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ACORN: Adaptive Consensus of Repeated Clusterings
identifies pyramidal neurons and interneurons in the primate motor cortex

based on extracellular spike waveforms

Abstract

Understanding how neural circuits generate behaviour requires knowledge of both neural
activity patterns and the cell types they originate from. While the scale of neuronal
recordings has dramatically increased since the advent of dense multicontact probes,
accurate identification of cell types remains elusive. Traditional approaches have used spike
width to attempt a classification, with narrow spikes assumed to be inhibitory interneurons.
However, fast pyramidal tract neurons (PTNs, known to be excitatory) with thin spikes and
interneurons with wide spikes challenge these assumptions. Here we accomplish three
related objectives. First, we produce a ground truth dataset of extracellular spike shapes
from electrophysiologically identified pyramidal neurons from primary (M1) and
supplementary motor areas (SMA) and optogenetically identified interneurons in M1 in
female macaque monkeys. Next, we show that spike width correlates with antidromic latency
not only in M1 but also in the SMA, suggesting that it is a physiologically meaningful
measure across the motor cortex. Finally, we introduce our unsupervised ensemble
clustering method, "ACORN?", and characterise its performance on our neocortical macaque
dataset, the C4 cerebellar database, and a juxtacellularly recorded mouse dataset,
demonstrating strong out-of-the-box performance across species, brain areas, and recording
techniques. ACORN can cluster neuronal waveforms without training or tuning, and provides
data-derived confidence values for its predictions. Our ground truth data can be used as a
reference to help identify or verify clusters in novel datasets. Together, our method and
database provide a streamlined foundation for electrophysiological cell classification without

necessitating changes to recording paradigms.
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Significance Statement

High-density extracellular recordings are increasingly the norm in neuroscience, but accurate
and non-invasive identification of cells remains a challenge. Here we provide a database of
action potential spike shapes from pyramidal tract neurons and interneurons of the macaque
supplementary motor area, whose identities we verified using nerve stimulation and
optogenetics, respectively. We introduce the neuron clustering method “ACORN”, and
showcase its robustness by evaluating its performance on a variety of distinct datasets. Our
training-free clustering technique is designed to support experimentalists, while our ground

truth database can enhance and validate future datasets and method development.

Introduction

Different classes of neurons perform distinct roles within cortical networks. To understand
how information is processed, knowledge of activity levels alone may not be sufficient;
identifying cell types is a critical part of the puzzle. For example, detecting a high firing rate
of local inhibitory interneurons would imply a different type of neural computation than the

same pattern observed in excitatory pyramidal neurons that project to distant targets.

The prospect of reliably classifying cells based on their extracellular electrophysiological
properties is appealing for several reasons. Firstly, using the same recordings to classify
neurons and measure their activity patterns would make experiments more straightforward
to perform. Additionally, it would allow building cell-specific computational models of complex
animal behaviour based on recordings in awake animals, without the need for additional,
often postmortem, techniques required to confirm cell identity. Furthermore, it would facilitate
more accurate targeting of cells of interest, by making it possible to adjust electrode position

based on live information about cell types. Finally, it would enable real-time adjustments of
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electric, optogenetic or pharmacological network manipulations in awake behaving animals

as a function of observed cell type-specific activity.

Previous works suggested that neocortical interneurons have short action potentials, which
could be used to distinguish them from pyramidal neurons that spike more rarely but with
longer durations. Many subsequent studies have relied on action potential durations as a
way to distinguish between putative interneurons and excitatory pyramidal cells (for an
overview, see Table 2 in Vigneswaran et al., 2011). However, the considerable diversity of
cortical interneurons, with multiple morphological subtypes clustering into the same
electrophysiological classes (Zaitsev et al., 2009), raised questions about the reliability of

such an approach.

The picture is further complicated by different brain regions having distinct compositions of
cell types. For example, giant Betz cells are present in the fifth layer of the primary motor
cortex (Rivara et al., 2003), but not in secondary areas, while the supplementary motor area
(SMA) is thought to contain a higher proportion of small-sized cells (Wiesendanger et al.,
2007). As cell size correlates with conduction velocity (Lee et al., 1986), which in turn has
been shown to correlate with action potential duration (Vigneswaran et al., 2011), this
suggests that the reliability of cell type classification using extracellular spike shapes will
depend on the brain region under investigation. For example, in the primary motor cortex
(M1) of macaque monkeys, large pyramidal tract neurons have been shown to exhibit spikes
with short durations that overlap with those reported for interneurons (Vigneswaran et al.,
2011). Additionally, there are significant cross-species differences as well, with the primate

cerebrum exhibiting a diverse variety of interneuronal classes (Schmitz et al., 2022).

To address some of these limitations, more sophisticated approaches used not only a single
feature, such as action potential duration, but a wider range of information through the
unsupervised clustering of spike shape waveforms (Trainito et al., 2019; Lee et al., 2021).

While these methods succeeded in identifying distinct cell classes based on neural activity,
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scrupulous assessment of the reliability of extracellular waveform-based cell classification

would require a ground truth dataset of recordings from neurons with verified identifies.

A recent study used optogenetic and pharmacological tools to obtain a curated library from
the cerebellum, which they then used to train and validate their semi-supervised classifier
(Beau et al., 2025). The authors subsequently showed that multiple extracellular metrics fed
to a deep learning classifier produced results consistent with expert identification of neuron
types in the macaque cerebellum (Herzfeld et al., 2025). However, the applicability of the
method to brain regions with less well-defined cell types and anatomical layers is unclear.

New ground truth datasets are needed to facilitate the investigation of other brain areas.

In this study we establish a validated spike shape dataset of interneurons and pyramidal
neurons from M1 and SMA in the macaque cortex, and directly assess the performance of
traditional neural classification. We corroborate earlier results showing a correlation between
antidromic latency (ADL) and spike duration in M1, and show that the same relationship also
holds in SMA. We present a distribution of optogenetically and antidromically verified
interneuron and pyramidal neuron spike durations, demonstrating a substantial overlap
between the two. To overcome this, we develop and showcase our unsupervised
consensus-based clustering method, ACORN. We evaluate its performance on three distinct
datasets, and show that the data-driven confidence values it provides are informative.
Finally, we discuss promising directions for refining electrophysiological neuron

classification, in particular the integration of spatial and temporal firing patterns.

Methods

Recordings were obtained from six adult female purpose-bred pair-housed macaques

(Macaca mulatta: BE, BL, WA, YG; Macaca fascicularis: GR, PR). All animal procedures

were performed in accordance with the Newcastle University Animal Care Committee’s
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regulations. Data from awake monkeys analyzed in this study were obtained incidentally as
part of other scientific projects that involved recordings of optogenetic excitation or pyramidal
tract stimulation. Acute recordings were obtained as a secondary objective following the

conclusion of the main experiments on animals terminally anesthetized for other projects.

Anesthesia was induced using a balanced combination of ketamine (10 mg/kg i.m.),
medetomidine (3 pg/kg i.m.) and midazolam (0.3 mg/kg i.m.), and supplanted with
sevoflurane during surgical preparation prior to the start of the experiment (0-2% in 100%
oxygen). As sevoflurane is known to suppress neuronal activity (Aksenov et al., 2019), we
maintained general anesthesia using a combination of alfentanil (24-73 pg/kg/h i.v.),
ketamine (6-15 mg/kg/h i.v.), and midazolam (0.3-0.4 mg/kg/h i.v.) during our recordings.
Hartmann’s solution (5 ml/kg/h i.v.) was given to prevent dehydration, and
methylprednisolone (5.4 mg/kg/h i.v.) to reduce cerebral oedema. A tracheotomy was made
to allow positive-pressure artificial ventilation. Arterial blood pressure was monitored through
a central arterial line inserted via the carotid artery. The bladder was catheterized. The
animal’s temperature was maintained with the help of a warm air blanket and a thermostatic
heat pad. Anesthetic monitoring consisted of pulse oximeter, heart rate, arterial blood

pressure, core and peripheral temperature, and end-tidal CO2 measurements.

A multi-contact recording probe (a SINAPS 1024-electrode NHP probe for monkey BE
(Angotzi et al, 2025), and an Atlas 32-contact E32Tri+R-25-S1-L10 NT probe for monkeys
GR and PR) was mounted on a Kopf micromanipulator, angled to penetrate the cortical
region of interest normal to the surface, and slowly advanced using a computer-controlled
NaN drive. The PT stimulation electrodes (tungsten insulated with parylene, Microprobes
Inc., part number LF501G with a tip impedance of ~ 10 kQ) were implanted into the
medullary pyramidal tract under physiological control (antidromically evoked cortical
potentials). The PT search stimuli consisted of two shocks delivered 10 ms apart (intensity <

1mA,; charge-balanced biphasic stimuli, 70 us per phase).
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To calculate the waveforms of putative PTNs, we first applied a 60 Hz high-pass FIR digital
filter to 30ms intervals centered around recorded antidromic stimulation timings to remove
any residual 50 Hz interference from the signal. Averaging sweeps from the same channels
together (Fig. 1A), we obtained user-supplied initial starting points for base, trough, and
peak timings (Fig. 1B), which were subsequently automatically refined to the local extrema
within 160 us windows. We selected the channel with the greatest combined difference in
baseline-to-trough and peak-to-trough voltages. For 1024-contact SINAPS probes we
averaged together the two channels that showed the strongest responses rather than relying
on only a single contact. We interpolated the signal from the selected channel to a rate of
100 KHz using a Modified Akima spline in order to achieve more precise temporal alignment

of troughs across the waveforms.

Cells were classified as PTNs when they responded with a consistency of at least 90%
across sweeps at a specific antidromic latency and an overall mean absolute amplitude of at
least 25 pV. Pyramidal tract neurons are expected to respond consistently to above-
threshold PT stimulation, except in rare cases due to collisions with spontaneous spikes.
Consistent with this, we found non-responses to be rare for cells in our PTN dataset, with a
median response rate of 97% (Figure 3-1). We considered as non-responses deflections
that fell below the last negative probability-change prior to the mode in the kernel density
estimated amplitude probability distribution function, across sweeps, of the cell in question
(Fig. 1C). The bandwidth for kernel smoothing was calculated adaptively per cell using the
Improved Sheather-Jones plug-in method (Botev et al., 2010). We also considered as non-
responses spikes with trough timing jitter in excess of 100 ps relative to the mean of the

included sweeps (Fig. 1D).

Cells were classified as interneurons based on their optogenetic responses. An AAV8-mDIx-
Chronos-tdTomato vector (8.06 x 10'2 vg/ml) was injected at 16 points in M1 over 240
minutes across 2 days for a total volume of 32 yL (Monkey BL) or injected at 12 points in M1

over 180 minutes across 2 days for a total volume of 48 pL (Monkeys WA and YG). The
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mDIx enhancer is reported to be specific for GABAergic interneurons in the forebrain
(Dimidschstein et al., 2016), while Chronos is a highly sensitive general use
channelrhodopsin with fast kinetics (Klapoetke et al., 2014). Optogenetic responses were

first observed after 9 weeks of protein expression.

Concurrent with extracellular recordings using a 5 channel Mini Matrix Eckhorn drive
(Thomas Recordings), blue light (470 nm) was delivered in short intervals (20-100ms) at an
irradiance of 0.3 mW/mm?. Four optical fibers altogether flanked a single recording electrode
in an equidistant cross-like arrangement (0.5 mm spacing), with the electrode lying 0.3 mm
deeper than the fiber level. To detect and cluster spikes in optogenetic recordings, we used
a modified version of WaveClus (Quiroga et al., 2004), in which wavelet-based feature
extraction was substituted for UMAP and superparamagnetic clustering for the Leuven
method. We then compared firing rates immediately prior to, and during, optogenetic
illumination, across intervals of 50ms, except where optogenetic stimulation lasted shorter
than this; then the interval was set to coincide with the duration of the illumination. Where
one-tailed Wilcoxon signed-rank tests indicated a significantly higher firing rate during
illumination (p<0.05; see Figure 3-1 for exact p-values), and optogenetic response latency

was shorter than 10ms, we concluded that the cell in question was an interneuron.

Two ms waveform snippets were extracted around detected spikes, with troughs aligned to
0.3ms into the spike window as recommended by the WaveMAP protocol (Lee et al., 2023).
We calculated signal-to-noise ratios (SNR) for each unit as the mean waveform amplitude
divided by twice the standard deviation of the background noise on the channel (Lee et al.,
2023), and excluded units with SNRs below 2.7. To normalize the waveforms, we subtracted
the median, rather than the mean, of the spike window, because we found the former better-
suited to bringing the baseline to 0 pV in the case of large-amplitude spikes. To evaluate the
quality of neuron class predictions, we used Adjusted Mutual Information (AMI) as a

measure that compensates for chance effects (Vinh et al., 2010): AMI takes on a value of 0



250  when the mutual information between two clusterings is at chance level, and 1 at perfect
251 agreement.

252

253  For some of the PTNs, antidromic spike shapes might be distorted by activity synchronous
254  with PT stimuli (early PT volley or other PTNs; see e.g. Fig. 3B). Because this activity is

255 time-locked to the PT stimulus, it will not be averaged out across sweeps. To address this
256  issue, we employed “pattern-matched noise imputation”. In brief, we examined the signal
257  outside the temporal extent of the spike waveforms, and upon finding “breakpoints” that

258 indicated such distortions, we replaced those intervals with noise derived from the same
259  sweep in a way that does not introduce sharp boundaries. A snippet of the code performing
260 this procedure (“cleanspike”) is shared as supplementary material (Extended Data 1). For
261 consistency, we applied this procedure to all our units: both PTNs and interneurons.

262

263  To calculate spike shape characteristics for a unit, we used the waveform obtained by

264  averaging across valid sweeps. We measured the spike width as the period between the
265 trough and the first subsequent datapoint at which the time-derivative of the voltage signal
266  turns negative. We calculated spike amplitudes as the trough voltage relative to the median
267  of the spike window. For PTNs, we measured ADL as the delay between a nerve stimulation
268 event and the start of the consequent negative deflection detected in the cortex (“base

269 timing” in Fig. 1B), averaged across valid sweeps.

270

271 We developed an unsupervised clustering method, ACORN. We started by dimension-

272 reducing the mean spike waveforms using an optimized form of UMAP (Mclnnes et al.,

273  2018) that has been shown to improve downstream clustering performance on a variety of
274  datasets: MST-min with Path Neighbors (Dalmia and Sia, 2021). To generate the initial set of
275  constituent clusterings, we employed HDBSCAN (Mclnnes et al., 2017). We sampled a large
276  region of the parameter-space, generating 3*5*5*3*5 = 1125 individual clusterings, one for
277  each set of sample values (Table 1). We verified that overall results remained robust within

278  this parameter space (Fig. 7-1). All other parameters were kept at their default values.
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We then applied our SEED (Sequential Election of Exemplar Delegates) algorithm to turn
multiple HDBSCAN clusterings into a single consensus result. Based on the above, we
obtained a matrix of N neurons and M constituent clusterings. Notably, HDBSCAN does not
pre-set the number of clusters it generates, so different constituent clusterings can end up
with varying numbers of clusters. Additionally, HDBSCAN can designate potential outliers as
“unassigned” instead of necessarily including them in one of the clusters (Fig. 2). SEED is
based on the idea that representative members (exemplars) of each final cluster should be
similar to members of their own cluster but dissimilar to other exemplars. To identify
exemplars, we use the following iterative algorithm (see the accompanying code in

Extended Data 1 for the exact implementation).

For each neuron i, we calculate a “seed metric”, S;, accumulating information across each
clustering m. Let C;» be a cluster into which neuron / was assigned in the m-th constituent
clustering. For each neuron i and clustering m, we calculate X;», the number of already-
identified exemplars that belong to cluster C;n. If X is zero (as by definition would be for
the first exemplar), then we increase the value of S; by the cluster size of C; (i.e. number of
other neurons assigned to the same cluster as neuron i in clustering m). This is the similarity

part of the metric (Table 2).

If Xim is greater than zero, then a dissimilarity term (a negative component) is applied to S;,
to ensure that exemplars are distinct from each other. In that case, we subtract from S; a
value of Xim N/ K/ 2, where K is the maximum number of clusters in constituent clusterings.
We then continue this procedure over each neuron i and constituent clustering m, adding to
and subtracting from S; as described (Table 3). We thus calculate the S metric for each
neuron in the dataset. If there are positive S values, the neuron with the highest value is
chosen as an exemplar. We then recalculate the S values for each neuron, but with the new
exemplar also influencing the results. We repeat this procedure until no positive S value is

obtained (Table 4).

11
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These exemplar neurons are the seeds of the final clusters. While constituent clusterings
may vary in the number and pattern of cluster labels they assign, the same neurons remain
the designated exemplars regardless of the constituent clustering under consideration.
Intuitively, the similarity component of the SEED algorithm promotes an arrangement where
exemplars are part of large clusters. At the same time, the dissimilarity component
encourages each exemplar to belong to a distinct cluster in each constituent clustering.
However, in practice, in some constituent clusterings, exemplar neurons may happen to be

unclassified or two or more exemplars may sometimes belong to the same cluster.

Each remaining neuron needs to be distributed into one of the final clusters corresponding to
one the L exemplars, or alternatively to be designated as “uncertain” (cluster L+1). We start
with V, an N-by-(L+17) matrix initialized with zeros tallying the votes. For each neuron i and
each exemplar neuron k, we iterate over each constituent clustering m. Let w be the number
of exemplars that belong to the same cluster to which neuron i belongs in constituent
clustering m. If w21, we increment V;, by 1/w. If w=0, we increment V;;+1 by 0.5. The
motivation for the lower increment in the latter case is to ensure that designations of
“‘uncertain” have a lower impact than clashing cluster designations when deriving confidence

values from the matrix V in the following step.

For each neuron i, we then examine its final vote count V;, across the L+17 clusters (Table 5).
Neuron /s assigned to cluster / with the highest V;, score. If the highest V;, score is at I=L+1,
then neuron the classification of the neuron is “uncertain”. The confidence value associated

with the assignment is the ratio between the highest and second-highest Vi, scores. Neurons
whose assignment confidence values exceed the threshold parameter (2.0 unless otherwise

specified) form the overall consensus clustering result.

Code Accessibility

12
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A snippet of the code performing this procedure (“cleanspike”) is shared as supplementary
material ( https://github.com/zolts/ACORN ). For consistency, we applied this procedure to

all our units: both PTNs and interneurons.

To identify exemplars, we use the following iterative algorithm (see the accompanying code

at https://github.com/zolts/ACORN for the exact implementation).

The ACORN code, as well as an implementation of the “pattern-matched noise imputation”
used in this paper, are freely available ( https://github.com/zolts/ACORN ). The code is not
OS-specific. Here, it was run on a Dell Precision 7920 PC with a Microsoft Windows 10

Enterprise operating system, using Python 3.8 (Python Software Foundation) and MATLAB

R2025b (MathWorks).

Results

To establish ground truths, we identified PTNs based on antidromic stimulation (Fig. 3A).
Multi-contact probes allowed us to distinguish between spikes from spatially separated cells
within recordings (Fig. 3B). We used the shapes of reliably evoked antidromic spikes (Fig.
3C) for neuronal classification. We identified interneurons through optogenetics. We first
spike sorted all recorded neurons on a given electrode and then verified the responses of

individual clusters to optical stimulation (Fig. 4).

We confirmed the finding that spike width correlates with antidromic latency (ADL) in M1,
and found that the same correlation also holds in SMA (Fig. 5). This suggests that trough-to-
peak spike width is a physiologically meaningful measure. We observed longer trough-to-

peak PTN widths in M1 than some previous works (Vigneswaran et al., 2011). This may be

13
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due to differences in recording sites, macaque species, or the effects of general anesthesia,

which can increase repolarization times (Jia et al., 2024).

We found a substantial overlap in spike widths between PTNs and interneurons (Fig. 6A),
raising questions about the reliability of spike width as a distinguishing feature between the
two classes. Many previous studies used a spike width value between 0.2 - 0.4 ms as the
threshold for discrimination (reviewed in Vigneswaran et al., 2011). Careful choice of spike
width threshold could affect classification performance. Hence, to determine how well such
an approach would perform on our dataset, we calculated the Adjusted Mutual Information
between predicted and true binary classifications with thresholds covering the width range
used in the literature (0.2-0.4ms). This served as a blind test in the sense that no information
about the true identities of the units was used in picking the exact threshold. We observed
highly variable performance using the spike width-based approach (AMI=0.15+0.07
meanzstd), confirming that threshold choice strongly affects the results. This prompted us to

seek a more robust approach to cell type classification.

Trough-to-peak duration is a salient feature, but not the only piece of information a spike
waveform contains. We therefore asked if a feature-agnostic method could discriminate
between these two classes of neurons more accurately than a naive spike width-based
approach did. We applied WaveMAP (Lee et al., 2023) to the normalized average
waveforms of our units, clustering them using the Louvain method based on UMAP-derived
graph-representation. (Fig. 6B). While WaveMAP succeeded in identifying a cluster heavily
enriched for PTNs (false discovery rate of only 7% with our dataset), it had low specificity for
interneurons, with a false discovery rate of 56% (Table 6). Despite the unbiased nature of
the approach, we found a strong correlation between the spike width measure and the
dimension-reduced forms of normalized waveforms represented by UMAP values (Fig.

6C,D).

14
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While the unbiased approach taken by WaveMAP showed promise, we identified a number
of aspects that could be improved: first, the Louvain method employed has been shown to
suffer from a “major defect” (Traag et al., 2019) that can result in arbitrarily badly connected
communities. Second, WaveMAP draws hard boundaries, assigning each neuron
exhaustively as part of a cluster. This approach may work well with datasets containing
distinct and well-represented clusters, but could be sensitive to the inclusion of outliers or
neurons whose waveforms are ambiguous or intermediate. Third, while it clusters all units, it
provides no confidence values for those assignments: archetypal members of a group and

best guesses will be equally part of the same cluster.

We aimed to provide a method that would allow researchers to cluster neurons based on
their waveforms robustly and reliably, without training or parameter-tuning. An approach that
produces an overall consensus result that incorporates information from an ensemble of

constituent clusterings over the same dataset has several advantages:

1. The consensus may be a better fit than any of its input clusterings, as it can piece
together the overall picture from identified "building blocks". Differences in the input
clusterings can be a positive factor in this context, akin to looking at a scene from different

angles.

2. Information from clusterings can be integrated robustly even when they contain different

numbers of clusters.

3. Confidence in neurons belonging to their assigned cluster can be quantified. This way, a
researcher can choose a confidence threshold according to whether minimizing false

inclusions or false exclusions is a greater priority in the paradigm.
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UMAP and HDBSCAN feature a number of parameters that can affect their results. Rather
than picking a particular set of parameter values tuned to our dataset, we employed an
unbiased approach: we iterated over a large region of the parameter-space, producing a
variety of different clusterings. Our method, ACORN (Adaptive Consensus of Repeated
Clusterings), was designed to find a robust consensus of these constituent clusterings (see
Methods). We evaluated cluster predictions against the ground truth along two axes: the
proportion of neurons labelled, and the accuracy of those labels. The results of the ACORN
consensus were better than the average constituent clustering along both axes (Fig. 7A).
The consensus prediction achieved an AMI of 0.26 while labelling 83% of our units (Table

7).

To test the generalizability of our method, we applied ACORN to pre-processed data
accompanying the recent PhysMAP paper (Lee et al., 2026). In particular, we used the
juxtacellular ground truth dataset recorded from the mouse barrel cortex (Yu et al., 2019).
This dataset labels excitatory (E), presumed parvalbumin-expressing (PV*), somatostatin-
expressing (SOM*), and vasoactive intestinal polypeptide-expressing (VIP*) interneurons as
separate classes. Using renormalized average waveforms, ACORN achieved an AMI of 0.52
while labelling 79% of the neurons (Table 8, Fig. 7B). Treating different layers as different
classes, ACORN achieved an AMI of 0.36 while labelling the same 79% of neurons (Table

8-1).

To compare with PhysMAP, we calculated the Modified Adjusted Rand Indices (MARI) for
our clustering results as well. This was 0.38 for the 8-class scenario at the default
confidence threshold, and 0.31 when ACORN was forced to classify all units regardless of
confidence levels (Table 8-2). On the same dataset, PhysMAP achieved a MARI of around
0.32 when using full multimodal information, or around 0.28 when using only the waveforms

in an equivalent comparison (Fig. 2C in Lee et al, 2026).
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To further test the robustness of our clustering technique, we applied it to data from the
recently published C4 database (Beau et al, 2025). This dataset also derives from a different
brain area, namely the cerebellum, and includes ground truth labels of five distinct cell types.
By processing the waveform data in the same way and clustering them using the same sets
of parameters as before, our method achieved an AMI of 0.66, labelling 46% of the dataset

(Table 9, Fig. 7C).

Both high AMI and a high proportion of neurons labelled are desirable in clustering results.
By adjusting the confidence threshold, it is possible to trade off the two measures against
each other. To investigate this relation, we introduced a “performance” metric defined as a
simple product of the AMI and proportion labelled values. Across the three different datasets,
we observed that this performance score was stable around our default confidence threshold

of 2.0, but declined at extreme values on the C4 dataset (Fig. 7D).

To examine the relation between our blindly obtained confidence values and ground truth
agreement, we calculated the AMI values sequentially for the n neurons whose cluster
assignments were most confident in the C4 dataset. We expected a group of high-
confidence assignments to produce high AMI, and that adding increasingly lower confidence
predictions to the set would gradually reduce the AMI. This is indeed what we observed (Fig.
7E). Notably, the 39 highest-confidence assignments achieved a perfect AMI of 1.00 on this
dataset. Taken together, these results indicate that our data-driven confidence metric,
derived without reference to the ground truth labels, meaningfully relates to clustering

performance.

Discussion

A single parameter, such as spike width, cannot capture the totality of the

electrophysiological properties of a cell, so it is unsurprising that some overlap can be
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observed among different classes of neurons along what is effectively a one-dimensional
projection of a complex feature space. What is more remarkable is that we find this overlap
in the macaque cortex to be more significant than previously reported, with typical spike

width thresholds used in previous works unable to select interneurons reliably.

We observed a notable difference in PTN and interneuron spike width distributions, with a
corresponding asymmetry in classification performance. A majority of our PTNs exhibited
long spike widths that make them easily distinguishable from interneurons, which tend to
have shorter widths. However, the presence of “fast PTNs” made reliable identification of
interneurons challenging, as the former can have similarly “thin spikes” as the latter. Here we
extend this observation to the supplementary motor area (SMA), suggesting it as a more

general feature of the motor cortex rather than a peculiarity of M1.

While we used an optogenetic approach to target GABAergic interneurons for our ground
truth dataset, the group likely contains a mixture of both parvalbumin- (PV) and
somatostatin-expressing (SOM) interneurons, which may have different waveform and
spiking properties. In particular, a recent study suggests that SOM subtypes can exhibit
spike durations ranging from less than 0.4 ms to over 2 ms (Morales et al., 2021), which
challenges the idea that a singular spike width threshold, however well chosen, would allow

for neuron subtypes to be reliably distinguished from each other.

What might affect the extent of the overlap observed in different studies? One important
consideration is inter-species differences in gene expression and therefore in neuronal ion
channel composition. While in rodents the fast potassium channel Kv3.1b is expressed in
interneurons but only rarely and weakly in PTNs, in the macaque the same channel is
present on both classes of neurons (Soares et al., 2017), resulting in more similar spike
widths between the two. Relatedly, there is a large diversity of interneuron subtypes in

primates (Krimer et al., 2005). A greater variety of interneuronal subtypes could occupy a
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more substantial volume in electrophysiological feature-space, which could contribute to the

greater overlap in PTN and interneuron spike widths observed in primates.

The performance of spike width-based classification heavily depends on the threshold value
chosen, typically between 0.2-0.4ms. We characterized it by calculating the average
Adjusted Mutual Information (AMI) of the range, representing a "typical” performance in the
absence of guiding information. Setting this as a bar, we assessed the performance of the
unsupervised classification technique WaveMAP on our dataset, and found it to be similar,
as measured by AMI, as spike width-based classification. Furthermore, low-dimensional
UMAP representations of the units strongly correlated with their spike width measures,
underscoring that spike width is a salient piece of information represented in the spike

waveform snippets in the context of binary classification.

Adjusted Mutual Information has several desirable properties for comparing clusterings. It
corrects for chance effects: the expected AMI of a random clustering compared against the
ground truth is zero regardless of the number of classes and neurons. AMI uses an
information-theoretical approach that works well even on unbalanced datasets. However,
one downside is its nonmetricity: a set of three clusterings can violate the triangle inequality
if AMI is used as a distance measure. The Modified Adjusted Rand Index (MARI) also
corrects for chance effects, but also violates the triangle inequality. The main difference
between the two is that MARI is based on pairwise element comparisons, whereas AMI

measures overall information overlap.

Normalized Information Similarity (NIS) is a related measure that obeys the triangle
inequality; however, NIS violates the constant baseline property: random clusterings will
have different expected NIS values against a ground truth dataset depending on the number
of clusters. Overall, we consider AMI the most useful measure for assessing different
clusterings against the same ground truth dataset — but with the notable caveat that AMI

values across different datasets are not numerically comparable.
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For any new method aiming to classify cells based on measurements of their
electrophysiological properties, a solid ground truth dataset is crucial to serve as its
foundation and to validate its reliability. Importantly, such a dataset should contain a good
representation of the cell types under investigation, to enable training and assessing suitable
classification models. In this study, we exploited antidromic stimulation and optogenetic
interventions to establish our validated dataset. Critically, this included both fast and slow

PTNs from two cortical different areas, with ADLs ranging from 1.0 ms to 8.6 ms in the SMA.

With a larger number of units in a dataset, more subtle differences beyond that of spike
width may become significant. In particular, the developers of WaveMAP recommend “300
high-quality units” for reliable classification (Lee et al., 2023). Thus, while we used the same
87-unit ground truth dataset as a test bed to compare different classification approaches,
WaveMAP may have performed better if supplied with a larger dataset. Another important
factor is the SNR cutoff imposed on the dataset: WaveMAP recommends a default value of
3.0, but suggests that the threshold be relaxed when investigating low-amplitude spiking
units (Lee et al., 2023). As our recordings included many well-isolated but low-amplitude

units, we settled on an SNR threshold of 2.7.

Given that reliably ascertaining neuron identities in vivo is a challenging task, and so verified
ground truth datasets are likely to remain relatively small in the foreseeable future, we
decided to explore steps we could take to improve classification results even with a limited
dataset. We introduced “ACORN?”, an ensemble clustering technique acting on normalized
waveform snippets that uses UMAP for dimension reduction and HDBSCAN for
classification. We used the consensus of 1125 clustering iterations with different sets of
parameters to obtain the ultimate classification results. This had the added benefit of

providing a confidence measure of each unit’s group assignment.
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ACORN outperformed both WaveMAP and classical spike width-based approaches on our
dataset, as measured by AMI, suggesting that our method effectively incorporated more
relevant information than just the spike width measure into the classification decisions.
Notably, we did not fine-tune the parameters for our dataset, but covered a large region of
the parameter space; this enabled our method to perform well out-of-the-box on substantially

different datasets (Yu et al, 2019, Beau et al, 2025, Lee et al, 2026).

While in this study we applied ACORN to normalized spike waveforms to cluster neuronal
cell types, as is likely to be the most common use case in electrophysiology, the method
itself is more generally applicable. There is no requirement that the input data be waveforms
nor indeed that they derive from neurons. The consensus step (SEED) of the pipeline is
universal and can be applied to any set of constituent clusterings to produce a consensus
result with concomitant confidence values. Importantly, the number of final clusters is
algorithmically derived from the data rather than from user input, underlining the blind and

unbiased nature of the method.

A promising next step in building a more advanced classification method would be to
incorporate information not just from the spike waveforms of individual contacts, but also
from the temporal (Lee et al., 2026; Yu et al., 2025) and spatial characteristics of the units.
The former can be effectively investigated by means of “three-dimensional
autocorrelograms” (Beau et al., 2025), while the latter through examining multiple contacts
across a multielectrode probe. This could provide additional clues not only about the spatial
extent of the neuron (Kraskov et al., 2020; Ye et al., 2025), but potentially also about its
interactions with the rest of the network. For example, correlations in spike timing patterns
could indicate excitatory or inhibitory connections between two units captured
simultaneously in the same recording, which, in turn, could help produce a verified ground

truth dataset (Ren et al., 2020).
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Future neuron classification models should incorporate a wider range of information beyond
the traditionally used spike width measures, and their performance be evaluated using solid
ground truth datasets. The database we provide can support future research in two main
ways. First, it features two distinct neuronal types: PTNs and interneurons, which any
classification algorithm should accordingly separate into different clusters — this can be a
way to assess the accuracy of classification techniques. Second, it can supplement new
datasets obtained from unidentified neurons with a known ground truth dataset: the identity
of the cells in our database can be used to label the clusters obtained by unsupervised

classification algorithms.

Our unsupervised ensemble clustering technique, ACORN, can be used to label cell types
blindly based on waveforms alone without training or parameter tuning. Notably, it provides
data-driven confidence values for each cluster assignment it makes, offering researchers a
choice between exhaustiveness or a smaller but cleaner subset labeled with high
confidence. Its strong out-of-the-box performance on datasets obtained by different labs
using a variety of probes in distinct brain areas showcases its robustness, providing an

effective tool for electrophysiological cell classification.
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701 Figure 1. Analysis outline. A, Sweeps are aligned to the timing of antidromic stimulation at
702  t=0. B, The best channel for each spike is selected based on voltage-differences at base,
703  trough and peak timepoints. These timepoints are automatically refined to the local extrema
704  from user-supplied starting values. C, Spike amplitudes that fall below the left tail of the

705  distribution centered around the primary mode get excluded. The probability density function
706 is estimated adaptively using normal kernels (see Methods). D, Sweeps with trough timing
707  jitterin excess of 100 us relative to the expected are excluded. The expected trough timing

708 is the mean of sweeps whose amplitudes were found acceptable in the previous step.

709

710  Figure 2. An illustrative example of constituent clusterings in ACORN. Circled numbers
711 represent neurons. Across clusterings, identical neurons are represented with the same

712 number. Colored shapes enclosing sets of neurons represent clusters. Across clusterings,
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there is no direct relation between clusters, hence each cluster is represented using a
unique color. This arrangement of neurons and clusterings is used throughout Tables 2, 3,

4, and 5 to illustrate the method using a simple example.

Figure 3. Ground truths for PTNs. A, Dual pulse antidromic stimulation, 10ms apart, evokes
characteristic spikes at defined latencies. Traces are channel-averages of sweeps. B,
Spikes with similar timings can be distinguished due to spatial separation across the
contacts. The colors of the traces correspond to the physical location of the recording
channel as indicated on the inset picture of the electrode tip (based on an image supplied by
Atlas Neuro). In this example, the earlier spike (red) localizes to superficial channels, while
the later spike (blue) to near the tip of the probe. Grey circles represent contacts from which
no data were obtained. C, Spontaneous spikes generated prior to antidromic stimulation can
suppress the expected PTN response, as the two action potentials collide along the axon.
We provide a dataset with spike waveforms for all identified neurons: 65 PTNs and 22

interneurons (Figure 3-1).

Figure 4. Ground truth for interneurons. A, Individual spike waveforms (grey traces), and
their mean and standard deviation (magenta and cyan traces, respectively). B,C, Cells are
considered interneurons if they respond to optogenetic stimulation (B) elicited through a
channelrhodopsin driven by an interneuron-specific promoter (see Methods) with a burst of

activity (C). We provide a ground truth dataset (Figure 3-1).

Figure 5. Spike width correlates with antidromic latency in anesthetized animals in both M1
and SMA. Marker diameters relate linearly to spike amplitudes. Linear regression models
yielded R2 of 0.45 and 0.65, and p-values of 0.034 and 1.32x10-13, in M1 and SMA,

respectively.
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Figure 6. While broad-width PTNs are largely distinguishable from interneurons, narrow-
width PTNs and interneurons are not readily separable using width-based approaches. A,
Spike widths of PTNs and interneurons overlap substantially, especially around 300 ps.
While on average PTNs have longer action potential durations than interneurons, both short-
width PTNs and long-width interneurons exist. B, The WaveMAP unsupervised approach
produced two clusters: one enriched for PTNs (cluster 1) and another that is a roughly equal
mixture of the two neuron classes (cluster 0). C,D, Linear regressions indicate that both
UMAP dimensions correlate significantly with spike width (F-tests against constant models:

p=5.49x10-21 and p=6.13x10-25 for UMAP1 and UMAP2, respectively).

Figure 7. Clustering performance of ACORN evaluated across three datasets. Clustering
results for all constituent clusterings (1125 parameter combinations) are represented in
terms of classification performance (AMI) evaluated against the ground truth and the
proportion of neurons labelled. The results are shown as a 2D normalized histogram in grey
scale. Darker shades represent a higher proportion of constituent clusterings falling within
the corresponding ranges along the two axes. Colored crosses with numbers ranging from
1.0 to 4.0 denote consensus clustering results at the specified confidence thresholds. High
confidence thresholds produced high AMI at the cost of exhaustiveness, while low
confidence thresholds labelled a large proportion of neurons at the cost of AMI. A, ACORN
results on our macaque ground truth dataset. B, ACORN results on the Yu et al dataset. C,
ACORN results on the C4 dataset. D, The performance metric (AMI x proportion labelled)
plotted as a function of the confidence threshold. As the confidence threshold increases, the
proportion of labelled neurons decreases, yet the performance metric remains largely stable
within the parameter range of 1.5-3.0 in the three datasets. E, Evaluation of the data-driven
confidence metric on the C4 dataset. Including increasingly lower-confidence neuronal
assignments in the results produces, on average, worse clustering classification, as
measured by AMI. Plotted are the confidence metric of the assignment of each particular

neuron (blue trace), and the AMI result of considering all neurons with at least that much
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confidence in their clustering assignments (brown trace). In this dataset, the 17 highest-
confidence assignments were all Purkinje cell complex spikes correctly placed in the same
cluster by our algorithm. AMI values are defined where there are at least two distinct
neuronal cluster labels to evaluate against the ground truth (N>=18). Further analysis of the

parameter-space is provided in Figure 7-1.

Table 1. The region of parameter space used to generate constituent clusterings. Each
combination of parameters is used to generate a single clustering; their consensus produces
the final result. N denotes the number of neurons in the dataset. n_neighbors sets the size of
the local neighborhood when learning the manifold structure (a trade-off between interpreting
local vs global data structure). n_components sets the number of dimensions the waveform
data gets embedded into (a trade-off between the density and the amount of information).
min_dist sets the minimum distance between neurons in the low-dimensional embedding (a
trade-off between representing local vs global topological structure). min_cluster_size sets
the minimum number of neurons that must be present in a group for it to be considered a
cluster. min_samples sets the minimum number of neighbors for a neuron to be considered
core (a trade-off between exhaustiveness and rigor). We set min_samples as a fraction of
the min_cluster_size parameter as shown in the table. Rounding is done using the "half-to-

even" tie-breaking rule (IEEE 754), which is the default mode in Python.

Table 2. The first exemplar selection iteration on the example dataset. Numbers correspond
to terms of the S-metric for each neuron as the SEED algorithm identifies exemplars. The
positive term is the number of neurons assigned to the same constituent cluster. Neuron 2,

achieving the highest S-value, is chosen as the first exemplar.
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Table 3. The second exemplar selection iteration on the example dataset. Numbers
correspond to terms of the S-metric for each neuron as the SEED algorithm identifies
exemplars. The negative term applies instead of the positive term when sharing a
constituent cluster with an already-assigned exemplar. The negative term is -N/K/2 = -6/3/2
= -1 in this example, where N is the number of neurons and K is the maximum number of
clusters in constituent clusterings. Neuron 5, achieving the highest S-value, is chosen as the

second exemplar.

Table 4. The third exemplar selection iteration on the example dataset. Numbers correspond
to terms of the S-metric for each neuron as the SEED algorithm identifies exemplars. The
negative term is scaled according to the number of already-assigned exemplars in a
neuron's constituent cluster. Thus, in constituent clustering 3, where two exemplars are in
the same constituent cluster, the negative term is -2. With no neuron achieving a positive S-

value in this iteration, the exemplar selection stage ends.

Table 5. Consensus cluster assignments on the example dataset. Each neuron, once per
constituent clustering, votes for the exemplar with which it shares its cluster. If a neuron
shares its constituent cluster with multiple exemplars, its vote is split equally between them.
If a neuron's constituent cluster is "unassigned" (-1), it votes for "uncertain" with half
strength. If a neuron neither shares its constituent cluster with any exemplars, nor is it
unassigned in that constituent cluster, then it abstains. Finally, each neuron whose
confidence is above the threshold is assigned to the consensus cluster built around the
exemplar that won its votes. If "uncertain" won a neuron's votes, or if the neuron's
confidence value is less than the threshold, then the consensus result is "uncertain” for that

neuron.
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Table 6. Confusion matrix of the WaveMAP method applied to our units. In each row
(cluster), the highest value is underlined. In each column (ground truth class), the highest

value is highlighted in bold if it is underlined.

Table 7. Confusion matrix of ACORN applied to our units, using the default confidence
threshold of 2.0. Cluster predictions are blind; their textual descriptions (in quotation marks
within parentheses) are just for convenience to aid interpretation. In each row (cluster), the
highest value is underlined. In each column (ground truth class), the highest value is

highlighted in bold if it is underlined.

Table 8. Confusion matrix of ACORN applied to the Yu et al dataset, using the default
confidence threshold of 2.0. Cluster predictions are blind; their textual descriptions (in
quotation marks within parentheses) are just for convenience to aid interpretation. In each
row (cluster), the highest value is underlined. In each column (ground truth class), the
highest value is highlighted in bold if it is underlined. Here we treated each cell type as its
own class, regardless of its layer, given that layer information was not used in our
clusterings. For a closer comparison with Lee et al, see Tables 8-1 and 8-2, where, still

without layer information, ACORN is set to cluster cells types and layers both.

Table 9. Confusion matrix of ACORN applied to the C4 dataset, using the default confidence
threshold of 2.0. Cluster predictions are blind; their textual descriptions (in quotation marks
within parentheses) are just for convenience to aid interpretation. In each row (cluster), the
highest value is underlined. In each column (ground truth class), the highest value is

highlighted in bold if it is underlined.
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848

Parameter

Sampled parameter values

UMAP n_neighbors

round(N/3, N/4, N/6)

UMAP n_components

4, 8, 16, 32, 64

UMAP min_dist

0.3,04,0.5,06,0.7

HDBSCAN min_cluster

12,16, 20

HDBSCAN min_samples

round(min_cluster/[1.5, 2, 2.5, 3, 4])
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Iteration 1 Neuron1 Neuron2 Neuron3 Neuron4 Neuron5 Neuron 6
Clustering 1 3 3 3 0 2 2
Clustering 2 2 2 2 2 2 2
Clustering 3 2 4 2 4 4 4
Clustering 4 3 3 0 3 2 2
Clustering 5 0 2 2 2 2 0
S-Metric (Sum) 10 14 9 11 12 10
849
850
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851

852

Neuron

Neuron

Neuron

Iteration 2 1 Neuron 2 (A) Neuron3 Neuron4 5 6
Clustering 1 -1 -1 -1 0 2 2
Clustering 2 -1 -1 2 2 2 2
Clustering 3 2 -1 2 -1 -1 -1
Clustering 4 -1 -1 0 -1 2 2
Clustering 5 0 -1 -1 2 2 0

S-Metric
(Sum) -1 -5 2 2 7 5
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Iteration 3 Nelflron Netz;(;n 2 Neuron 3 Netiron Nelzg;n S Neuron 6
Clustering 1 -1 -1 -1 0 -1 -1
Clustering 2 -1 -1 -1 2 -1 2
Clustering 3 2 -2 2 -2 -2 -2
Clustering 4 -1 -1 0 -1 -1 -1
Clustering 5 0 -1 -1 -1 -1 0

S('g'uer:)ic 1 6 A 2 6 2
853
854
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855
856

Voting Neuron Neuron 2 Neuron Neuron4 Neuron 5 (B) Neuron
1 (A) 3 6
Clustering 1 A A A Uncertain B B
Clustering 2 A A B Abstain B Abstain
. . 0.5 for A . 0.5 for A 0.5 for A 0.5 for A
Clustering3 | Abstain  pc) g Abstain o n B 05forB  05forB
Clustering 4 A A Uncertain A B B
Clustering 5 Uncertain A A B B Uncertain
Exemplar A 3 4.5 2 15 0 0.5
(Sum)
Exemplar B 0 0.5 1 15 4.5 2.5
(Sum)
Uncertain
(Sum/2) 0.5 0 0.5 0.5 0 0.5
Winner A A A Tie B B
Confidence 6.00 9.00 2.00 1.00 9.00 5.00
Consensus CIu:ter Cluster A CIuAster Uncertain Cluster B Cluster
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WaveMAP, our dataset

Actual Interneuron Actual PTN
(AMI: 0.14)
Cluster 1 (“Interneuron”) 19 24
Cluster 2 (“PTN”) 3 Xl

857

858
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861

ACORN, our dataset

Actual Interneuron Actual PTN
(AMI: 0.26)
Cluster 1 (“Interneuron”) 19 14
Cluster 2 (“PTN”) 2 37
Uncertain 1 14
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863
864
865
866

ACORN, Yu et al dataset Actual Actual Actual Actual
(AMI: 0.52) Excitatory PV* SOM* VIP*
Cluster 1 (“Excitatory”) 79 0 7 4
Cluster 2 (“PV*™) 0 34 0 0
Cluster 3 (“SOM*”) 6 21 42 1
Uncertain 22 6 20 4
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867

868
869
870

ACORN, C4 dataset Actual Actual Actual Actual Actual

(AMI: 0.66) GoC MFB MLI PkCcs PkCss
Cluster 1 (‘MFB”) 0 25 1 0 6
Cluster 2 (“PkCcs”) 0 0 0 20 0
Cluster 3 (“PkCss”) 0 0 4 1 38
Uncertain 18 5 23 38 27
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