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Abstract

There are many open-source tools available for the processing of neuronal data acquired
using Neuropixels probes. Each of these tools, focuses on a part of the process from raw
data to single neuron activity. For example, Spikelnterface is an incredibly useful Python
module for pre-processing and spike sorting of individual recordings. However, there
are more steps in between raw data and spikes, such as synchronization of spike times
between probes and histological reconstruction of probe insertions. Therefore, we devel-
oped Power Pixels, combining the functionality of several packages into one integrated
pipeline, which may be run in any lab workflow. It includes pre-processing, spike sorting,
neuron-level quality control metrics, synchronization between multiple probes, compres-
sion of raw data, and ephys-to-histology alignment. Integrating all these steps into one
pipeline greatly simplifies Neuropixels data processing, especially for novel users who
might struggle to find their way around all the available code and tools.
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Introduction

The processing of electrophysiological recordings, from raw data to spike-sorted neurons in de-
fined brain regions, is a very labor-intensive task for many researchers. This in particular with
the advent of high-density silicon probe, such as Neuropixels (Jun et al., 2017). Large collabora-
tions, like the International Brain Laboratory (IBL), have developed fully integrated end-to-end
pipelines, this takes the workload away from the researchers and allows them to spend more
time doing experiments, analysis and writing. These pipelines, however, are embedded in the
database architecture used by the collaboration and do not run out-of-the-box on recordings
made by external researchers. (International Brain Laboratory et al., 2022). Even when the code
base is open-source, it’s challenging for external researchers to apply the code to their data be-
cause the code is written for large-scale deployment instead of running a single local recording
session. Furthermore, collaborations might have access to advanced equipment which is typically
not available to individual labs.

Advances are made to streamline and standardize processing and spike sorting of electro-
physiological recordings, most notably by Spikelnterface (Buccino et al., 2020). Spikelnterface is
a powerful tool which is aimed at the first stages of processing: preprocessing, spike sorting, and
curation of the spike sorting output. To get a full end-to-end pipeline, however, several additional
steps are required, namely: synchronization between multiple probes, histological reconstruction
of probe tracts, and alignment of histology to electrophysiological markers. We present here
the Power Pixels pipeline, covering all these steps and additionally calculates several different
neuron-level Quality Control (QC) metrics which can help, or even completely replace, manual
curation of spike sorting output. In short, the Power Pixels pipeline combines Spikelnterface, the
IBL pipeline, and probe tracing software into one end-to-end pipeline from raw recorded data
to spike sorted neurons in defined anatomical regions in the brain.
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Figure 1 - Process diagram of the pipeline. The inputs are the raw recording and the per-
fused brain and the outputs are single neurons and LFP power, in defined brain regions.
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Methods

The Power Pixels pipeline combines processing steps from Spikelnterface, elements from the IBL
pipeline, and a standalone MATLAB package into one end-to-end pipeline (Figure 1). The pipeline
takes raw data electrophysiological time series as input and generates curated spike-sorted neu-
rons, along with the anatomical location of the recorded neurons as output. The backbone of
the pipeline is the powerpixels Python class that contains several functions related to the differ-
ent steps of the pipeline. To establish in which brain region each recording channel ended up,
histological reconstruction of the probe tracts is done using the MATLAB package AP_Histology
or Universal Probe Finder (Montijn and Heimel, 2022). Finally, the electrophysiological signa-
tures along the probe are aligned with the inferred brain regions from the probe tract using the
Ephys-Histology Alignment GUI developed by the IBL.

Supported data formats and hardware

The pipeline supports recordings done with Neuropixels 1.0 and 2.0 using SpikeGLX or OpenE-
phys on a National Instruments acquisition system. Accepted raw data formats are therefore
.bin and .dat files, from SpikeGLX and OpenEphys respectively. Also the compressed raw data
formats .cbin and .zarr are accepted, these are decompressed before the pipeline is run because
some steps require uncompressed raw binary data (e.g. Bombcell). Other Neuropixels probes,
like the 1.0 NHP, 2.0 Quad Base, or Ultra, will most likely be accepted by the pipeline but
have not been tested. Non-Neuropixel probes, like the SINAPS from NeuroNexus (Angotzi et
al., 2019), are less likely to work out-of-the-box. The same goes for other acquisition devices,
like the OneBox, they have not been tested but might work with some manual tweaking.

Preprocessing

Long-shanked, high-density silicon probes, such as Neuropixels, pose specific challenges for data
preprocessing and the achievement of high-quality spike sorting. The Power Pixel pipeline reca-
pitulates the steps in the pipeline used by the International Brain Laboratory (International Brain
Laboratory et al., 2022). The backbone for this is the Spikelnterface implementation of the pre-
processing steps, these are all done "lazily". This means that the result of each step does not
result in a new raw binary file which is saved on the disk, instead Spikelnterface creates a virtual
processing pipeline of all the steps which is executed and saved to disk only once, just before
spike sorting. This preprocessed raw binary file is subsequently deleted after the spike sorting
is done to save disk space. This means that these preprocessing steps only impact spike sorting
output, the raw data remains unchanged after the pipeline has run.

High-pass filter. Raw data that is recorded in broadband, such as is the case with Neuropixel 2.0
probes, first has to be high-pass filtered. To this end, the first step of the pipeline is to apply a
300Hz high-pass Butterworth filter.

Inter-sample shift correction. On a Neuropixel probe, the active channels are not sampled exactly
simultaneously. Instead, groups of channels are sampled consecutively within each sample ac-
quisition. This results in a shift in the acquisition time between channel groups in the order
of tens of microseconds. These shifts, albeit minuscule, can cause artifacts while applying a
common-average reference (CAR) over the entire probe. Therefore, these shifts are corrected
by the pipeline.
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Figure 2 - Preprocessing steps the pipeline employs before starting spike sorting.

Detect and remove channels. Before performing any common average referencing the channels
that are noisy, or outside of the brain, should be removed, this prevents these signals from con-
taminating the reference signal. First, dead channels and channels outside of the brain are de-
tected and removed. Subsequently, common average referencing is used to denoise the remain-
ing channels, channels that are still noisy after CAR are detected and interpolated over neigh-
boring channels (Figure 2, step 1). The method by which bad channels are detected is described
in detail in International Brain Laboratory et al., 2022.

Artifact removal. Electrical artifacts can have many different sources, but they share one feature:
their signal is the same over nearby channels. Electrical artifacts which are identical across all
channels of the probe can be filtered out using common average referencing. Neuropixel probes,
however, are so long that electrical artifacts can have slightly different amplitudes at the tip ver-
sus at the base of the probe. Therefore, performing a common average reference, whereby the
median of all channels is subtracted from each channel, can be insufficient to filter out electri-
cal noise (Figure 2, step 2 Common reference). Therefore, the user has the option to employ a
spatial filtering method developed by the IBL called destriping. This method takes into account
that artifacts can vary smoothly over the length of the probe. Besides destriping, a third option
is to apply a local reference whereby the median of channels in close vicinity of each channel are
subtracted from it. Local channels are selected by drawing an annulus around each channel with
an inner diameter of 50 um and an outer diameter of 200 um (these values can be changed in
the settings), channels are selected which fall inside the inner and outer diameter of the annulus.
This approach ensures that neighboring channels are not subtracted from each other since they
might contain highly similar signals which could cancel each other out. The user can set which
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artifact removal strategy they wish to employ: common average referencing, destriping, or local
average referencing (default).

High-frequency noise removal. Recordings sometimes have high frequency noise in specific fre-
guency bands. These are automatically detected in the power spectrum of the recording and
removed using notch filters targeted to the peaks in the power spectrum (Figure 2, step 3). A
plot of the power spectrum with the detected peaks is saved in the session folder together with
a plot of the power spectrum after the notch filters have been applied. Peak detection is done
with scipy’s find_peaks, the threshold value of the peak detection can be set by the user if they
are not happy with the default threshold.

Spike sorting

The pipeline is developed using Kilosort (Pachitariu et al., 2024, 2016), other spike sorters will
probably work as well but have not been tested. Files with the recommended parameters for Kilo-
sort 2.5, 3, & 4, and pykilosort are included in the pipeline repository but can be changed if nec-
essary. Spike sorting is run by Spikelnterface which allows seamless integration in the pipeline,
MATLAB-based sorters (such as Kilosort 2.5 and 3) are deployed in a Docker container, alterna-
tively the user can install Python-based Kilosort 4 locally.

Neuron-level QC metrics

Modern spike sorters, like Kilosort, tend to be overzealous when detecting units. Only a subset of
the detected units are well isolated single units, with the majority of detected units being multi-
unit activity or noise. Therefore, after spike sorting has detected putative single units, quality
metrics are calculated for these units. These metrics give an indication of how clean the unit
is, for example, by computing the number of inter-spike interval violations. On the other hand,
metrics can also be used to characterize units, for example by looking at the spike width to
classify units as putative narrow-spiking interneurons.

Manual and automatic curation of spike sorting output

To make a final decision on which units constitute single neurons, most electrophysiologists man-
ually curate their data. This entails visual inspection of the waveforms, interspike interval distri-
bution, spike amplitudes, etc. Power Pixels computes many of these quality metrics to provide
the user with as much information as possible upon which to make this decision. The curation
GUI of Spikelnterface is used to this purpose. Besides manual curation, however, there are now
more and more algorithms which aim to automate this process. The pipeline runs three of these
algorithms. The predictions of these algorithms are compiled, together with the indication from
Kilosort, and added to the Spikelnterface manual curation GUI (Figure 3). In the manual curation
GUI the user can use all the metrics computed by the pipeline together with the predictions of
the three automated curation algorithms to make their decision regarding which units constitute
well isolated single neurons. In the GUI this can be indicated with a drop-down menu per neuron,
allowing the user to specify each unit as single neuron, MUA, or noise. These choices are saved
to disk and the load_neural_data helper function has an option to only load in neurons that are
deemed single neurons by the user. Alternatively, one can use the predictions of one of these
automatic curation algorithms and skip the manual curation step altogether.
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