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Abstract

Spike sorting is the process of grouping spikes of distinct neurons into their respective clus-

ters. Most frequently, this grouping is performed by relying on the similarity of features

extracted from spike shapes. In spite of recent developments, current methods have yet to

achieve satisfactory performance and many investigators favour sorting manually, even

though it is an intensive undertaking that requires prolonged allotments of time. To automate

the process, a diverse array of machine learning techniques has been applied. The perfor-

mance of these techniques depends however critically on the feature extraction step. Here,

we propose deep learning using autoencoders as a feature extraction method and evaluate

extensively the performance of multiple designs. The models presented are evaluated on

publicly available synthetic and real “in vivo” datasets, with various numbers of clusters. The

proposed methods indicate a higher performance for the process of spike sorting when com-

pared to other state-of-the-art techniques.

1. Introduction

1.1. Spike sorting

The individual activation events of a neuron are called action potentials or spikes. Attributing

such a spike to the specific neuron that produced it based on its characteristics is referred to as

spike sorting [1]. Spike sorting, by definition, handles extracellular recordings, which capture

the activity of multiple neurons in the proximity of the recording electrode [2] thus, the neu-

ron of a spike is unknown at the time of recording. The main assumption of spike sorting is

that each distinct neuron tends to generate spikes of similar shapes [3], yet markedly different

from the shapes of spikes of other neurons. In reality, the shape of spikes is muddled by the

background noise, inducing variability, which generates a cluster in the feature space instead

of a single point. Therefore, it is important to find or generate features that are able to separate

the spikes and that are preferably as few as possible.

The spike sorting pipeline can be broken up into four sequential steps [1]: filtering, spike

detection, feature extraction, and clustering. Importantly, the separability of clusters is driven

by the feature extraction technique and not by the clustering method. Here, we investigate the
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impact of different feature extraction techniques on the separability of resulting clusters, nev-

ertheless the other steps of the spike sorting are topics of ongoing research in this domain as

well. We would like to draw attention to the fact that a golden feature extraction method does

not exist and the performance of each depends on the characteristics of the data [1, 4]. Here,

we employ autoencoders in an unsupervised learning paradigm to discover relevant features

and compare its impact on the performance of spike-sorting pipelines with state-of-the-art

methods that use other feature spaces.

The spike sorting pipeline can be modified depending on the approach used, offline or

online. In offline spike sorting, the sorting is done only after the data acquisition, while in

online it happens during. In the filtering step of the raw signal, a band-pass filter is applied in

order to isolate the relevant frequency band (usually between 300 and 3000Hz [4]) where the

spike’s frequency components are expressed. Next, spike detection typically involves amplitude

thresholding, while compromising between missing spikes and including noise in the data.

The third step, and the focus of this study, is the feature extraction step, whereby the most

informative features are identified and extracted in order to reduce the dimensionality of the

data and reduce the computation load of the clustering while maintaining the data separability.

In the final steps, spikes are clustered in the feature space such that similar spikes are separated

into groups, each group assumed to have been generated by the same neuron. Alternatively, a

supervised manual approach was commonly used where the researcher could classify spikes by

hand. Nonetheless, such methods are rapidly becoming impractical as new multi-array probes

are developed [5] as the number of recorded neurons has seen an exponential increase since

the 1950s [6]. A template matching approach that is applied on a subsampled set of data has

become increasingly popular and can substitute of the spike detection and feature extraction

steps, while also being computationally efficient [7].

1.2. Autoencoders

Autoencoders (AE) are neural networks that have the ability to learn the underlying features of

unlabelled data [8, 9]. Autoencoders are most commonly consisting of two linked parts: the

encoder and the decoder, as shown in Fig 1A. The encoder maps the input into a latent repre-

sentation or code, while the decoder attempts to make a reconstruction of the input from the

intermediate code. Over time, many variations of autoencoders have been developed: sparse,

denoising, contractive, and many others [8]. Each of these variations is optimized for certain

tasks. Autoencoders have found applications in a diverse array of domains: generative model-

ling, anomaly detection, recommendation systems, feature extraction for classification and

clustering, and dimensionality reduction [8].

The usefulness of Autoencoders as a dimensionality reduction technique has been demon-

strated on image datasets [10–12], such as MNIST. Similar to other feature extraction methods,

Fig 1. The Autoencoder. (a) Diagram of the autoencoder components (b) Original spike and the reconstruction made

by an autoencoder.

https://doi.org/10.1371/journal.pone.0282810.g001
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autoencoders discover a low-dimensional pattern of variation in the data that retains enough

information to restore the input [8]. Thus, the quality of an autoencoder is given by its ability to

restore the input. An example of spike reconstruction using autoencoders is shown in Fig 1B.

The latent code’s succinct representation contains relevant information about the original

input and it constitutes a feature extraction method. Being neural networks, the encoder and

decoder allow for custom architectures. Thus, increasing the complexity of the architecture

will result in the generation of more intricate latent codes.

1.3. The challenges of spike sorting

The process of spike sorting is challenging due to an array of difficulties. First, because neuro-

nal firing occurs on millisecond timescales, even relatively brief recordings generate an abun-

dant data volume [3]. Second, rather than being stationary, the activity of neurons is regulated

by brain circuits such that they can fire with markedly different firing rates [13, 14]. This

results in different relative frequencies at different times, leading to clusters of different sizes

and an inherent imbalance in the data. Many clustering algorithms have difficulties tackling

imbalanced data especially when coupled with overlap. Finally, in practice various phenomena

can alter or contaminate the estimated spike shape, such that clusters are not always distinct,

but often overlap. Single unit activity is defined as the activity of a single neuron that can be

separated as a single cluster, while the activity of distal neurons is represented in the signal as

low amplitude spikes and most often cannot be separated due to a low signal-to-noise ratio

and as such, is denominated as multiunit activity [4].

The aim is to create a representation that is unaffected by slight changes in waveform shape

as a result of noise and phenomena such as the electrode drift that may modify the shape of the

waveform. The low dimensional representation of autoencoders has been used on various

types of data. The pattern of encoding offered by autoencoders has been proposed to be invari-

ant to noise as they have been demonstrated to be a well-rounded denoising technique [8] pro-

viding robustness. Recently, autoencoders have received some attention in spike sorting [15,

16]. Nevertheless, these studies are limited to synthetic data with a relatively low number of

clusters. In [15], an ensemble of autoencoders of different depths are used to extract the fea-

tures of spikes, the proposed approach had a high accuracy when compared with conventional

methods but the analysed datasets were restricted to a maximum of 5 different source neurons,

each of them generating a single cluster of spikes. The evaluation of the extracted features was

made using a single metric, the Silhouette [17, 18] score. In [16], the authors propose contrac-

tive autoencoders for the problem of spike sorting. The evaluation of performance used accu-

racy as a metric, which tends to incorrectly assess the performance for imbalanced classes and

is only applicable for synthetic datasets the provide a ground truth. Because spike sorting han-

dles inherently imbalanced datasets, more specialized metrics are required to evaluate

performance.

The paper is organized as follows: section 2 presents a critical view of conventional feature

extraction methods used in spike sorting, provides a description of the proposed method, and

presents the datasets and metrics used in the analysis. In section 3, the methods are evaluated

considering multiple metrics and their performances are interpreted critically. Section 4 dis-

cusses the limits of the proposed method and the conclusions we have reached.

2. Materials and methods

2.1. State of the art

As stated above, a crucial step in spike sorting is the description of spikes with a compact set of

informative features. The aim of dimensionality reduction is to transform a dataset with a
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dimensionality of X into a dataset with Y dimensions, where Y<<X. Another important aim

is to retain as much of the data geometry as possible, such that relations in the original space

are retained in the reduced space, which is especially useful for spike sorting. Dimensionality

reduction techniques can be divided by several criteria, such as: convexity or linearity [19].

From the point of view of convexity, PCA is a convex algorithm, while autoencoders are a

non-convex approach. Among the first features used in the spike sorting were the spike ampli-

tude and its width [20]. Afterward, methods based on probabilistic models, created through

empirical analysis, that used the entire waveform were developed [21]. These could process a

low number of electrodes. Shortly thereafter, transforms started being used to project the

high-dimensional space of the waveform into a low-dimensional space through the use of prin-

cipal components [22], the wavelet transform [23] and various combinations of them. Manual

sorting of spikes is usually performed on a low dimensional space, containing features such as

the amplitude, the peak-to-trough ratio, etc [24]. The peak-to-trough ratio was found to be

representative of the neuron type, inhibitory neurons produce narrow spikes and thus have a

small peak-to-trough ratio, while excitatory have a large ratio [25].

In [26], the authors propose M-Sorter, an automatic method for spike detection and classi-

fication based on coefficients obtained through the wavelet transform and template matching.

The proposed method separates spike sorting into two steps, the spike detection by multiple

correlation of wavelet coefficients on the band pass filtered waveforms of the recorded signal

and template matching for the classification of spikes to the neurons that generated it. The

multiple correlation of wavelet coefficients is also used in the generation of templates through

the application of K-Means. Each spike is assigned to the cluster to which it has the smallest

distance.

2.1.1. Linear feature extraction methods. Principal Component Analysis (PCA) [27] is

the most frequently used algorithm for feature extraction, including spike sorting [28]. PCA

projects the spikes onto new characteristics called Principal Components that are a new set of

orthogonal axes formed by linear combinations of the input features. The reduction of

dimensionality of the feature space is performed by solving a problem of eigenvalues and

eigenvectors. By retaining the most prominent principal components, PCA preserves the vari-

ance as much as possible while being able to reduce the number of features. It is common to

keep only the first two or three principal components resulted from PCA [29, 30]. These fre-

quently retain more than 70% of the variance from the original space. However, variance does

not necessarily offer the best separation [1, 4]. To put it in another way, information required

for separability may be encoded in those low-variance features that are discarded. Finally, PCA

and its variations have been used in spike sorting for a long time [4] and it is still used in

recently developed spike sorting pipelines [31].

Another linear method is Independent Component Analysis (ICA) [32] mainly designed

for source separation. ICA is a linear unsupervised technique for dimensionality reduction

that searches for independent components by relying on the statistical properties of the data.

ICA has been previously applied to spike sorting with promising results [33, 34].

Linear Discriminant Analysis (LDA) [35] is a supervised linear learning technique with the

goal of increasing the inter-cluster distance and decreasing intra-cluster distance. LDA

assumes that the data has a Gaussian distribution. However, for our problem LDA is not a fit

candidate due to several considerations. First, it is a supervised learning technique which can-

not be applied to unlabelled data, as is the case in spike sorting. Second, the Gaussian distribu-

tion assumption is often violated in spike sorting due to: electrode drift, shape variation from

bursts, simultaneous firing, multi-unit activity, and non-stationary background noise [1].

2.1.2. Non-linear feature extraction methods. In the category of unsupervised non-lin-

ear dimensionally reduction techniques Isomap [36] uses Isometric Mapping to learn the low-
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dimensional projection in a manifold space while retaining the distances of the original space.

It uses the geodesic distance, which can be thought of as the shortest path along the curved sur-

face of the manifold space.

T-distributed Stochastic Neighbor Embedding (t-SNE) [37] is a non-linear dimensionality

reduction method that minimizes the divergence between input features and the reduced fea-

ture space by using pairwise probability similarities. The divergence of two distributions is cal-

culated using KL divergence, which is minimized by applying gradient descent. Due to its high

time complexity, several orders of magnitude higher than PCA, and its main function being

visualization, t-SNE was not considered a suitable candidate. A computation of a few seconds

for PCA can become tens of minutes for t-SNE. Furthermore, from empirical observations,

the separation offered by t-SNE for the datasets used here was small to non-existent.

2.2. Model architecture

In this section, we present the autoencoder variants that can be framed as a non-linear feature

extraction method. In most cases, these architectures contain multiple hidden layers as they

have been shown to better represent the details of the signal [15], and, consequently, could be

branded as ‘deep networks’. The encoder and decoder have mirrored, symmetric architectures,

with ReLU activation functions, while the code and output layers use the tanh activation func-

tion. For the code layer and the output layer, the tanh activation function has been chosen

instead of ReLU because it allows for negative values, which are needed in spike reconstruction

and due to its nonlinearity. In addition, the code layer contains L1 regularization of 10e-7 to

prevent overfitting. These architectures use Adam optimization with a learning rate of 0.001

and the Mean Squared Error (MSE) as a loss function. As previously mentioned, the recon-

struction capability of the autoencoder is correlated to its performance, thus MSE is a suitable

loss function because it will provide the best point-by-point approximation of the overall

spike. In section III, we also present a short evaluation of the impact of parameters, such as

learning rate or number of epochs, on performance. The evaluated Autoencoder (AE) variants

follow the structure shown in Fig 2.

Next, we will present the Autoencoder (AE) variants in a list with a short description.

Unless stated otherwise, the variants respect the specifications presented above. Details will be

presented afterward in the paragraphs succeeding the list:

Fig 2. The general model of autoencoder for feature extraction. The input spikes are used to train the autoencoder.

Once trained, the values obtained at the code layer can be extracted as a new feature space that is used in the clustering

of the spikes. The preprocessing of the input data before training is optional.

https://doi.org/10.1371/journal.pone.0282810.g002
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1. Shallow AE: A shallow autoencoder with 3 fully connected layers on each subpart, the

number of neurons per layer being decremented (60, 40, 20) in the encoder until the code

of size 2 is reached, where the symmetric decoder contains incrementally larger layers.

2. AE: A deep autoencoder with 8 fully connected layers on each subpart, the number of neu-

rons per layer being decremented (70,60,50,40,30,20,10,5) in the encoder until the code of

size 2 is reached, where the symmetric decoder contains incrementally larger layers.

3. Tied AE: This autoencoder variant follows the structure and the specification of AE with

the corresponding (by size) layers of the encoder and decoder tied [38]. The weight-sharing

provided by this variant is able to reach convergence faster and it has been shown to have

more accurate reconstructions [38] when compared to untied variants.

4. PCA AE: A deep autoencoder with 5 fully connected layers on each subpart, the number of

neurons per layer being decremented (70,60,50,40,30) in the encoder until the code of size

20 is reached, where the symmetric decoder contains incrementally larger layers. The code

provided by the training is then processed through PCA. As such, it is a combination of

PCA and an autoencoder.

5. Pretrained AE: This autoencoder variant respects the specification of AE with the addition

of a greedy layer-wise pretraining [39]. Pretraining provides an initialization of the weights

of the autoencoder and has been shown to increase performance [39].

6. LSTM AE: A shallow autoencoder with 3 fully connected LSTM [40] layers. It respects the

incrementing-decrementing format of the previous variants with a code size of 2.

7. FT AE: This autoencoder variant respects the specification of AE with an added preprocess-

ing step consisting of applying the Fourier Transform [41] on the input data.

8. WFT AE: This autoencoder variant is similar to FT AE but the Fourier Transform is

applied using a Blackman Window (W) in order to amplify the information of the ampli-

tude that was aligned to the middle of the window.

9. Orthogonal AE: This autoencoder variant respects the specification of AE modified to

ensure the orthogonality of the weights and the encoding of uncorrelated features. This var-

iant has been shown to outperform PCA when combined with clustering [42].

10. Contractive AE: This autoencoder variant respects the specification of AE with a modified

loss function using a regularization term that provides more robustness to noise [43].

2.2.1. Pretrained variant. Pretraining in greedy layer-wise manner was shown to be a

possible way of improving performance [39]. The idea behind pretraining is to initialize the

weights and biases of the model before training in order to avoid local minima due to random

initialization. Therefore, pretraining is performed before the actual training of the model using

the inputs.

The pretraining was done in the following manner:

1. Training a layer and saving the weights and biases for that layer–for example, the first layer

contains 70 neurons with an input and output of 79, therefore it would result in 79x70

+ 70x79 weights and 70 biases

2. Saving the codes resulted–for the previous example, codes were of size 70

3. For the pretraining of the next layer, the steps are repeated, but the input consists of the

codes saved.
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4. These steps are repeated until the desired code size is reached as the layer

5. The final step is to use all the weights and biases saved as the initial values for the training

2.2.2. FT and WFT variants. Using the coefficients of the Fourier integral, we can calcu-

late the Fourier Spectrum, also known as the Fourier Transform (FT), where each function has

a unique representation.

It is important to note that the FT of real functions, such as spikes, results in a frequency

representationin the complex domain, with real and imaginary parts (or frequency and phase).

To transform the inputs into the frequency domain, we have used the Fast Fourier Transform

(FFT). Thus, many variants of FT AE can be created using any of the following frequency-

domain descriptors: real part, imaginary part, magnitude, phase, power, various concatena-

tions of the previous. In the evaluation section we only present the variant using the real part

of the Fourier Transform as it had the best results.

2.2.3. LSTM variant. Long Short-Term Memory [40] (LSTM) are a type of Recurrent

Neural Network (RNN). RNNs struggle with long-term dependencies, meaning that initial

inputs will lose importance as newer inputs are shown. LSTMs, through their design, aim to

better tackle this issue. LSTMs have a more complex chain structure; each LSTM module

being composed of 4 simpler layers. The information in the LSTM state is regulated through

gates in order to add or remove information. At least theoretically, for a large amount of spikes

the LSTM architecture may be able to exceed simpler architectures in retaining the differences

in waveforms between spikes from different neurons.

2.2.4. Orthogonal variant. An Orthogonal Autoencoder departs from the architecture of

the autoencoder presented above. First, it constrains the weights of both encoder and decoder

to be orthogonal by using a kernel regularizer. Second, it reduces correlation of the encoded

features through the use of the covariance matrix by imposing a penalty on said features [42].

2.2.5. Contractive variant. The essence of the Contractive [43] variant is the loss function.

It provides robustness to perturbations through regularization that favours the contracting of

the training samples. This is achieved by keeping the weights small through regularization. It

applies the squared Frobenius norm to the Jacobian of the function as the regularizer multi-

plied with a coefficient:

JCAEðyÞ ¼
X

x2Dn

ðLðx; gðf ðxÞÞ þ ljjjf ðxÞjj
2

FÞ

2.2.6. Preprocessing. Alignment has to be applied as a first step of preprocessing before

the execution of the feature extraction method. We have used the following formula, for multi-

ple types of alignment at a chosen index:

newstartspike
¼ oldstartspike

� ðindexalign � peakspikeÞ ð1Þ

Naturally, the point of start of a portion of the samples has to be changed; this is indicated

in Formula (1) through the new_start and old_start terms. The index in Eq (1) represents the

point to which all spikes will be shifted. Thus, we can choose to align the maximum peak of all

spikes to the average index of the maximum peak across all samples, as shown in Fig 4C.

Another, better option, is to align the amplitudes to the middle of the sample as it provides

information about the spike from the perspective of both pre- and post-amplitude. The peak in

Eq (1) represents the index at which the desired point of reference (typically, the peak) is

found. For the alignment of the amplitude, it is the index of the maximum peak of each
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sample. The formula permits the alignment of any point of reference, such as the minimum

peak [44]. An analysis of the impact of alignment on the performance of PCA and the Autoen-

coders in shown in section 3.1.

In addition, we have applied two other preprocessing steps: scaling and shuffling. Due to

the combination of the ReLU and ‘tanh’ activation function of the autoencoders, the recon-

struction must be bounded within the [0,1] interval. As such, the data is also scaled to this

interval in order to provide better reconstructions which allow for finer learning. The random

shuffling of samples is required only for the synthetic datasets presented here, as the samples

are ordered by their cluster affinity.

2.3. Data

2.3.1. Synthetic datasets. The validation of autoencoders was made by comparing the dif-

ferent variants of autoencoders with PCA, ICA and Isomap. The chosen datasets, 95 in num-

ber and denominated as simulations, originate from the Department of Engineering,

University of Leicester UK and are publicly available. Each simulation is a dataset. The creation

of these simulations was based on recordings from the neocortex of a monkey. They were gen-

erated using 594 different spike shapes [45]. The original study that introduces the simulations

[45] also reviews different clustering algorithms and their results. Out of 20 different units,

these algorithms were able to detect 10 in the best case.

The datasets were generated based on a real dataset recorded “in vivo”. The waveform con-

tains 316 points originally sampled at 96 KHz; afterwards this frequency was reduced to

24KHz, therefore 79 samples describe a spike. Being synthetic datasets, each of these spikes has

a label, which allows for the use of external metrics to evaluate performance. Each simulation

contains a multi-unit cluster, which is the noise, and a number of clusters that varies between

2 and 20. Each unique number of clusters has 5 simulations. Thus, there are 5 simulations with

2 clusters, 5 simulations with 3 clusters, and so on.

All but one of the clusters are single-units between 0 and 50μm away from the electrode.

The firing rate follows a Poisson distribution with a mean between 0.1 and 2Hz. The ampli-

tudes follow a normal distribution and have been scaled to values between 0.9 and 2 to simu-

late real data. No spikes with temporal overlapping are present in the data, such that spikes

have at least 0.3ms between them.

The generated multi-unit cluster was added in order to increase the complexity of cluster-

ing for the tested algorithms. The simulated multi-unit contains 20 spike shapes, each of the 20

neurons firing being between 50–140μm away from the electrode. The amplitude of the spikes

was fixed to 0.5, with an overall composite firing rate of 5Hz, with each of the 20 individual

composing neurons having a firing rate mean of 0.25Hz following an independent Poisson dis-

tribution. Here, in order to increase clarity, the multi-unit cluster is always color-coded in

white in all figures.

To evaluate the proposed approach in comparison with other state-of-the-art methods we

have chosen the following 4 simulations out of the 95 available as they are representative of the

issues that are present in feature extraction methods and allow for the evaluation of the meth-

ods on varying numbers of clusters covering a wide range and enabling a comprehensive eval-

uation of performance:

• Simulation 1 (Sim1—Fig 3A), containing 16 single-unit clusters and a multi-unit cluster (in

total 17) with 12012 samples.

• Simulation 4 (Sim4—Fig 3B), containing 4 single-unit clusters and a multi-unit cluster (in

total 5) with 5127 samples.
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• Simulation 16 (Sim16—Fig 3C), containing 8 single-unit clusters and a multi-unit cluster (in

total 9) with 7556 samples.

• Simulation 35 (Sim35—Fig 3D), containing 12 single-unit clusters and a multi-unit cluster

(in total 13) with 9481 samples.

• Simulation 14, containing 3 single-unit clusters and a multi-unit cluster (in total 4) with

4507 samples. This dataset was used for the visualization of the impact of alignment on fea-

ture extraction in section 3.1.

These simulations can also be viewed in Fig 3 through the use of PCA to reduce the

dimensionality from 79 to 2. The overlapping clusters produced by PCA can be clearly seen in

Fig 3, in none of the datasets is it able to perfectly separate all clusters.

2.3.2. Real datasets. The electrophysiological “in vivo” data was recorded from the brain

of anaesthetized adult mice of the C57/B16 strain with A32-tet probes (NeuroNexus Technolo-

gies, Inc) at 32 kSamples /s (Multi Channel Systems MCS GmbH) during a visual stimulation.

The stimuli were presented monocularly on a Beetronics 12VG3 12-inch monitor with a reso-

lution of 1440x900, at 60fps and consisted of full-field drifting gratings (0.11 cycles/deg; 1.75

cycles/s; variable contrast 25–100%; 8 directions in steps of 45˚). The animals, on which the

extracellular activity was recorded, were placed in the stereotaxic holder (Stoelting Co, Illinois,

United States) and anaesthetized. Anesthesia was induced and maintained with isoflurane

(ISO) in oxygen (5% for induction, 1–3% for maintenance). The heart rate, respiration rate,

core body temperature, and pedal reflex were constantly monitored. A circular craniotomy

(1x1 mm) was performed over the left visual cortex of the animal centred on 0–0.5 mm

Fig 3. PCA projection of the synthetic datasets. PCA projection of 4 different simulations with distinct numbers of

clusters; the colors represent the cluster assignment given in the ground truth.

https://doi.org/10.1371/journal.pone.0282810.g003
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anterior to lambda, 2–2.5 mm lateral to midline. To obtain multiunit activity (MUA) contain-

ing signals, the extracellular data was digitally filtered using a band-pass filter with a range of

300Hz-7000Hz using a bidirectional Butterworth IIR filter of order 3. An amplitude threshold,

most commonly chosen between 3 and 5 [1] standard deviations of the recorded signal, was

used to detect spike, which were then fed into the feature extraction algorithms. Spikes were

identified as threshold crossings and subsequently used as input for the feature extraction

algorithm.

Multiple datasets were accumulated from each animal over a period of 4 to 6h in order to

minimise animal use. All experiments were performed in accordance with the European Com-

munities Council Directive of 22 September 2010 (2010/63/EU) and approved by the Local

Ethics Committee (3/CE/02.11.2018) and the National Veterinary Authority (147/04.12.2018).

2.4. Performance metrics

Six metrics were used for the validation of results: Adjusted Rand Index (ARI), Adjusted

Mutual Information (AMI), V-Measure (VM), Calinski-Harabasz Score (CHS), Davies-Boul-

din Score (DBS), and Silhouette Score (SS). The first three metrics are external metrics, while

the last three are internal [46]. These are clustering performance metrics and are a suitable

evaluation of the feature extraction due to the fact that spike sorting does not stop at this step

but is followed by clustering. The external metrics provide information about the ability of the

clustering algorithm to correctly identify the clusters based on a ground truth, which is heavily

influenced by the separability offered through the feature extraction. This is due to the fact that

with perfect separation, most clustering algorithms will be able to have a high performance.

On the other hand, the internal metrics characterize the clustering based on the separability

and shape of clusters, thus they are adequate for the evaluation of the feature extraction

through the use of the ground truth labels for synthetic datasets. In fewer words, the internal

metrics outline the properties of the clusters, while the external metrics evaluate the matching

between the clustering and the ground truth. In Table 1, we present a short intuitive descrip-

tion and the range for each of the metrics.

We chose a multitude of evaluation metrics rather than an all-encompassing one, as they

will appraise the performance from multiple considerations and perspectives. Thus, a method

that provides greater performance across these numerous metrics is indicative of a balanced

performance with an increased likelihood of an unbiased evaluation.

External metrics require the labels of the clustering algorithm, and the ground truth labels.

Therefore, a clustering algorithm has to be applied after the feature extraction and we have

Table 1. An intuitive description for each metric, its type and its range.

Name Type Description Range [worst,

best]

ARI External Pair-by-pair comparison whether the points in the predicted cluster belong in

the same true cluster

[–1, 1]

AMI External Mutual information based on entropy is used to calculate the agreement of

true and predicted labels

[0, 1]

VM External Harmonic mean of conditional entropies between the true and predicted

clusters

[0, 1]

DBS Internal Ratio of the inter-cluster and intra-cluster sum of squared distances (Inf, 0]

CHS Internal The average of a function that evaluates inter-cluster distances and the size of

the cluster

[0, Inf)

SS Internal Cluster quality is evaluated as the balance between a cluster’s tightness and

separation

[–1, 1]

https://doi.org/10.1371/journal.pone.0282810.t001

PLOS ONE A study of autoencoders as a feature extraction technique for spike sorting

PLOS ONE | https://doi.org/10.1371/journal.pone.0282810 March 9, 2023 10 / 29

https://doi.org/10.1371/journal.pone.0282810.t001
https://doi.org/10.1371/journal.pone.0282810


chosen K-Means [47]. K-means has a long history of use as a clustering algorithm and many

variations have been developed. It was introduced in spike sorting in 1988 and remained the

de facto clustering algorithm for a long time [48, 49]. Furthermore, newly developed spike

sorting techniques and pipelines are based on it or use it [7, 50] and in recent evaluations

K-Means has been shown to still be a highly performant option, as it placed third in the evalua-

tion of 25 clustering algorithms [48].

K-Means is a partition-based clustering algorithm. It partitions the space into k partitions,

where each sample is appointed to the closest centroid based on the Euclidean distance.

K-Means has several disadvantages. First, it requires the number of clusters as an input which

is hard to provide for real data. Second, in its most basic form it is not deterministic, such that

each execution may result in a different clustering. Through recent optimizations it has been

improved and has increased stability. Third, K-Means has difficulties in separating overlapping

clusters. In our case, this is an advantage: If the performance of K-Means is higher for a certain

feature extraction method it denotes that the method provides better separation.

ARI [51–53] (3) is an adjustment of the Rand Index (RI) metric in order to handle chances.

ARI is an external clustering metric; therefore, it requires a ground truth for the dataset. RI

[54] (2) makes comparisons between pairs of points to determine if it is an agreement, when

the two points are in the same cluster for both the predicted and the true labels, or a disagree-

ment, when they belong to different clusters. The formulas used to calculate the metric are the

following:

RI ¼
agreements

agreementsþ disagreements
ð2Þ

ARI ¼
RI � ExpectedRI

MaxRI � ExpectedRI
ð3Þ

where MaxRI is the upper bound and ExpectedRI is the expected placement of pairs in the

same class using the permutation model and calculated based on the contingency table [51].

AMI [52, 55] (5) is an adjustment of the Mutual Information (MI) metric through the use

of entropy, denoted as H. Moreover, AMI also contains the normalization [52, 56, 57] of Nor-

malized Mutual Information. MI (4) is calculated between two clusters U and V, where N is

the size of the dataset and |X| is the number of points in subset X.

MIðU;VÞ ¼
XjUj

i¼0

XjVj

j¼0

jUi \ Vjj
N

log log
NjUi \ Vjj
jUijjVjj

ð4Þ

AMI ¼
MIðU;VÞ � EðMIðU;VÞÞ

averageðHðUÞ;HðVÞÞ � EðMIðU;VÞÞ
ð5Þ

V-Measure [17] (6) is the harmonic mean of Homogeneity and Completeness. A cluster is

considered to be homogeneous (7) when all the points of that cluster are part of the same class.

By switching the predicted and true labels, completeness is obtained. Completeness (8) is

achieved when all the points of a class are part of the same cluster. We have chosen beta equal
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to 1 as given by the original formula [17].

V � Measure ¼
ð1þ betaÞ �Homogeneity � Completeness

beta � Homogeneityþ Completeness
ð6Þ

Homogeneity ¼ 1 �
HðCjKÞ
HðCÞ

ð7Þ

Completeness ¼ 1 �
HðKjCÞ
HðKÞ

ð8Þ

where H(C|K) is the conditional entropy of the true cluster given the predicted cluster, H(C) is

the entropy of the true cluster, while H(K|C) is the conditional entropy of the predicted cluster

given the true cluster and H(K) is the entropy of the predicted cluster.

All the metrics presented until this point are external metrics and require a ground truth to

compare with the predicted labels. Furthermore, all these metrics have bounded scores in the

[0, 1] interval with higher values being more desirable.

The following three metrics are internal and therefore do not require a ground truth to be

used. The internal metrics were used with the ground truth labels for the evaluation of the syn-

thetic datasets. These metrics evaluate the intra-cluster and inter-cluster distances and the

morphology of the clusters producing an adequate evaluation of the feature extraction

capabilities.

DBS [58–60] (10) finds the mean similarity between clusters, where similarity, denoted as R
(9), is defined by the distance between clusters and their sizes. The minimum value of this

index is 0. The closer the result is to 0, the better separation exists between clusters. This may

come as counterintuitive as it is the only metric where lower values represent a higher perfor-

mance. The DBS metric is given by the following equations:

Ri;j ¼
si � sj
di;j

ð9Þ

DBS ¼
1

k

Xk

i¼1

maxRi;j ð10Þ

where si is the mean of all distances between the points of cluster i and its centroid, di,j is the

distance between clusters i and j given by their centroids, and max(Ri,j) is the maximum simi-

larity of clusters i and j.
CHS [17, 46] (11), also known as Variance Ratio Criterion, calculates the ratio between the

intra-cluster and inter-cluster dispersion. Where tr(X) denotes the trace of between cluster Bk
or within-cluster Wk dispersion matrix, n denotes the size of the dataset and k the number of

clusters. The dispersion is defined as the sum of squared distances. For this metric, a higher

value indicates a better result.

CHS ¼
trðBkÞ
trðWkÞ

�
n � k
k � 1

ð11Þ

SS [17, 18] (12) is calculated by measuring the mean distance between a point and the rest

of the points of that cluster and the mean distance between the point and all the points of the

nearest cluster. The score is bound between [–1, 1] where -1 represents an incorrect clustering,

0 overlapping clusters, and 1 a dense clustering. SS aims for the standard concept of a cluster,
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dense and well separated, therefore such cases will give a higher score. The equation of SS is

the following:

SS ¼
b � a

maxða; bÞ
ð12Þ

where b denotes the average of all distances between a point in cluster i and all points of the

nearest cluster j, and a the average of all distances between a point in cluster i and all other

points in the same cluster.

It is important to mention that although used in evaluation of spike sorting techniques [15,

16], accuracy is not a suitable performance metric. First, because spike sorting is unsupervised

and accuracy requires labels. Second, neuronal data is imbalanced because of the various firing

rates of individual neurons, and it is has been extensively shown that accuracy is not appropri-

ate for evaluating tasks on imbalanced data [61–64]. Nevertheless, through the use of the cho-

sen metrics, we are able to evaluate the separation and shapes of cluster using the internal

metrics and the correctness of clustering using the created features using the external metrics.

3. Results and discussion

3.1. Impact of alignment

Alignment can heavily impact the performance of feature extraction methods by enabling

standardization to the input and, thus, preventing the deformation of clusters. By aligning the

spikes to a common point of reference, such as the amplitude (maximum peak), feature extrac-

tion methods are better able to learn because of intra-feature correlation. When a single feature

describes different parts of the spikes across samples, it may not be able to learn adequately,

deforming the clusters and increasing the risk of underclustering or overclustering. We define

underclustering as the labelling of two or more true clusters as a single one by a clustering algo-

rithm, while overclustering as a single true cluster being labelled as two or more clusters by the

clustering algorithm. In Fig 4 we show the clusters of the ground truth, while overclustering

and underclustering are defined as a comparison between a ground truth and the labelling of a

clustering algorithm. Fig 4B shows an exceptional case, where the alignment of spikes

completely averts theartitionning of the white cluster into two sub-clusters that will be identi-

fied as two separate clusters by most clustering algorithms. From a theoretical standpoint, this

case will induce overclustering due to the visible separation between the samples of the same

cluster, but more than that it shows that it is a poor extraction of features as these characteris-

tics are not representative of the data demonstrating that alignment can have a high impact on

the results. We have chosen to show this phenomenon with simulation 14, as the number of

samples and clusters is low, and this permits a smooth visualization. The impact of alignment

is clearly visible in Fig 4, while its effect on the performance of the feature extraction can be

viewed in Table 2. We have highlighted the highest performances for each metric by bolding

the values.

3.2. Analysis of parameters

We start the evaluation with the most conventional parameters of a neural network: the num-

ber of epochs and the learning rate. We assess the importance of each of these parameters in

the learning process of an autoencoder and how different values may affect the performance.

We have chosen 3 values for the number of epochs: 50, 100 and 500. The impact of the

number of epochs on the performance of the AE variant on Sim4 dataset can be viewed in

Table 3. Increasing the number of epochs does not improve the performance from the
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perspective of the clustering (first three metrics), while it actually decreases the performance of

the feature extraction (last three metrics). These results are in concordance with the loss values

of the model during training that can be viewed in S1 Fig.

The impact of the learning rate on the performance of the AE variant on Sim4 dataset can

be viewed in Table 4. At higher learning rates, the model is unable to learn or learns poorly,

whilst lower values only slightly change the performance of the model.

Table 2. Impact of alignment. Comparison of different Alignments on the performance of PCA and AE.

ARI AMI VM DBS CHS SS

PCA-Unaligned 0.52 0.77 0.77 0.54 5,383.69 0.47

PCA-Aligned 0.57 0.8 0.8 0.58 7,550.23 0.48

AE-Unaligned 0.7 0.83 0.83 0.62 6,260.41 0.49

AE-Aligned 0.98 0.96 0.96 0.55 7,807.64 0.61

https://doi.org/10.1371/journal.pone.0282810.t002

Table 3. Impact of the number of epochs through comparison of different number of epochs on the results of the AE variant on Sim4. The metrics show that increas-

ing the number of epochs does not necessarily increase the performance of the model as the best performance across all metrics is obtained at 50 epochs, the values indicat-

ing the highest performance for each metric have been bolded.

ARI AMI VM DBS CHS SS

Epochs = 50 0.98 0.97 0.97 0.27 52,012.95 0.79

Epochs = 100 0.91 0.88 0.88 0.35 28,541.54 0.66

Epochs = 500 0.98 0.96 0.96 0.55 7,807.64 0.61

https://doi.org/10.1371/journal.pone.0282810.t003

Fig 4. Impact of alignment. PCA applied on Sim14 with and without alignment. The white cluster is kept together but

the overlap with the blue cluster remains.

https://doi.org/10.1371/journal.pone.0282810.g004
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3.3. Performance evaluation

The results of ICA and Isomap used in these evaluations have been chosen for each dataset by

using a grid search. From our observations, we have found that the parameters of ICA do not

heavily influence the results as the performance metrics change by a value smaller than 1e-3

with the exception of CHS that has no upper bound and we find differences of 1e-1. The high-

est performance is obtained when the number of iterations is chosen such that the algorithm

reaches convergence. We have found that a lower tolerance offers slightly better results and

saturates at about 1e-5 and the best performance is given by the ‘logcosh’ form.

Isomap has several parameters with many possible values. We have evaluated a range of val-

ues for each parameter. We have chosen to consider a number of neighbouring points instead

of a radius for Isomap and have found that the best algorithm is KdTree, while the BallTree

and brute approaches offer very close results. With regard to the distance function, we have

found that the cosine distance offers the lowest performance, while the Minkowski (equivalent

to the Euclidean distance for the 2D case) and Manhattan distances have very similar results

with the Minkowski distance shining through by a degree of up to 1e-1. Similar to the ICA

case, for the CHS metric it can have a higher impact, nevertheless smaller than 1 for most

parameters except distance where differences of up to 1e4 can appear. We have found that the

tolerance has a small impact on the results, smaller than 1e-3 and the best performance lies in

a tolerance range of 1e-3 to 1e-5 depending on other parameters. The number of iterations

chosen had no impact on the results as it was higher than the point of convergence. Regarding

the shortest path, we have found that Floyd-Warshall and Dijkstra algorithms have almost

identical results the difference appears on ARI and CHS of values smaller than 1e-4. For the

eigenvalue decomposition, the direct and Arnoldi approaches have been tested and we have

obtained similar performance depending on the other parameters.

3.3.1. Performance evaluation of synthetic data. The 95 synthetic datasets [45] contain

varying numbers of clusters and spike shapes providing the complexity required for a compre-

hensive evaluation of the methods. In Fig 5, we present the results obtained for each metric

across all 95 datasets for each method presented. A statistical analysis using t-tests with a Bon-

ferroni correction can be examined in the S4 Fig and a ranking of the methods based on their

performance for each metric using Borda rank aggregation [65] in S2 Table.

The 4 chosen synthetic datasets allow for the evaluation of the feature extraction methods’

impact on the performance of the clustering algorithm and the ability of the feature extraction

method to separate the clusters as the number of cluster increases. Furthermore, through this

choice of datasets we are also able to evaluate the performance of the feature extraction meth-

ods on different numbers of clusters. The ranking of the methods for these datasets using the

Borda rank [65] aggregation can be viewed in S2 Table. The evaluation offered by the perfor-

mance metrics can be viewed for each dataset specifically in Tables 4–7 and they show consis-

tency of performance for each autoencoder variant across datasets. A point to remember is

that the DBS metric is inverted, in the sense that lower values indicate a better clustering. Each

Table 4. Impact of learning rate comparison of different learning rates (LR) on the results of the AE variant on Sim4. The metrics show that a lower learning rate

offers higher performance across the evaluation metrics with one exception, the CHS that is close to the highest value obtained, the values indicating the highest perfor-

mance for each metric have been bolded.

ARI AMI VM DBS CHS SS

LR = 0.1 0 0 0 - 0 0

LR = 0.01 0.47 0.69 0.69 0.47 12,450.86 0.39

LR = 0.001 0.98 0.96 0.96 0.55 7,807.64 0.61

LR = 0.0001 0.98 0.97 0.97 0.43 12,343.35 0.62

https://doi.org/10.1371/journal.pone.0282810.t004
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of the synthetic datasets presented in this subsection contains a multi-unit cluster that has

been color-coded as white across all figures. This cluster also contains the highest number of

samples thus, offering imbalance to the clusters.

We start this evaluation with the easiest of the datasets chosen, containing 5 clusters, as it

provides the best visualization of the performance of the feature extraction techniques. A com-

mon occurrence across the state-of-the-art methods is the superposition of the multi-unit clus-

ter (white) with the same single-unit cluster (blue). This consistency highlights an inability of

these methods to find the features that provide separation. The circumstance presented is

clearly visible in Fig 6. The Isomap feature extraction method has the best performance out of

the state-of-the-art methods, it is imperative to highlight that its high performance is also

attributable to the ability of K-Means to correctly assign samples to clusters. As Fig 6C displays

some overlap persisting.

The performance evaluation from the perspective of the 6 metrics is given in Table 5. We

perceive the evaluation of the metrics to be correlated to the visual performance assessed from

the plots presented in Fig 6. In the case of the simplest synthetic dataset, we find that four auto-

encoder variants have a greater performance: Shallow AE, AE, Pretrained AE, and Contractive

AE. These are the precise variants that manage to separate the blue single-unit cluster from the

white multi-unit cluster that state-of-the-art methods were unable to do. The best performance

is offered by methods that manage to condense the samples of clusters into a dense group,

united with samples of the same cluster and segregated from those of other clusters.

Fig 5. Analysis of all methods on 95 synthetic datasets. Performance evaluation of the classical feature extraction

methods and the autoencoder variants for each metric on all 95 synthetic datasets, the star represents the average value.

https://doi.org/10.1371/journal.pone.0282810.g005
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The Sim1 dataset is one of the more difficult ones. It presents a high number of clusters, 17

in number, that have some similarities in spike shapes resulting in a high amount of overlap

between clusters. This is shown in both the plots displayed in Fig 7 as in the performance eval-

uations of Table 6. State-of-the-art methods are able to completely separate a low number of

clusters. PCA and ICA only manage to separate 2 clusters, whilst the rest are coalesced into an

amalgamation. Isomap provides the highest number of separated clusters by any of the state-

of-the-art methods used, with 5 clusters separated, but the same tendency to join the rest of the

clusters remains and it clearly visible in Fig 7. Whereas a part of the autoencoder variants, such

as the Shallow AE and AE variations, are able to separate up to 10 clusters with minimal

Fig 6. Feature extraction of the Sim4 dataset. All feature extraction methods applied on Sim4; the colors present the

ground truth.

https://doi.org/10.1371/journal.pone.0282810.g006
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overlap between the rest. This is correlated to the performance estimation of the evaluation

metrics, presented in Table 6. Notably, the same variants, as in the previous case, show the best

performance.

We presented the evaluation of the most extreme cases, 5 and 17 clusters. To investigate

how the number of clusters affect these methods, in the next cases we assess the performance

of these methods with regard to the intermediate cases of 9 and 13 clusters, presented respec-

tively in Tables 6 and 7. It is noticeable that the exact same autoencoder variants surface above

the state-of-the-art methods regardless of the number of clusters. In these latter cases, the

LSTM and Tied AE variants show an increased performance as well. Nonetheless, their perfor-

mance remains closer to that of the state-of-the-art methods although consistent across these

synthetic datasets.

Table 5. Comparison of different autoencoder variations vs state-of-the-art methods on Sim4 (5 clusters), the optimal value of neighbours for Isomap was found as

90 through grid search. The metrics indicate that several variations of autoencoders and the Isomap algorithm are able to outperform conventional algorithms such as

PCA or ICA for the Sim4 dataset that contains a low number of clusters, the values indicating the highest performance for each metric have been bolded.

ARI AMI VM DBS CHS SS

PCA 0.57 0.8 0.8 0.58 7,550.23 0.48

ICA 0.61 0.8 0.8 0.53 7,000.8 0.51

Isomap 0.96 0.95 0.95 0.47 18,588.430 0.61

Shallow AE 0.99 0.98 0.98 0.43 13,835.92 0.65

AE 0.98 0.96 0.96 0.55 7,807.64 0.61

Tied AE 0.59 0.8 0.8 0.44 13,698.71 0.68

PCA AE 0.59 0.79 0.79 0.65 8,959.50 0.51

Pretrained AE 0.91 0.92 0.92 0.27 33,910.79 0.73

LSTM AE 0.31 0.59 0.59 0.82 3,592.13 0.25

FT AE 0.36 0.51 0.51 1.63 2,672.27 0.18

WFT AE 0.43 0.59 0.59 9.13 2,293.02 0.28

Orthogonal AE 0.32 0.44 0.44 8.71 4,866.81 0.05

Contractive AE 0.97 0.95 0.95 0.46 14,852.24 0.62

https://doi.org/10.1371/journal.pone.0282810.t005

Table 6. Comparison of different autoencoder variations vs state-of-the-art methods on Sim1 (17 clusters), the optimal value of neighbours for Isomap was found

as 110 through grid search. The metrics indicate that several variations of autoencoders and the Isomap algorithm are able to outperform conventional algorithms such

as PCA or ICA for the Sim1 dataset that contains a high number of clusters. Moreover, two autoencoder variants outperform Isomap on 5 out of the 6 metrics, the values

indicating the highest performance for each metric have been bolded.

ARI AMI VM DBS CHS SS

PCA 0.5 0.74 0.74 1 12,020.59 0.26

ICA 0.48 0.72 0.73 1.05 9,929.23 0.24

Isomap 0.62 0.83 0.83 0.61 59,532.32 0.51

Shallow AE 0.75 0.92 0.92 0.48 28,238.61 0.57

AE 0.81 0.88 0.88 0.70 17,491.77 0.48

Tied AE 0.61 0.81 0.81 2.73 5,913.32 0.35

PCA AE 0.4 0.67 0.67 1.99 8,416.4 0.14

Pretrained AE 0.68 0.85 0.85 0.66 17,011.47 0.45

LSTM AE 0.60 0.83 0.83 1.13 17,221.50 0.34

FT AE 0.31 0.58 0.58 2.56 6,807.19 0.01

WFT AE 0.38 0.65 0.65 3.22 8,507.47 0.13

Orthogonal AE 0.27 0.53 0.53 3.36 5,788.95 0.00

Contractive AE 0.71 0.87 0.87 0.70 57,764.18 0.59

https://doi.org/10.1371/journal.pone.0282810.t006
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3.3.2. Performance evaluation of real data. The real dataset was recorded extracellularly

using a silicone probe that provided 32 channels. Out of the 32 channels, we have chosen four

that had an adequate number of spikes. The results of the autoencoder variants and the state-

of-the-art feature extraction algorithms on real data, specifically on channel 17, is shown in Fig

8. As previously stated, real data contains no ground truth. From this irrefutable reality, the

following implication emerges: We are not able to evaluate the performance of feature extrac-

tion separately from that of the clustering. Moreover, out of the metrics presented only the

internal metrics remain available. As such, the colours will now represent the labelling of the

K-Means clustering algorithm. Thus, the colours will not be corresponding across different

Fig 7. Feature extraction of the Sim1 dataset. All feature extraction applied on Sim1; the colors present the ground

truth.

https://doi.org/10.1371/journal.pone.0282810.g007
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plots. In this section, we present the performance of the feature extraction methods on all 4

channels in Tables 8–11. A point to remember is that the DBS metric is inverted, in the sense

that lower values represent a better clustering.

The real data of channel 17 visually presents 3 separable clusters in most feature extraction

methods. This can be viewed in Fig 9. Through empirical analysis of the spike shapes, we con-

cur that this is most likely. Here, we analyze the ability of the feature extraction method to

offer easily separable clusters for the clustering algorithm and the results can be viewed in

Table 9. The state-of-the-art methods have a similar performance with one of the dense clus-

ters separated from the overlap between the other dense cluster and the sparser one as shown

Fig 8. Feature extraction of real data. All feature extraction applied on real data channel 17; the colors present the

labelling of K-Means.

https://doi.org/10.1371/journal.pone.0282810.g008
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by Fig 9. The autoencoder variants have a similar performance visually, while in reality, the

clusters provided by the more performing variants are more compacted, and the mean of the

sparse cluster is further away. These are the reasons that a difference in performance appears.

The separation of waveforms by clusters is presented in Fig 8 for the classical approaches and

the AE variant. Notably, in contrast to the evaluation of the synthetic datasets, the performance

of the LSTM AE that has been similar to state-of-the-art has dropped. Whilst, in addition to

the four variants that performed well in the synthetic cases, here we also include the Tied and

PCA variants within the highlighted ones. The Borda ranking [65] of the performance across

the real data is presented in S3 Table.

Channel 4 has a similar distribution to that of channel 17, it contains 3 clusters identified

from the spike shapes that are correlated with the results provided by the feature extraction

Table 8. Comparison of different Autoencoder variations vs state-of-the-art methods on Sim35 (13 clusters), the optimal value of neighbours for Isomap was found

as 20 through grid search. The metrics indicate that several variations of autoencoders and the Isomap algorithm are able to outperform conventional algorithms such as

PCA or ICA for the Sim35 dataset that contains a moderate number of clusters. Moreover, the Shallow AE variant outperforms Isomap with regard to the all metrics but

CHS, the values indicating the highest performance for each metric have been bolded.

ARI AMI VM DBS CHS SS

PCA 0.45 0.69 0.69 1.4 11,156.65 0.18

ICA 0.4 0.66 0.66 1.92 6,464.01 0.15

Isomap 0.70 0.86 0.86 0.65 56,296.18 0.52

Shallow AE 0.79 0.94 0.94 0.51 13,879.97 0.56

AE 0.75 0.88 0.88 0.77 12,244.32 0.49

Tied AE 0.69 0.85 0.85 0.79 25,253.25 0.49

PCA AE 0.48 0.70 0.70 1.23 6,726.07 0.23

Pretrained AE 0.89 0.88 0.88 0.93 13,948.75 0.51

LSTM AE 0.69 0.86 0.86 0.69 17,022.40 0.45

FT AE 0.36 0.57 0.57 5.82 4,056.02 0.05

WFT AE 0.48 0.65 0.65 4.32 6,951.03 0.13

Orthogonal AE 0.32 0.60 0.60 1.80 19,288.69 0.03

Contractive AE 0.72 0.88 0.88 0.55 55,588.48 0.58

https://doi.org/10.1371/journal.pone.0282810.t008

Table 7. Comparison of different autoencoder variations vs state-of-the-art methods on Sim16 (9 clusters), the optimal value of neighbours for Isomap was found

as 20 through grid search. The metrics indicate that several variations of autoencoders and the Isomap algorithm are able to outperform conventional algorithms such as

PCA or ICA for the Sim16 dataset that contains a moderate number of clusters. Moreover, two of autoencoder variants outperform Isomap with regard to the external met-

rics implying that these variants offer more separable features for the clustering algorithm, the values indicating the highest performance for each metric have been bolded.

ARI AMI VM DBS CHS SS

PCA 0.52 0.73 0.73 0.86 7,641.33 0.34

ICA 0.52 0.73 0.73 0.85 7,519.25 0.36

Isomap 0.65 0.80 0.80 0.58 35,485.69 0.51

Shallow AE 0.91 0.91 0.91 0.62 9,302.68 0.51

AE 0.63 0.81 0.81 0.72 1,0556.89 0.47

Tied AE 0.61 0.83 0.83 0.68 6,938.12 0.45

PCA AE 0.53 0.69 0.69 0.93 5,446.97 0.27

Pretrained AE 0.91 0.90 0.90 0.79 6,900.35 0.42

LSTM AE 0.60 0.82 0.82 1.05 9,392.85 0.43

FT AE 0.28 0.46 0.47 2.51 1,304.79 -0.01

WFT AE 0.43 0.63 0.63 1.34 5,956.58 0.22

Orthogonal AE 0.46 0.58 0.58 1.65 6,244.37 0.27

Contractive AE 0.65 0.81 0.81 2.06 21,639.71 0.63

https://doi.org/10.1371/journal.pone.0282810.t007
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methods. It contains two dense clusters and one sparse cluster. The performance evaluation is

presented in Table 10. The performance of autoencoder variants for this channel remains simi-

lar to that of state-of-the-art methods with the exception of the AE and Orthogonal AE

variants.

Fig 9. The features and the waveform separation by colors for the classical methods (PCA, ICA, Isomap) and the

AE variant.

https://doi.org/10.1371/journal.pone.0282810.g009

Table 9. Comparison of different autoencoder variations vs state-of-the-art methods on real data channel 17, the

optimal value of neighbours for Isomap was found as 20 through grid search. The metrics indicate that the AE vari-

ant is able to outperform the conventional feature extraction algorithm with the exception of the CHS metric, while the

performance of the other variants varies across metrics due to the fact that the internal metrics evaluate the quality of

the clustering from different perspectives as no ground truth is available for real data. The values indicating the highest

performance for each metric have been bolded.

DBS CHS SS

PCA 0.63 20,637.96 0.76

ICA 0.72 8,200 0.64

Isomap 0.45 68,339.47 0.86

Shallow AE 0.65 14,000 0.72

AE 0.24 14,100 0.95

Tied AE 0.45 34,700 0.8

PCA AE 0.19 52,767.79 0.87

Pretrained AE 0.32 45,700 0.92

LSTM AE 1 3,844.78 0.38

FT AE 0.84 12,555.42 0.61

WFT AE 0.79 8,700 0.45

Orthogonal AE 0.58 20,500 0.58

Contractive AE 0.36 31,881.83 0.8

https://doi.org/10.1371/journal.pone.0282810.t009
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Channel 6 contains 4 clusters identified from the spike shapes that are correlated with the

results provided by the feature extraction methods. Each identified spike shape includes a simi-

lar number of samples; thus it is expected to have clusters with similar distributions. The per-

formance evaluation is presented in Table 11. For this channel, only the AE variant has been

deemed to have an undeniably better performance than state-of-the-art methods. Other vari-

ants present a similar performance to that of state-of-the-art techniques with varyingly slightly

better or worse results across different metrics.

Channel 26 contains 4 clusters identified from the spike shapes that are correlated with the

results provided by the feature extraction methods. It contains two dense clusters, one sparse

cluster and an intermediate one. The performance evaluation is presented in Table 12. Within

the case of channel 26, multiple variants show an increased performance to that of state-of-

the-art techniques. Most notable is the AE variant that has the best results even in comparison

Table 10. Comparison of different autoencoder variations vs state-of-the-art methods on real data channel 4, the

optimal value of neighbours for Isomap was found as 30 through grid search.

DBS CHS SS

PCA 0.61 10,278.06 0.75

ICA 0.61 5,601.31 0.66

Isomap 0.46 19,764.71 0.81

Shallow AE 0.56 11,659.44 0.71

AE 0.47 21,788.67 1

Tied AE 0.53 9,510 0.72

PCA AE 0.68 7,084.1 0.7

Pretrained AE 0.57 7,424.04 0.7

LSTM AE 0.92 2,680 0.4

FT AE 0.79 3,340 0.47

WFT AE 0.74 4,470 0.49

Orthogonal AE 0.38 3,530 0.93

Contractive AE 0.51 16,100 0.71

https://doi.org/10.1371/journal.pone.0282810.t010

Table 11. Comparison of different autoencoder variations vs state-of-the-art methods on real data channel 6, the

optimal value of neighbours for Isomap was found as 30 through grid search. The metrics indicate that for this

dataset the AE variant is able to outperform the conventional feature extraction algorithm with regard to all metrics

while the other variants have similar performances to that of PCA and ICA. The values indicating the highest perfor-

mance for each metric have been bolded.

DBS CHS SS

PCA 0.63 15,800 0.62

ICA 0.74 11,500 0.56

Isomap 0.56 24,768.1 0.66

Shallow AE 0.59 14,300 0.61

AE 0.4 68,500 0.73

Tied AE 0.61 17,100 0.63

PCA AE 0.62 16,500 0.61

Pretrained AE 0.75 12,000 0.6

LSTM AE 0.64 5,970 0.52

FT AE 0.84 6,414.04 0.46

WFT AE 0.9 7,330 0.35

Orthogonal AE 0.6 16,000 0.58

Contractive AE 0.49 58,600 0.66

https://doi.org/10.1371/journal.pone.0282810.t011
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with other variants. Nonetheless, several variants manage to outperform the state-of-the-art

methods with regard to all evaluation metrics.

The performance of independent variants varies across the real channels. Nevertheless, the

Shallow AE and AE variants provide consistently higher performance results across both syn-

thetic and real data.

4. Conclusions

Here, we introduced several variants of Autoencoders as a feature extraction algorithm for

spike sorting and investigated their performance by comparing them to conventional feature

extraction algorithms used in spike sorting. Our focus was that of neural data, which has its

particular characteristics that bestow complexity upon the problem of spike sorting [1].

We evaluated the autoencoder variants against state-of-the-art algorithms and assessed

their performance using various performance evaluation metrics on multiple datasets. Our

evaluation of the 95 synthetic datasets shows consistently that the autoencoder values have a

higher performance according to the external metrics when compared to PCA or ICA while

having similar values to Isomap. The internal metrics indicate that the autoencoder variants

have a higher variability across the 95 synthetic datasets than the classical methods, neverthe-

less they show a higher performance overall.

The Autoencoder based variants can provide more separability for the clustering of neuro-

nal spikes as shown visually and assessed through multiple performance evaluation metrics.

Similarly, to the state-of-the-art methos, they do not require prior knowledge of the most

informative features. One out of the ten variants presented in this study have shown a consis-

tently higher performance as a feature extraction method within spike sorting for both syn-

thetic and real datasets when used with K-Means, namely the AE variant. This is indicated in

our evaluations of the metrics and the ranking of the methods presented in the Supporting

Information section. Other autoencoder variants have proven to be situational, the Shallow

variant appears to have a high performance on synthetic datasets, we hypothesize that this hap-

pens because synthetic spikes are simpler than the ones of real data. Thus, for real data more

layers are required to separate the spikes as they are more complex. In fact, the AE variant is a

Table 12. Comparison of different autoencoder variations vs state-of-the-art methods on real data channel 26,

the optimal value of neighbours for Isomap was found as 30 through grid search. The metrics indicate that for this

dataset the AE variant is able to outperform the conventional feature extraction algorithm with regard to all metrics

while the other variants have similar performances to that of PCA, ICA and Isomap. The values indicating the highest

performance for each metric have been bolded.

DBS CHS SS

PCA 0.81 2,110 0.55

ICA 0.77 1,550 0.42

Isomap 0.78 3,118 0.44

Shallow AE 0.81 3,320 0.6

AE 0.42 12,500 0.74

Tied AE 0.68 3,812 0.56

PCA AE 0.8 2,090 0.51

Pretrained AE 0.73 2,860 0.54

LSTM AE 0.59 6,800 0.54

FT AE 0.59 4,180 0.52

WFT AE 0.88 1,120 0.38

Orthogonal AE 0.83 1,770 0.38

Contractive AE 0.68 4,230 0.54

https://doi.org/10.1371/journal.pone.0282810.t012
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more complex architecture with more layers and it has a better performance than the Shallow

AE variant on real data.

Naturally, the variability of a random initialization in K-Means can result in a higher or

lower performance. We have chosen to use the k-means++ initialization and we present its

variability across 1000 executions in the S2 Fig. Nevertheless, in certain cases even separated

clusters can result in a poor clustering by K-Means, this can be seen in certain examples where

the internal metrics are high, while the external metrics remain low. This is indicative of a

faulty labelling by K-Means for some clusters. Furthermore, the application of these models

does not require parameter tuning for a new dataset and as such, allows for a wide use within

spike sorting with a feasibly higher performance. The Tied and Contractive variants also fair

better on real datasets than the Shallow variant which is arguably the best on synthetic datasets.

The Fourier variants (FT AE and WFT AE) learn the characteristics of the data in the fre-

quency domain and have proven to be unable to find informative features. Nonetheless, as any

neural network, autoencoders present some variability in their results, we provide an evalua-

tion of the variability of the AE variant for 100 executions in the S3 Fig. PCA and ICA are

ranked most commonly in the lower half, while Isomap, a more complex approach, places

below the AE variant while its placement regarding other variants depends upon the dataset.

Nevertheless, Isomap obtains high values for the CHS metric indicating that the extracted fea-

tures create dense and separated clusters.

Autoencoders being an inherently unsupervised model are an adequate solution for spike

sorting, while at the same time entailing no additional cost for data labelling. By their inner

machinations, no segregation between training and testing datasets is needed. The training of

the model on a dataset optimises it and the latent feature space can be extracted. Thus, these

models are not affected by performance drop that can appear by an improper training as the

whole dataset is used, consolidating its robustness. Notwithstanding, these autoencoders mod-

els require training for each new datasets, thus incurring the supplementary costs of training

the model. The training of the model is dependent upon the number of samples in the dataset

and the number of epochs. We deem these additional costs to be equitable with the increase in

performance. The training of the deepest model with a total of 17 layers containing 12012 sam-

ples has been measured at an average of 0.351s per epoch, thus a training of 50 epochs would

require only 17.57s. These evaluations were run on a laptop with AMD Ryzen 9 5900HX at

3.30GHz with 8 cores hyperthreaded, 32GB of RAM at 3200MHz, NVIDIA RTX3080 with

12GB of VRAM, 2TB SSD.

The decrease in performance with the increase of the number of clusters is a familiar

difficulty within spike sorting. Even though, the autoencoder variants presented here pro-

vide a higher performance than state-of-the-art methods, the same phenomenon can

be viewed throughout the evaluation of the external metrics of the synthetic datasets. How-

ever, it is noticeable that this does not occur within the evaluation of internal metrics for

autoencoders, while the decrease remains for the state-of-the-art methods. We postulate

that this phenomenon indicates that autoencoders can provide separation even with a

higher number of clusters. However, further study is needed to assess the prevalence of this

occurrence.

We conclude that autoencoders have a definite place in spike sorting, as they can outper-

form other feature extraction methods on all the criteria used in this evaluation. They allow for

a high number of variants that have specific propensities that may be useful for datasets with

certain characteristics. Furthermore, with the development of hardware [5] and software, data

complexity and quantity will increase but so will the computational power, enabling autoenco-

ders to tackle such data.
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Supporting information

S1 Fig. Model loss during training. Loss values during the training of the model on Sim4 for

an AE model.

(TIF)

S2 Fig. K-Means variability. Variability of the used K-Means implementation for 1000 execu-

tions on the features provided by PCA using k-means++ initialization.

(TIF)

S3 Fig. Autoencoder variability. Variability of the shallow autoencoder on the Sim1 dataset

(17 clusters) over 100 executions, where the white star represents the average score over 100.

An important note is that DBS has lower scores for a higher performance and as DBS and

CHS have only a lower bound they have been scaled between 0 and 1 by dividing with the max-

imum value across all executions of the autoencoder and the other methods.

(TIF)

S4 Fig. Performance t-tests. P value of t-tests (with a Bonferroni correction) for each of the

metric on all 95 simulations.

(TIF)

S1 Table. Methods ranking on a subset of synthetic data. Borda rank aggregation of results

for each metric on the 4 synthetic datasets (simulations 1, 4, 16, 35).

(DOCX)

S2 Table. Methods ranking on synthetic data. Borda rank aggregation of the results for each

metric on all 95 synthetic datasets.

(DOCX)

S3 Table. Methods ranking on real data. Borda rank aggregation of the results for each metric

on real data.

(DOCX)
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