scope 
of this Review to comprehensively compare their qualities206. To aid 
users in dealing with the overwhelming glut of available algorithms, the 
SpikeInterface package was developed207, which allows at least 14 of these 
algorithms to be run on a given dataset by changing only a single line of 
code. This capability was recently used to show that a new algorithm, 
Kilosort4, substantially outperformed several comparison algorithms 
when run on synthetically generated ground truth datasets197. As a result, 
Kilosort is now the most commonly used spike sorting algorithm for 
Neuropixels data12–15,208. Nevertheless, the best algorithm may differ by 
probe and recording preparation and may depend on the metrics used 
to assess performance. Factors such as noise levels, species, brain region, 
behavioural state, recording site density and geometry, presence of arte-
facts and probe–brain stability may all influence spike sorting results, 
motivating the continued need for experimenters to carefully assess the 
results of algorithms on their own data and for algorithm developers to 
continue to strive for maximally generalizable approaches.

The field is fortunate to have a plethora of freely available spike 
sorting algorithms, but important challenges remain. One is ensur-
ing reproducibility: whereas tools such as SpikeInterface are a step 
in the right direction, true reproducibility also requires tools that 
integrate with databases to track the provenance of all inputs and 
outputs of a processing pipeline, such as DataJoint209 or Code Ocean210. 
Another challenge is scalability. The time needed to preprocess and 
spike sort data from a single Neuropixels probe exceeds the overall 
duration of the recording, making parallelization essential for timely 
analysis206. To avoid the burden of each laboratory maintaining its 
own high-performance computing cluster, cloud-based solutions are 
a logical path forward, but adoption has so far been limited211–213. Finally, 
the technical difficulty of carrying out large-scale electrophysiology 
recordings in which the true spike times are known (for example, via 
simultaneous intracellular sampling) means there are extremely scarce 
genuine ground truth data available for benchmarking or supervised 
training39,214–216.

Given these challenges, it is critical that all spike sorting results 
are assessed with objective quality metrics217. This is also important 
because spike sorting algorithms perform their task imperfectly. The 
spatial arrangement of neurons around recording electrodes gener-
ates a continuous distribution of recorded waveform amplitudes, 
with ever-increasing numbers of waveforms at lower amplitudes. 
For any given electrode and recording location there will always be 
many neurons that fall near or just below the limits of high-quality 
isolation39,218. Accurately distinguishing the well-isolated neurons 
from poorly-isolated neurons is therefore critical for maximizing 
yield while preserving the ability to make accurate scientific conclu-
sions free from confounds. Software packages such as phy enable the 
manual review of spike sorting outcomes and correction of errors on 
the basis of visual inspection219, but manual curation is extremely time 
consuming and hinders reproducibility, as each annotator relies on 
subjective decisions.

To improve reproducibility, automatic quality metrics that seek 
to estimate false positive and false negative sorting errors may be 
used, either replacing or aiding the manual process. To estimate false 
positive errors, investigators have classically relied on the refractory 
period, a biophysical property of neurons preventing them from spik-
ing twice in a brief window. If instances of doublet spikes with a time 
interval shorter than that window are observed, called ‘refractory 
period violations’, they can be taken as an indication that the spikes 
did not all originate from a single unit. By considering the number of 
observed refractory period violations and the firing rate of the unit, a 
putative false positive rate can be estimated217. However, this method 
assumes the independence of firing rates of nearby neurons220. In 
general, the firing of neurons is positively, although weakly, correlated 
with that of their neighbours221–223, which will lead to under-estimates 
of the false positive rate. Another limitation is the assumption of a 
fixed and constant refractory period duration. A recent preprint 
reported that the observed refractory period durations of neurons 
differ substantially between brain regions and species224, which may 
lead to overestimates or underestimates of the false positive rate. To 
maximize statistical power, estimate statistical reliability and avoid 
inaccurately excluding neurons with truly low false positive rates, the 
preprint introduced an algorithm that flexibly tests a range of refrac-
tory period durations224. Older approaches for determining false posi-
tive errors emphasized the separation of waveform shapes between 
units225, but such approaches are not robust to recording instability, 
do not generalize well to high-dimensional waveforms and, generally, 
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are not directly interpretable as error rates. Overall, using refractory 
period violations to estimate false positive rates is the best available 
method for making this estimation. Similarly, estimates of false nega-
tive rates can be made in several ways. First, spike amplitudes can be 
examined in relation to the spike detection threshold to determine 
whether some spikes emitted by the neuron were likely to have fallen 
below the threshold and missed. This method assumes that the true 
distribution of amplitudes is Gaussian, which will be true when the 
recording is stable217. In the presence of instabilities, modified meth-
ods can be used226,227. Second, false negatives can be inferred from the 
‘presence ratio’, which computes the proportion of a session in which a 
neuron has no spiking207. Although this method could errantly exclude 
neurons that have true pauses in their spiking and is sensitive to noise, 
it nevertheless provides a reproducible way to exclude units that may 
have substantial false negatives.

Interpretation of scientific conclusions may depend crucially 
on the nature and extent of spike sorting errors, and it is therefore 
critical to consider these errors even at the final stages of analyses. For 
example, if authors intend to draw a conclusion about mixed selectiv-
ity, in which individual neurons represent multiple properties rather 
than a single variable, false positive errors could be fatal: they could 
lead to the appearance of mixed selectivity where there is none. Or, if 
authors intend to argue that absolute firing rates differ between their 
data and a published result in the literature, then false negative errors 
could confound, leading to lower estimated firing rates than the true 
values. It is tempting, in the face of such considerations, to decide only 
to accept ‘perfect’ units with minimal or unmeasurable error rates. But 
for many analyses this would be a mistake: a strength of such large-scale 
recordings is in accessing high-dimensional populations, and, for many 
analyses, errors of these kinds are acceptable or irrelevant, especially 
when moderate in magnitude. Indeed, multiple authors have argued 
that spike sorting can be omitted entirely for analyses such as decoding 
or dimensionality reduction129,228,229. Therefore, we advocate a different 
solution to the problem: do not approach analysis by first ‘completing’ 
spike sorting and then forgetting it entirely and assuming the data are 
perfect. Instead, apply reasonable quality metrics, but keep the values 
of these quality metrics to use in validating scientific conclusions. For 
example, after understanding the scientific claim to be made and its 
potential dependence on false positive or negative errors, control 
analyses could either subselect neurons or plot the effect size as a 
function of metric value230.

Reproducibility
For findings to accumulate into lasting knowledge, they must be repro-
ducible across laboratories, experimenters and time. In comparison 
with many physiological measurements, electrophysiological record-
ings stand out in this regard: spike trains are fundamentally discrete 
and binary, making them inherently more reproducible than analogue 
signals. When electrodes are placed in the same brain region under 
comparable conditions, the resulting activity patterns are remarkably 
consistent; for example, place fields in the CA1 region of the hippocam-
pus and orientation tuning curves from the primary visual cortex (VIS) 
have been reliably observed for more than 50 years231,232. Nevertheless, 
as large-scale recordings generate ever greater volumes of data, we 
should aspire to a higher standard of reproducibility. This requires 
careful control of at least four factors: signal quality, inclusion criteria, 
anatomical localization and behavioural state.

Reproducible signal quality has benefited from the widespread 
adoption of Neuropixels probes, whose industrially scaled production 

has led to standardized recording characteristics, including site 
geometry and noise levels across devices. This contrasts with earlier 
approaches, such as tetrode microdrives, which had inherently high 
device-to-device and site-to-site variability due to their reliance on 
hand fabrication. In parallel, freely available training courses held on 
multiple continents, accompanied by openly shared instructional 
materials, have accelerated the dissemination of best practices (Box 1). 
Still, careful attention must be paid to grounding and electrical isola-
tion of the recording apparatus to prevent contamination of signals 
by electrical noise. Beyond hardware, a robust ecosystem of free and 
open-source software has developed to support all stages of large-scale 
electrophysiology, enhancing reproducibility through standardiza-
tion and openness of data pipelines and other software-dependent 
experimental steps (Box 2).

Reproducibility in electrophysiological analysis depends on trans-
parent and consistent inclusion criteria, in terms of which sessions 
are retained and which neurons are analysed. Explicitly reporting 
these criteria is essential, as even subtle differences in quality metric 
thresholds or behavioural performance filters can lead to divergent 
results. Encouragingly, when identical spike sorting pipelines and 
inclusion criteria were applied to three independent electrophysi-
ological surveys, there were similar yields of well-isolated neurons in 
the cortex, hippocampus and thalamus233 (Fig. 4a). To test experimental 
reproducibility in a more explicit way, the International Brain Labora-
tory (IBL) established tightly controlled experimental apparatuses 
and protocols in 10 laboratories and performed 121 repetitions of an 
experiment targeting the same location in the brain. In this setting, 
detectable differences in experimental outcomes between laboratories 
were largely absent, particularly when considering more robust types 
of analysis and excluding recordings that deviated too far from the 
intended recording location (Fig. 4b). The investigators developed a 
set of recommendations, called the Recording Inclusion Guidelines 
for Optimizing Reproducibility (RIGOR), that can be applied by other 
investigators233.

Even when targeting the same nominal brain region, substantial 
variability in spiking properties can arise from subtle differences in 
electrode placement. The dense sampling afforded by Neuropixels 
probes has revealed continuous gradients of function within many 
structures, showing that reproducibility often depends on target-
ing specific subregions rather than broad anatomical labels13,234,235 
(Fig. 4c–e). Given the variability in electrode targeting based on stere-
otaxic coordinates, differences in probe locations of only a few hundred 
microns may have a substantial impact on observed functional proper-
ties. Traditionally, electrophysiologists identified target coordinates 
using brain atlases developed from a single perfused brain236 and veri-
fied recording locations with small electrolytic lesions visualized in  
ex vivo brain slices. Large-scale recordings demand higher fidelity, 
both for insertion planning and for electrode track reconstruction. 
MRI scans, which more accurately reflect the 3D structure of the brain 
in vivo237–241, can be incorporated into software packages that simulate 
the geometry of multi-probe insertions during the experimental plan-
ning phase242. Electrode localization and assignment to brain regions 
involves coating the shanks with fluorescent dye and, subsequently, 
imaging brains with optical projection tomography, light-sheet imag-
ing or serial section two-photon imaging. The imaged volume can be 
automatically aligned to a reference atlas and the probe track local-
ized to identify the brain regions through which the probe passed. 
As a final step, the electrophysiological features observed along the 
probe can be used to refine the estimated depth of the probe, and to 
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account for variable scaling of individual brains12,243. Together, this 
process results in fast and accurate resolution of the locations of large 
numbers of recording sites throughout the brain. In the future, the 

availability of large sets of recordings from across many brain locations19  
may enable the automated identification of probe location based on 
electrophysiological features alone.

Box 2 | Free and open-source software from data acquisition to analysis
 

Developing and publishing free, open-source software for the 
scientific community is a crucial and often thankless task, typically 
minimally supported by funders, hiring committees and award 
panels. Moreover, development and publication are only the very 
beginning of the work for any tool that seeks to have long-term 
impact. User support, bug-fixing, development of training materials 
and outreach all cost countless hours of expert time. The in vivo 

electrophysiology community is large enough for these to be 
full-time jobs but generally not large enough for the formation 
of profitable software companies. Nevertheless, through various 
funding sources, institutions and individuals generous with their 
resources and time, an extensive ecosystem supports fully free and 
open-source software for every step from data acquisition to figure 
production. A sample of these are recognized in the Table.

Software Financial support Link

Data acquisition software

Open Ephys GUI312 Massachusetts Institute of Technology (MIT), US National Institutes of 
Health (NIH), Open Ephys, Inc. and Allen Institute

https://open-ephys.org/gui

Bonsai313 Bonsai Foundation community interest company (CIC), Champalimaud 
Foundation, NeuroGEARS, Open Ephys, Inc., Sainsbury Wellcome 
Centre and Allen Institute

https://bonsai-rx.org/

SpikeGLX Janelia Research Campus (Howard Hughes Medical Institute), 
Wellcome Trust and NIH

http://billkarsh.github.io/SpikeGLX/

Spike sorting software

Kilosort197 Wellcome Trust and Janelia Research Campus (Howard Hughes Medical 
Institute)

https://github.com/MouseLand/Kilosort

SpyKING Circus198 Agence Nationale de la Recherche https://github.com/spyking-circus/spyking-circus

MountainSort314 NIH, Simons Foundation and Howard Hughes Medical Institute https://github.com/flatironinstitute/mountainsort5

Software for spike sorting review

Phy219 Wellcome Trust and Gatsby Charitable Foundation https://github.com/cortex-lab/phy

SortingView Flatiron Institute (Simons Foundation) https://github.com/magland/sortingview

Sorting pipelines and quality metrics

ecephys_spike_sorting Allen Institute and Janelia Research Campus (Howard Hughes  
Medical Institute)

https://github.com/AllenInstitute/
ecephys_spike_sorting

Bombcell227 Wellcome Trust, Mathworks and Schmidt Science Fellows in 
partnership with the Rhodes Trust

https://github.com/Julie-Fabre/bombcell

SpikeInterface207 Wellcome Trust, Norwegian Ministry of Education and Research, and 
Allen Institute

https://spikeinterface.readthedocs.io/

UnitRefine315 UKRI Biotechnology and Biological Sciences Research Council, 
Helmholtz Association and North Rhine-Westphalia through the iBehave 
initiative

https://github.com/anoushkajain/UnitRefine

Software for electrode targeting and histology alignment

Pinpoint242 Wellcome Trust, Simons Foundation and NIH https://github.com/VirtualBrainLab/Pinpoint

IBL Alignment GUI243 Wellcome Trust and Simons Foundation https://github.com/int-brain-lab/ibl-alignment-gui

HERBS316 Research Council of Norway https://github.com/Whitlock-Group/HERBS

AP_histology317 Wellcome Trust and Royal Society https://github.com/petersaj/AP_histology

Analysis software

Elephant318 EU Horizon 2020 and Human Brain Project https://neuralensemble.org/elephant/

Pynapple319 Canadian Institutes of Health Research and Simons Foundation https://pynapple.org/

Tool index

Awesome Neuropixels None https://github.com/Julie-Fabre/awesome_ 
neuropixels

http://www.nature.com/nrn
https://open-ephys.org/gui
https://bonsai-rx.org/
http://billkarsh.github.io/SpikeGLX/
https://github.com/MouseLand/Kilosort
https://github.com/spyking-circus/spyking-circus
https://github.com/flatironinstitute/mountainsort5
https://github.com/cortex-lab/phy
https://github.com/magland/sortingview
https://github.com/AllenInstitute/ecephys_spike_sorting
https://github.com/AllenInstitute/ecephys_spike_sorting
https://github.com/Julie-Fabre/bombcell
https://spikeinterface.readthedocs.io/
https://github.com/anoushkajain/UnitRefine
https://github.com/VirtualBrainLab/Pinpoint
https://github.com/int-brain-lab/ibl-alignment-gui
https://github.com/Whitlock-Group/HERBS
https://github.com/petersaj/AP_histology
https://neuralensemble.org/elephant/
https://pynapple.org/
https://github.com/Julie-Fabre/awesome_neuropixels
https://github.com/Julie-Fabre/awesome_neuropixels


Nature Reviews Neuroscience | Volume 27 | June 2026 | 395–415 406

Review article

200 µm

a b

c d e

f

IBL

Steinmetz

et a
l., 2

019

Steinmetz

et a
l., 2

019

Steinmetz

et a
l., 2

019Alle
n IBL

Alle
n IBL

Alle
n

Yi
el

d 
(n

eu
ro

ns
 p

er
 e

le
ct

ro
de

)

Re
gi

on
 d

ec
od

in
g 

pe
rf

or
m

an
ce

 (%
)

La
b 

de
co

di
ng

 p
er

fo
rm

an
ce

 (%
)

1.5

1.0

0.5

0 0

80

0

80

Cortex Hippocampus Thalamus

***

VIS CA1 DG LP PO

D
en

si
ty

 (a
.u

)
Pr

op
or

tio
n

mALM
projection
density

Choice-
selective
neurons

0

0.2

0

0.5

1.0

mALM projection density

Selective neuron density

LP thalamus visual responses SC visual coding

SC lick coding

Cluster 2
Cluster 1

A

P

L M

99 178 32

pLP aLP mLP

1.0

0.8

0.6

0.4

0.2

0

Fr
ac

tio
n 

of
 c

el
ls

107

14 1

Neural activity (test set) sorted by 1D embedding

Neural activity prediction (test set) from face motion

0.10

0.05

0
1.7 1.2 0.7

Lateral from midline (mm)

Fr
ac

. o
f n

eu
ro

ns

0.6

0.4

0.2

0
1.7 1.2 0.7

Lateral from midline (mm)

Fr
ac

. o
f n

eu
ro

ns

Mouse 1
Mouse 2
Mouse 3

1 min30 s

50
0 

ne
ur

on
s

Face motion Neural data

t
t + 1

http://www.nature.com/nrn


Nature Reviews Neuroscience | Volume 27 | June 2026 | 395–415 407

Review article

Large-scale recordings have made it increasingly clear that an 
important source of variability in electrophysiological activity arises 
from its tight coupling to an animal’s behavioural state67,244,245. Variables 
such as locomotion, pupil diameter and whisking can be decoded from 
neural activity in nearly any brain region, illustrating the pervasiveness 
of state-dependent modulation (Fig. 4f). Reproducible recordings 
therefore require careful monitoring of the behavioural state through 
video, inertial sensors or other continuous measurements so that 
neural dynamics can be related to ongoing behaviour. The shared 
dependence on aspects of state such as arousal, engagement and 
motor patterns12,19,67,244,246 necessitates careful avoidance of statistical 
methods that would assume independence of simultaneously recorded 
neurons. Finally, the diversity of coding properties across neurons 
underscores the value of sampling large populations with high-density  
probes, enabling enhanced accuracy in estimation of population 
activity on individual trials.

Data sharing to maximize impact
When thousands of neurons and dozens of brain regions are recorded 
in parallel, it is unlikely that the original experimenters will exhaust all 
of the possible analyses. With data storage services capable of host-
ing and transmitting terabytes of data, these datasets can be shared 
in either raw or preprocessed forms. This type of large-scale data 
sharing is a relatively novel development, with the core principles 
for modern data sharing, the ‘FAIR’ conventions, only established in 
2016 (ref. 247).

Neuroscience data sharing follows in the footsteps of the field 
of genomics but faces different challenges, including the variety 
of underlying data types and the dependence of measurements 
on experimental manipulations248. The history of neuroscientific 
data sharing has been reviewed elsewhere249, with major landmarks 
for neurophysiology including the establishment of the CRCNS 
(Collaborative Research in Computational Neuroscience) database 
in 2008 (ref. 250), the development of the Neurodata Without Borders  
sharing format in 2015 (ref. 251), the introduction of DANDI (Distrib-
uted Archives for Neurophysiology Data Integration) in 2019 (ref. 252) 
and the launch of the EBRAINS data sharing infrastructure in 2020 
(ref. 253). The increasing prevalence of data sharing in large-scale 
electrophysiology has been exemplified by the availability of major 

datasets from the Allen Institute15, the IBL19 and multiple individual 
research groups (Fig. 5). Large, openly shared datasets have also 
been released from studies of other species including rats208 and 
non-human primates254.

With the availability of these datasets, investigators can answer 
specific questions that may not have been the focus of the original 
data acquisition without new data collection. Although false positive 
results may become more likely with extensive reanalysis of the same 
dataset, typically the analyses are sufficiently orthogonal to avoid this. 
For example, investigators have relied on open datasets to study the 
timescales of neural activity across regions23,25, the variability of spik-
ing responses255 and the dimensionality of neural representations256,257.  
An open dataset designed to study the mouse visual system has 
revealed a surprising number of fundamental insights into the func-
tion of the hippocampus258–261. In this way, these datasets function 
similarly to public resources, and the laboratories collecting them are 
similar to astronomical observatories — facilities that use specialized 
infrastructure and personnel to collect large-scale data and make them 
available for the community to mine262,263.

This system has multiple benefits. First, new ideas can quickly 
be confirmed or rejected in multiple distinct datasets. Second, indi-
vidual investigators have less need to simultaneously develop expertise 
in both experimental and theoretical skills, as the data may already 
exist to answer their questions. Third, by accessing the same datasets, 
the community may more easily find consensus on the comparison 
between ideas, instead of arriving at competing answers by using 
different methods on different datasets. However, many scientific ques-
tions will require targeted experimental manipulations and specific 
approaches that must be carefully designed at the experimental level, 
so data sharing by centralized observatories cannot become the only 
model. Moreover, as dataset sizes and sharing practices expand, the 
costs and burden of hosting these datasets will correspondingly grow, 
underscoring the need for appropriate data compression strategies264. 
Despite these limitations, the benefits of data sharing are apparent and 
the increasing prevalence of this practice is welcome.

Future advances
Devices for large-scale electrophysiology have evolved rapidly, but 
there is still plenty of opportunity for further improvement. Three 

Fig. 4 | Reproducibility of large-scale electrophysiological measurements. 
a, Average yield of sorted neurons from the mouse brain is reproduced across 
three independent datasets, but is highly variable from session to session233. 
Datasets are from the International Brain Laboratory (IBL)233, Steinmetz et al.12 
and the Allen Institute15. b, A random forest classifier trained on data from the 
IBL can identify brain regions well above chance (left panel, ***P < 0.001), but fails 
to decode the laboratory identity for any region (right panel)233. Distribution 
based on shuffled samples is shown (grey), with the actual decoder performance 
indicated (red line). c, Visual responses in mouse lateral posterior nucleus of the 
thalamus (LP) depend on the anatomical location within this structure234. Neurons 
in the posterior LP (pLP),which receives dense inputs from the superior colliculus 
(SC), form one response cluster (red), whereas neurons in the medial and anterior 
LP (mLP/aLP), which receive dense visual cortical inputs, form a distinct cluster 
(black). Without precise alignment of neurons to reconstructed electrode tracks, 
LP responses would appear substantially more heterogeneous. d, Neurons in 
the mouse SC display a medial–lateral gradient of selectivity for vision-related 
(black) and movement-related (red) stimuli. Consequently, shifting electrodes 
by only a few hundred micrometres could bias interpretation of the SC as either a 

sensory-dominated or motor-dominated structure235. e, During the delay period 
in a cued licking task, choice-selective neurons in mouse thalamus overlap with 
projections from the medial anterolateral motor cortex (mALM)13, illustrating 
how targeting of projection-defined circuits is required to capture functional 
differences. f, Motor behaviours (such as whisking and eye movements) strongly 
correlate with neural activity, so idiosyncratic features of the subject’s state and 
behaviour from session to session will drive substantial across-session variability. 
Large-scale Neuropixels recordings were performed, yielding a matrix of neu
ronal activity across neurons and time (upper greyscale image). Simultaneous 
video of the mouse face was recorded and a reduced-rank predictive model was 
fit to predict the neural data. The resulting prediction of neural activity on held-
out, test set data (lower greyscale image) captured significant parts of the true 
test set data67. CA1, cornu ammonis 1; DG, dentate gyrus; PO, posterior nucleus 
of the thalamus; VIS, visual cortex. Panels a and b are adapted from ref. 233, 
CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). Panel c is adapted 
with permission from ref. 234, Elsevier. Panel d is adapted from ref. 235, Springer 
Nature Ltd. Panel e is adapted from ref. 13, CC BY 4.0 (https://creativecommons.
org/licenses/by/4.0/). Panel f is adapted with permission from ref. 67, AAAS.
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areas where additional development would be highly beneficial relate 
to scaling up channel counts, integrating tools for circuit manipulations 
and extending the duration of stable recordings.

Scaling up channel counts
For passive probe designs, scaling is constrained by the minimum fea-
ture size of the fabrication process, which determines how densely 
traces can be routed on the shank. The primary approach to increas-
ing electrode counts in passive devices without increasing the shank 

width has been to stack multiple probes together117,118,168. Although this 
strategy is feasible in larger animals, it is impractical in mice because of 
strict limits on implant size and weight. Another avenue for boosting 
the electrode count is to add features on both faces of the shank265 or to 
the four faces of a square-profile shank266. Dual-sided probes are now 
commercially available and yielding important insights267,268. However, 
as electrode densities increase, passive probes remain dependent on 
external amplification via bulky interconnects, imposing practical 
limits on scalability.

Steinmetz et al. (2019)
Visual discrimination task
MOs, CA1 , CP, VISp + 76 more

Siegle et al. (2021)
Passive visual stimuli
VISp, VISam, VISal, CA1 + 38 more

Ottenheimer et al. (2023)
Pavlovian conditioning task
MOs, ORB, PL, OT + 18 more

Chen et al. (2024)
Delayed response task
MOs, ORB, CP, MD + 93 more

Le Merre et al. (2026)
Passive auditory stimuli
MOs, PL, ACA, ORB + 26 moreDorsal

Posterior

Right

Kauvar et al. (2025)
Aversive stimuli with ketamine
ORB, RSP, CP, LSr + 22 more

Ye et al. (2025)
Neuropixels Ultra
MOs, ORB, MOB, AON + 6 more

IBL et al. (2025)
Visual discrimination task
MOs, CA1 , CP, VISp + 116 more

Bennett et al. (2025)
Change detection task
VISp, VISpm, VISam, CA1 + 52 more

Fig. 5 | Large-scale, open datasets available for studying distributed 
spiking activity. New recording technologies have enabled activity surveys 
spanning many brain regions, and the resulting datasets are increasingly shared 
in standardized formats to facilitate new analyses. Within a dataset, spiking 
activity can be compared across regions under a common paradigm, whereas 
overlapping coverage across datasets enables cross-condition comparisons of 
the same regions. Subpanels were generated by downloading publicly released 
data from nine mouse studies and extracting each recorded neuron’s position in 
the Common Coordinate Framework (CCF)307, which were rendered as black dots 

inside a 3D brain volume308. Each study is identified by its lead authors, behavioural 
paradigm and four representative brain regions. The corresponding publications, 
from left to right and top to bottom, are refs. 12,15,309,13,18,310,55,19,311. ACA, 
anterior cingulate area; AON, accessory olfactory nucleus; CP, caudoputamen; 
IBL, International Brain Laboratory; LSr, rostral lateral septal nucleus; MD, 
mediodorsal nucleus of thalamus; MOB, main olfactory bulb; MOs, secondary 
motor area; ORB, orbital area; OT, olfactory tubercle; PL, prelimbic area; RSP, 
retrosplenial area; VISal, anterolateral visual area; VISam, anteromedial visual 
area; VISp, primary visual area; VISpm, posteromedial visual area.
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Active CMOS-based probe designs with integrated electronics 
offer greater potential for miniaturization by substantially reducing the 
external connections required to read out data from the same number 
of electrodes. The semiconductor industry faces strong pressure to 
develop progressively smaller CMOS feature sizes, enabling increas-
ingly complex circuitry within the same physical area. Neuropixels 1.0 
probes were fabricated using a 130 nm process introduced in the early 
2000s, which was used to create processors for the original Microsoft 
Xbox. Neuropixels devices currently under development use a 55 nm 
process, similar to that used in the Sony PlayStation 3, which enables 
a fourfold increase in channel count while preserving the same probe 
dimensions269. In principle, even smaller process nodes could be 
adopted; state-of-the-art consumer electronics are now manufactured 
at 3 nm, with sub-nanometre technologies on the horizon. However, 
shrinking feature sizes yield diminishing returns for low-noise ana-
logue applications (such as detecting spikes). Manufacturing costs rise 
steeply, and analogue performance can degrade owing to increased 
gate leakage current, noise and device variability270.

In acute experiments, channel counts can be increased by implant-
ing more probes, provided that the probe bases and interconnect 
cables do not interfere with one another. In chronic experiments, 
simply adding more devices is less advantageous because of the limited 
space for long-term implants and the added burden on the animal. 
Instead, increasing the number of shanks per device and miniatur-
izing the readout electronics in the base offers a more effective path 
to higher channel counts. Current development efforts often focus on 
probes that can be used in both acute and chronic contexts, but the 
requirements for chronic recordings are distinct. Dedicated CMOS 
probe designs optimized specifically for chronic use could therefore 
have substantial impact and are likely to be in high demand271.

Integrating circuit manipulations
Integrating precise circuit manipulations with large-scale electro-
physiology is another area of active development. Most neural circuit 
manipulations are not done in conjunction with real-time feedback 
about ongoing activity, which can hide paradoxical or off-target 
effects272–274. Achieving tight temporal and spatial coupling of stimu-
lation and recording is therefore essential to interrogate and control 
neural circuits more effectively.

A variety of devices have demonstrated parallel light emission 
and recording capabilities275–279, but developing such devices with suf-
ficiently high channel counts to meet our definition of ‘large scale’ has 
proven challenging. However, a recent study reported the development 
of Neuropixels Opto probes, in which light emission is integrated along-
side electrodes at densities comparable with Neuropixels 1.0 (ref. 280). 
These devices enable spatially restricted circuit manipulations (on the 
order of ~200 μm) and permit optotagging of sub-populations express-
ing light-sensitive opsins. Integration of light emission with large-scale 
recording devices has also been demonstrated by attaching optical 
fibres to SiNAPS probes281. Optotagging has been successfully used 
to identify diverse cell types in vivo90,282–284, yet remains underutilized 
across the field as a whole. Major challenges that limit its use include 
the need to achieve genetic access to specific cell types, minimize 
light-induced artefacts and ensure precise spatial overlap between 
recording and illumination sites. Neuropixels Opto addresses the latter 
two limitations by restricting light delivery to a small area adjacent to 
the probe shank while maintaining high-density sampling. Develop-
ing practical tools for optotagging in large-scale electrophysiology is 
essential, as this technique remains the gold standard for linking spike 

trains to transcriptomically defined cell types. Machine learning tools 
for automated cell-type identification based on electrophysiological 
features show increasing promise92,285–287. However, their success ulti-
mately depends on the availability of ground truth training datasets 
obtained via devices capable of substantially increasing the throughput 
of optotagging across diverse brain regions and cell classes.

Electrical stimulation remains an indispensable method for 
perturbing neural activity, particularly in species or contexts where 
optogenetic methods are impractical288. With passive probes, current 
can be externally injected through any recording site289,290. By con-
trast, electrical stimulation through CMOS probes requires on-chip 
high-voltage driver circuits fabricated in specialized technology nodes. 
To minimize electrical interference during periods of stimulation, 
these devices, which have primarily been used for in vitro applications, 
also demand dedicated artefact suppression mechanisms and careful 
circuit design291.

Chemical neuromodulation via integrated microfluidic channels 
provides an additional avenue for circuit manipulation. For instance, 
local infusion of AMPA receptor antagonists can transiently suppress 
excitatory synaptic transmission, enabling validation of optotagging 
results by confirming that light-evoked spikes arise from direct, rather 
than synaptic, activation292. Similarly, focal delivery of GABA receptor 
agonists allows reversible silencing of neuronal populations293. Pas-
sive probes incorporating nanodialysis have been demonstrated294, 
permitting both localized drug delivery and extracellular sampling. 
Multifunctional probes combining electrophysiology, nanophotonic 
waveguides and microfluidic channels were recently developed295,296. 
Although chemical manipulation has yet to be integrated with active 
CMOS probes, doing so could substantially expand our ability to 
link cellular mechanisms to system-level dynamics.

Extending recording durations
Increasing the duration of electrophysiological recordings is essential 
for studying neural dynamics across longer relevant timescales, such 
as sleep–wake cycles136 and learning over days of experience154. Con-
ventional wisdom favours flexible electrode materials for long-term 
use62. However, more direct comparisons between rigid and flexible 
electrodes in similar brain regions and experimental conditions are 
needed to establish whether flexibility confers consistent advantages 
for chronic recording performance165,297. Increasing shank compliance 
(while maintaining stiffness) would also substantially extend the device 
lifespan by reducing the probability of breakage.

Beyond electrode materials, additional challenges limit the dura-
tion of chronic recordings. Head-mounted devices must remain pow-
ered at all times, although recent progress towards battery-powered 
data loggers for Neuropixels has been encouraging. An SD-card-based 
data logger has enabled wireless recordings in freely moving rats184,298 
and bats135. Wireless data transmission and power delivery would 
further extend the recording duration, but currently available sys-
tems support only dozens of channels, rather than thousands299–301. 
Power delivered over a tether can, in principle, support unlimited 
recording durations, although conventional tethers often restrict 
movement because of their bulk or twisting over time. This has been 
addressed by the ONIX platform181, which uses a commutator linked to 
a head-mounted tracking unit to actively counteract tether twisting. 
Finally, spike sorting over long durations remains a major obstacle; reli-
ably tracking individual neurons and assessing sorting accuracy over 
time are active areas of investigation302–304. The ability to track neurons 
successfully is notably enhanced by densely spaced electrode arrays 

http://www.nature.com/nrn


Nature Reviews Neuroscience | Volume 27 | June 2026 | 395–415 410

Review article

and algorithms suitable for using this spatial information to account 
for motion of the probe relative to the neurons103,105, and the use of 
ultra-high-density sites therefore comprises a promising pathway 
towards enabling improved tracking in the future55.

Outlook
The past decade has seen a tremendous leap forward in the tools and 
methods available for high-quality, robust and accessible electrophysi-
ology, including both industrially scaled devices and an accompany-
ing suite of open software tools and protocols. These developments 
have rapidly reshaped the field, enabling researchers to investigate 
spiking activity across distributed, multiregional circuits in a routine 
way. Electrophysiology already offers a perspective uniquely aligned 
with the brain’s natural spatial and temporal scales, and continued 
innovations promise to make this view substantially richer over time. 
With luck, our current definition of ‘large scale’ will seem antiquated 
in the not-too-distant future.

Data availability
The data used to generate the images in Fig. 5 are available at public, open 
repositories: https://doi.org/10.6084/m9.figshare.9598406 (Stein-
metz et al.12), https://doi.org/10.48324/dandi.000021/0.251116.2246 
and https://doi.org/10.48324/dandi.000022/0.251116.2247 (Siegle 
et al.15), https://doi.org/10.6084/m9.figshare.21365598 (Ottenhe-
imer et al.309), https://doi.org/10.48324/dandi.000363/0.231012.2129 
(Chen et al.13), https://doi.org/10.48324/dandi.001260/0.250911.0744  
(Le Merre et al.18), https://doi.org/10.48324/dandi.001326/0.250528.1957 
(Kauvar et al.310), https://doi.org/10.6084/m9.figshare.19493588 
(Ye et al.55), https://www.internationalbrainlab.com/brainwide-map 
(International Brain Laboratory (IBL)19) and https://doi.org/10.48324/
dandi.000713/0.240702.1725 (Bennett et al.311).
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