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Abstract
Localizing spike sources for improved registration, spike-sorting, and decoding in large-scale
Neuropixels recordings

Julien Boussard

Neuroscience, the study of the brain and nervous system in humans and animals, relies more and
more on data acquisition and analysis. Since the first recording of a neuron by Hubel and Wiesel
in 1957, using a tungsten electrode probe, neuroscientists have developed a multitude of devices
to record neuronal signals at various spans and spatiotemporal resolutions, leading to a rapid,
exponential increase in the number of recordable neurons. Methods such as calcium-imaging,
multi-electrode arrays (MEAS), or optogenetics are now at the core of research aiming at
understanding the processes underlying cognition and the encoding of information by neural
populations, improving brain-machine interfaces, and potentially discovering new cures for
neurological diseases.

Combining multiple advances in probe design, Neuropixels probes, introduced in 2017, have 384
recording channels arranged in a narrow and elongated shape that allows in vivo recordings of a
large number of neurons from multiple brain regions, in arbitrary brain locations, with high
spatiotemporal resolution, and in many different species of unrestrained animals. Thanks to these
advantages as well as their low cost, this technology has been widely adopted by numerous labs
that design experiments to record data from various brain regions and species. Multiple

laboratories, and in particular the International Brain Laboratory, a group of 22 neuroscience labs,



or the Allen Institute, have now released thousands of Neuropixels recordings from multiple brain
regions and species.

These large-scale experiments, which allow neuroscientists to examine the coordinated action of
large neuronal populations in superficial and deep structures of the brain, present a fantastic
opportunity for studying global brain dynamics. However, Neuropixels probes produce large
volumes of high-dimensional data, and extracting information from these recordings is
challenging. The main challenge is spike-sorting, i.e. detecting and assigning spikes to individual
neurons. This step is critical to many downstream tasks, such as cell type classification or
decoding. Unfortunately, spike sorting algorithms are inacurate and do not generalize well to
different brain regions or animals, often requiring manual supervision which makes this process
expensive and inefficient. The analysis of large-scale Neuropixels recordings thus requires
accurate, robust, modular, and scalable spike sorting algorithms that generalize well across
multiple species and brain regions, different existing probes, and even new probe designs.

During my thesis, we developed methods for improving spike-sorting in Neuropixels recordings.
We specifically tackled the problem of probe motion. Due to their elongated shapes, Neuropixels
probes move relative to the brain. The neurons’ spike shapes thus change over time as the probe
drifts, making it hard to cluster them properly. Inspired by image registration, we developed a
decentralized registration method for Neuropixels recordings to estimate the movement of the
probe relative to the brain, by treating the distribution of spike amplitudes as an image. We then
developed a localization method to infer the three-dimensional position of the detected spikes
relative to the probe using a simple model for the propagation of the electrical field generated by a
neuron in the brain. We showed how these locations can be leveraged to improve registration. I
then contributed to extending the above methods to developing Dredge, a registration method that
shows good performance across a variety of data modalities i.e. different Neuropixels probes,
different species, and different frequency bands.

We then built a spike sorter, DARTSort, that improved upon existing spike sorters by explicitly

modeling the unit’s spike shape variability as a function of probe motion, rather than interpolating



the data to correct for drift. Moreover, we aimed at building a modular and interpretable spike
sorter, allowing each of its components to be easily isolated, that generalizes well to a variety of
probe designs. DARTSort was used to sort Ultra-High Density Neuropixels recordings. These
very dense, newly designed probes allow for improved spike detection, yield, and cell-type
classification, at the expanse of a shorter recording span. Finally, the localization and registration
methods were utilized for building a state-of-the-art decoding model, taking as input the spike

density along the probe, acting as an efficient and uncertainty-aware proxy for spike sorting.
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Chapter 1: Introduction

1.1 Neuropixels probes offer unprecedented opportunities in neuroscience

Electrophysiology methods, which reveal the activity of individual neurons at high tempo-
ral resolution and in arbitrary brain locations, have been transformed by the development of new
probes, as the number of recorded neurons per electrode shank grew from a handful to thousands
of neurons in the last ve decades. A rst breakthrough in recording technology came in the early
1990s with the introduction of silicon probes such as the tetrode or Utah array allowing for record-
ing populations of neurons at once and on multiple sites, to distinguish the neuron's shapes through
differences in amplitude and waveform across these sites. Typically, a single tetrode shank can
record about a dozen of neurons at once on 4 recording channels, and a tetrode probe can be
composed of up to 16 shanks [1, 2, 3, 4], but this makes the device invasive and unt to in vivo
recordings [5]. Utah arrays [6, 7] can record from hundreds of neurons on about 100 channels,
which are arranged along a spatial grid and can only record from surface brain areas. A second,
more recent breakthrough came with the introduction of Neuropixels probes in 2017.

Neuropixels 1.0 (NP1.0) and 2.0 (NP2.0) probes consist of 384 recording sites arranged in a
checkerboard-like pattern along 4mm-long and mMBlarge probes [8, 9]. They combine multiple
advantages from previously designed electrophysiology recording devices to allow in vivo record-
ing from arbitrary brain locations and multiple brain regions in freely moving animals [5]. This
means that they can record a densely sampled signal on a larger number of channels than was
previously possible, from both input and output brain structures, and be chronically implanted.
Moreover, their exibility allows for the design of different geometries that can be implanted in
diverse species of different sizes, from mice to primates and humans [10, 11, 12, 13, 14, 15, 16]. It

is also possible to do simultaneous recordings using multiple probes. These advantages as well as



their low cost contributed to their wide distribution among the scienti c community.

The large number of labs adopting Neuropixels probes lead to an unprecedented volume of
data collection, as well as the design of large-scale data collection experiments, such as the Allen
Brain Observatory's Neuropixels Visual Coding [17] or the International Brain Laboratory (IBL)
Brain-Wide Map [18] projects, designed to map brain activity across all brain regions, the IBL's
reproducible electrophysiology project [19] designed to understand and control for features that
impact reproducibility of experiments across labs, coupled recordings of Neuropixels and wide-
eld calcium imaging [20, 21] or optotagging [22], and cell type classi cation datasets [23]. These
experiments aim at revealing the dynamics of neural populations at an unprecedented spatiotem-
poral resolution across subjects and species, to further improve our understanding of brain-wide
dynamics or the role of different cell types, improve decoding models, and thus brain-computer

interfaces performances.

1.2 Challenges: data processing

This abundance of large datasets poses multiple challenges. On top of the large size of these
datasets (typically recorded on 384 channels at 30kHz for several hdl@&B/minute [5]), re-
quiring large storage and computing capacities, they need to be processed in such a way that ex-
periments are reproducible, generalize across datasets, and are robust to artifacts. One example of
artifact is probe motion. The elongated shape of the electrode leads to the electrode drifting relative
to the brain. The recorded signal is thus correlated with the motion, and, if the motion is correlated
with task-dependent variables, a decoding model could decode the motion rather than decoding the
neural signal, leading to an inacurate analysis [24].

Although it is not clear that it is needed for decoding [25], a crucial step for researchers inter-
ested in the spiking activity of individual neurons is spike sorting: detecting and attributing spikes
to putative neurons [26]. Many labs rely on human curation, either by sorting recordings manu-
ally or by curating the output of an existing or their spike sorter (XClust [27], SimpleClust), but

this process is more time-comsuming and impracticable as the numbers of recording channels and



detected neurons increase, and is not standardizable [28]. In the past decade, many spike sorting
algorithms [29, 30, 31, 32, 33, 34, 35, 36, 37] have been proposed as high-density devices were
developed [38, 39, 40, 41, 42], with Kilosort [8, 43] being the most commonly used across labs.

Unfortunately, spike sorting is very challenging and algorithms remain fairly inaccurate. Neu-
rons that are close in space -and thus in the same brain region- will likely have similar spike shapes,
and individual neuron spike shapes and amplitudes also vary in time, making clustering dif cult.
Most detected neurons will be relatively far from the probe, leading to low amplitude spikes with a
low signal-to-noise ratio. Moreover, spike sorting algorithms do not generalize well across record-
ings, as spikes from different brain regions or species will have very different shapes and ring
rates, and various Neuropixels probes can have very different channel densities and spans. On
top of this, many recordings have noise artifacts, such as probe motion -individual neurons spike
shape change as the probe moves relative to the brain-, or channel voltage leakage -which leads to
channels recording each others.

Another dif culty comes from the lack of quantitative evaluation and benchmark for spike
sorting algorithms, forcing labs to rely on visualization software such as Phy [44, 29] to evalu-
ate the output of spike sorting. There is thus no standard for spike sorting algorithms, as labs can
use various spike sorters, often with manual curation, and without clear directions for how spike
sorting should be implemented and evaluated [45, 46, 47, 48], hindering reproducibility of ex-
periments as well as collaboration across labs [26]. Multiple approaches have been proposed to
evaluate and compare spike sorters. One approach is the development of fully simulated electro-
physiology recordings [48, 49]. These simulations provide ground-truth spike trains and allow to
evaluate the accuracy of different spike sorters. However, they rely on simpli ed signal propaga-
tion models in the brain, and synthetic datasets are often too simplistic and do not represent the
true performance of spike sorters on real data. Another approach is to create hybrid recordings
[43] by adding spikes at determined times to real datasets, to preserve real noise rather than using
a synthetic noise model. Spike sorters accuracy can then be evaluated on the injected spikes. How-

ever, injected spikes correspond to manually validated units in adjacent datasets. In other words,



they are units that were well-sorted in the rst place, and most often “easy" units to sort. Moreover,
hybrid datasets are usually non-drifty, and injected spike shapes only change in amplitude through
time, underestimating the per-unit variability of real units. A third approach is to use quantitative
metrics of sorted units [50]: each unit is evaluated according to speci ed metrics and the number
of units passing all metrics comprises the set of total units. However, this approach relies on as-
sumptions about the data that might not generalize well to all recordings. For example, common
metrics evaluate the number of inter-spike interval violations (if a unit has two spikes in less than 1
or 2 ms, itis considered a violation) which might not stand in recordings from the cerebellum [51],
or the unimodality of the amplitude distribution, which might not stand in the presence of drift or
high per-unit variability. Finally, patch-clamp recordings allow to obtain ground truth spike trains
in real data, but are dif cult to obtain [5]. When benchmarking a spike sorter, it is still critical to
carefully evaluate and visualize its output on a wide range of recordings, from different probes and

different brain regions.

1.3 Key contributions

In this thesis, | present methods that we developed to alleviate some of these issues. First, we
focused on developing methods for estimating probe motion relative to the brain. Pacgitariu
al. [52] proposed to estimate drift by treating the distribution of raw amplitudes of detected spikes
along the probe at each second as an image, and utilizing template image registration to estimate the
movement. Each second-long time chunk thus gets registered to the mean of all images. However,
this method is not very robust to changes in neurons ring rate. If a neuron doesn't spike during
a time chunk, but in most of the time chunks, it can induce errors in the motion estimation of this
time chunk. In chapter 2, we proposed a decentralized registration approach where all time chunks
get registered to every other time chunks to robustly estimate the global displacement using a rank
1 approximation of this large matrix. The pairs of time chunks can be randomly subsampled for
computational ef ciency.

However, a single unit's amplitude is variable and the above methods are not robust to change



in unit amplitudes. Moreover, raw amplitudes are often noisy, which leads to underestimating the
total displacement. In chapter 3, we proposed to use the distribution of denoised spike source loca-
tions instead of raw amplitude to resolve these two problems. We used a neural network denoiser
[53] to obtain denoised amplitudes of detected spikes and developed a localization method based
on a simple model of signal propagation to infer 3D spike source locations. We showed that the
combination of these methods lead to improve motion estimation. Many spike sorters rely on spike
locations to perform initial clustering. These locations are typically obtained with a center of mass
method -an amplitude-weighted average of the channel positions- which tends to collapse spikes
on the middle of the probe and over t to the max channel, leading to discontinuous locations in
the presence of drift. Another existing spike localization method [54] had been proposed but did
not use any spike denoising and relied on a different propagation model, and is thus less suited for
image registration.

Building on the work presented in chapters 2 and 3, we devel@iREDge: robust motion
correction for high-density extracellular recordings across speaeeliable tool for estimating
probe motion across a wide variety of Neuropixels probes and species as well as different data
modalities, such as the action potential or local- eld potential frequency bands. This work was
primarily led by Charlie Windolf and is presented in chapter 4. | contributed to building DREDge
by helping develop the methods, applying DREDge to Ultra-High-Density Neuropixels probes
(chapter 6), and helping write the manuscript. As primate and human recordings often suffer from
sub-second drift, visible in the spike locations, | also developed a method to estimate this fast
drift using spline interpolation. | am including the full DREDge paper in my thesis as it is a key
component of our spike sorting algorithm described in chapter 5. This work builds on a previous
publicationRobust Online Multiband Drift Estimation in Electrophysiology D&Eindolf et al.
[55]) presenting improvements of the work shown in chapters 2 and 3. It was complemented by a
later publicatiomA Modular Implementation to Handle and Benchmark Drift Correction for High-
Density Extracellular Recording&sarciaet al. [56]), which showed an in-depth evaluation and

comparison of different motion estimation methods. These last two papers are not presented in this



thesis.

In chapter 5, | describe DARTSsort, a spike sorting algorithm that we developed to be modular,
interpretable, and robust to drift. We used DREDge (chapter 4) to estimate the probe motion and
registered spike locations (chapter 3) to perform initial clustering. All steps were carefully designed
to be drift and time-invariant, to track units through time in the presence of drift and spike shape
variability. Moreover, instead of interpolating the raw data to correct for drift and treating the
registered data as static, as other spike sorters do, we explicitly model each unit spike shape as a
function of drift, preserving the raw data and a higher signal-to-noise ratio. This is described in
more detail in Section 1.4pike sorting as a statistical problem

We then used DARTsort to analyze drifty recordings obtained with ultra-high density Neu-
ropixels probes, a novel type of Neuropixels probes. This work is presented in chapter 6. It was
primarily led by Zhiwen Ye and Andrew Shelton. In this work, a large team of neuroscientists de-
veloped a novel probe called Neuropixels Ultra, with much higher spatial density and lower noise
levels. They recorded neural activity from multiple regions in mice brains and several other species,
and showed that compared to Neuropixels 1.0 probes, cell-type classi cation improves and more
neurons are detected, especially those with small spatial footprint, which leads to higher yield of
behaviorally relevant neurons. | contributed to this paper by designing and optimizing DARTsort
for NP Ultra recordings. | ran DARTsort on multiple recordings and analyzed differences between
probes such as SNR, amplitudes, localization spreads and yield of visually-responsive units. |
am not including the full paper, available latps://www.biorxiv.org/content/10.
1101/2023.08.23.554527v2 , but will include the results and spike sorting analysis, and a
discussion summarizing the opportunities given by the NP Ultra probes.

Finally, in chapter 7, | present an uncertainty-aware behavior decoder that takes as input the
spike localizations and treats them as a spike density, rather than a spike train. This work was pri-
marily led by Yizi Zhang and Tianxiao He. It consists of building and evaluating a decoding model
that, instead of taking a spike train as input, relies on the spike localizations obtained using the

method described in chapter 3. The model treats the spike locations and amplitudes as a density



function approximated using a mixture of Gaussian. Instead of hard-assigning the detected spikes,
it conveys uncertainty about the spike assignments, leading to improved decoding accuracy. | con-
tributed to this paper by helping design the decoding paradigm presented in this paper, running our
localization method and processing Neuropixels datasets, interpreting the output of the mixture of
Gaussian and comparing it with the output of Kilosort 2.5 [52]. | am including the full paper in
this thesis as it shows a very interesting and successful use of our spike localization method. It also
shows how uncertainty about the spike assignments can lead to higher decoding accuracy. It opens
up an avenue of research for using spike density rather than spike trains for various applications,
such as behavior decoding or brain region decoding - which is crucial for experimentalists target-
ting speci ¢ brain regions. This could potentially speed up data preprocessing, inform scientists
who could rely on the spike density rather than hard assignments, and improve downstream tasks

such as decoding.

1.4 Spike sorting as a statistical problem

When building DARTSort, we view spike-sorting primarily as a statistical problem which 1
detail in this section.

The signal recorded by the Neuropixels probes is the sum of the signal emitted by all neurons
spiking in the brain. However, most of these neurons are very far from the electrode and their
detected signal is of very low amplitude. We only aim to detect and cluster the spikes emitted by
the closer, detectable neurons, and model the sum of the very large number of far away spikes as
drawn from a standard Gaussi#dn N! 0- f° wheref represents the noise standard deviation,
according to the central limit theorem.

The signal emitted by detectable neurons is modelled as the sum of each neuron spike shape at
each spike time. A spike typically lasts about 2 milliseconds, and @itie time of the spike at
which it spikes at highest amplitude, we consider that a spike appears in the in@niafims-§;
2+6ms7/4to ensure that the entire spike is visible inside this window. All times below are in millisec-

onds.



With ( = the spike shape of neurenits spike8such thatlC2 g 1+4—§; 26%is (=C @. The
signal recorded at tim€can thus be written, witk!® representing the neuron that emitted spike
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This is a classical Statistics problem, known as the cocktail party problem. If the shages
known and static over time, the problem can be solved approximately using matching pursuit [57,
58]. If the templates are not known, a possible approach is to perform an Expectation-Maximization
procedure [59] where we start by detecting spikes and clustering them to nd an approximate set
of shapeqz, before iteratively performing matching-pursuit to update the set of detected spikes
and reassigning the spikes to each cluster to update the set of ghapes

However, a single neuron can emit multiple spikes with variable amplitudes, and its spike
shapes can change over time. Moreover, there are recording artifacts -additional sources of non
Gaussian noise- 1C and probe drift31C that cause spike shapes to change. Our goal is thus to
use and develop statistical methods to address these challenges. Denoting amplitude variability of

neuron=at timeCas_-*C, and the time and drift-dependent shape of nem()ﬁ“@, the problem

can be rewritten as:

+1@ = © _glC (SU1C @, #1C, " 1C (1.2)
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Our approach is to rst estimate!C, and nd time and drift-invariant spike features that lead
to a good initial clustering. We then explicitly model the spike shape as a function of time and drift
when performing matching pursuit -the maximisation step of the EM algorithm. The expectation

step, which reclusters the detected spikes, is designed to be time and drift-invariant. More precisely.

Here are our algorithmic contributions:

» Treating the recorded signal at tin@gas an image and taking inspiration from computer

vision and optical ow, we developed a decentralized registration algorithm to estimate the
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movement of the probe relative to the brain. (Chapter 2)

Using a simple propagation model for the electric eld in the brain, we developed a method to
estimate the source position of recorded spikes, using supervised neural networks to denoise
the spikes before using optimization techniques to estimate their locations from the denoised

amplitudes. (Chapter 3)

These positions are then registered (Chapter 4) and used as time-invariant input to a clus-
tering algorithm inspired by Density-Peaks Clustering (DPC). To account for variations in
shape and amplitude, this algorithm was augmented by a graph-based approach that runs
DPC on multiple chunks of the recordings -each chunk being relatively stable- before en-

sembling the results obtained on all chunks (Chapter 5).

We then extended existing matching pursuit approaches to take as input spike shapes that
shift over time according to drift - instead of registering the raw data - and smoothly vary

over time. This consists in the maximization step of our spike sorting algorithm (Chapter 5).

We then designed time-invariant split and merge approaches to recluster the spikes detected
during the above step, obtaining a time and drift-invariant expectation step. These two steps

can then be repeated until convergence (Chapter 5).
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Chapter 2: Decentralized motion inference and registration of Neuropixel

data

Multi-electrode arrays such as “Neuropixels" probes enable the study of neuronal voltage sig-
nals at high temporal and single-cell spatial resolution. Howemerjvo recordings from these
devices often experience some shifting of the probe (due e.g. to animal movement), resulting in
poorly localized voltage readings that in turn can corrupt estimates of neural activity. We introduce
a new registration method to partially correct for this motion. In contrast to previous template-
based registration methods, the proposed approadécentralizedestimating shifts of the data
recorded in multiple timebins with respect to one another, and then extracting a global registra-
tion estimate from the resulting estimated shift matrix. We nd that the resulting decentralized
registration is more robust and accurate than previous template-based approaches applied to both
simulated and real data, but nonetheless some signi cant non-stationarity in the recovered neural
activity remains that should be accounted for by downstream processing pipelines. Open source

code is available dittps://github.com/evarol/NeuropixelsRegistration

2.1 Introduction

Recent advances in multi-electrode array (MEA) technology enable the recording of neu-
ral activity throughout the brains of behaving animals, at single-cell spatial resolution and sub-
millisecond temporal resolution, over timescales of hours or even days [8, 62, 63, 61]. During
long recordings, it is inevitable that the probes will shift in position, due for example to subtle
movements experienced by the brain during external movement of the animal. These shifts in turn
translate into nonstationarities that can contaminate downstream analyses of the inferred neural ac-

tivity. Therefore, inferring the amount of movement that is experienced by the MEA and correcting
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Figure 2.1:Overview of the proposed decentralized registration techniqueln vivo elec-
trophysiological recordings are subject to motion artifacks (nouse gure reproduced

from [60]). To estimate the amount of motion, each time chunk of data (1 second) is repre-
sented using spatial histogramB)( The spatial histograms across all time chunks are pair-
wise registered to each othe€); Using pairwise displacement estimate),( global po-
sitioning is inferred [E); dataset from https://github.com/ atironinstitute/neuropixels-data-sep-
2020/blob/master/doc/cortexlabl.md. Global displacement is used to register the time chunks to
a motion corrected space. The action potential superpositions prior to motion correction exhibit
highly variable signal amplitudes due to motidf; Color indicates time within the trial, so we

see that early spike shapes differ signi cantly from later spikes). Motion effects are reduced after
registration, and the decentralized motion estimates yield a higher signal-to-noise ratidyield (
compared to the template based registration approach in@1] (

the voltage signal to account for this movement has been identi ed as a crucial step in the analysis
of MEA data [5].

Since the MEA is equipped with a geometrical layout, one can think of the probe recording as
a series of images of voltage readings, where each electrode acts as a pixel. Therefore, MEA mo-
tion correction can be cast as a video registration problem — but with several important caveats.
First, the “videos" of voltage signals from active neurons are highly sparse relative to the sam-
pling rate of voltage recordings; therefore salient landmarks that can be used to register one frame
to another are absent in most of the recording. Second, when there is neural ring activity that

can be used to anchor registration, the ring patterns may not be consistent over time, i.e., differ-
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ent subpopulations of neurons might be observable at different time intervals, creating a lack of
correspondences for registration. Further, the signal to noise ratio of voltage recordings is not as
high as those observed in many medical imaging registration tasks or natural image videos, further
making the motion estimation problem dif cult. Lastly, unlike traditional grid-like pixel layouts,
MEAs occasionally have scattered pixel positions. This makes the signal interpolation step after
displacement estimation challenging due to irregular placement of signal recordings.

[61] recently introduced template-based registration methods for Neuropixels data (see also
[36] for an earlier approach), building on approaches that are popular for registering other types
of neural recordings [64, 65]. The basic idea here is to learn a “template” image and to estimate
the optimal shift in each timebin to match the data to the estimated template image. This approach
works well when the observed neural activity is stable enough to form a single coherent template
image across the full dataset, but fails if different neural populations are active during different
temporal segments of the recording (implying that a single template will not fully capture the
activity prevalent in each timebin).

Here we introduce a more robu$tcentralizedegistration approach. Instead of assuming the
existence of a single template image, we estimate relative displacements with respect to every pair
of frames, and then extract a global displacement estimate from the resulting matrix of pairwise
local displacements. We show that one does not need to execute every pair of registration prob-
lems, as subsampling can be utilized to reliably estimate global displacement due to the low-rank
nature of the estimated displacement matrix. The resulting decentralized registration framework

signi cantly improves displacement estimation in several challenging experimental datasets.

2.2 Methods

The proposed registration framework involves several steps, illustrated schematically in g-
ure 2.1. First, the data is bandpass Itered (200Hz-3000hz) and normalized by median absolute
deviation (MAD) to account for electrode speci c noise levels. Then, following [61], the recording

is broken into one-second time chunks, within which spatial histograms are extracted to represent
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