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Abstract—Spike sorting algorithms aim at decomposing
complex extracellularly recorded electrical signals to inde-
pendent events from single neurons in the vicinity of electrode.
The decision about the actual number of active neurons in a
neural recording is still an open issue, with sparsely firing
neurons and background activity the most influencing factors.
We introduce a graph-theoretical algorithmic procedure that
successfully resolves this issue. Dimensionality reduction cou-
pled with a modern, efficient and progressively-executable
clustering routine proved to achieve higher performance stan-
dards than popular spike sorting methods. Our method is
validated extensively using simulated data for different levels
of SNR.

Keywords— Spike sorting, dominant sets, graph-theoretic
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1. INTRODUCTION

The basis of every spike sorting algorithm is the assump-
tion that all the action potential traces of a particular neuron
have nearly the same amplitude and shape. In extracellular
recordings, the shapes of recorded spike waveforms mainly
depend on neuron’s geometry as well as its distance to the
recording electrode. The goal of a spike sorting routine is to
process and analyze the usually composite recorded signals
in order to identify the number of active neurons and extract
detailed time courses of their spiking activity. Related algo-
rithms constitute the core methodological component in
various situations ranging from traditional neurophysiologi-
cal experiments and clinical/neuroscience studies to cortex-
machine interfaces.

The battery of available spike sorting routines includes
mainly automated techniques that analyze the recorded
signals by means of their waveforms. At the initial stage,
various linear techniques like Principal Component Analy-
sis (PCA) and wavelets are used in order to reduce the di-
mensionality of the input data and enhance the signal con-
tent in the attempted representation. PCA-based projection
is often restrained within the subspace spanned by the first
two or three principal components, although the employ-
ment of more components has recently been reported to
carry useful complementary information [1]. Alternatively,
the wavelet transform is used for the decomposition of spike
waveforms [2], featuring improved discrimination of local-

ized shape divergences. In both the above approaches, the
representation scheme serves as a preprocessing for a clus-
tering framework that would take over the detection of
distinct signal sources (i.e. active neurons) and the isolation
of the corresponding spiking contributions.

Regarding clustering, Bayesian [3] and Expectation
Maximization [4] methods have been proposed for spike
sorting. Assuming a stationary Gaussian profile for the
background noise, both methods consider Gaussian proper-
ties for the potential clusters residing in the PCA representa-
tion subspace. However, in the general form, background
noise in neural recordings is non-stationary, non-Gaussian
and carries a complex correlated profile with higher power
in low frequencies. Synaptic coupling among neurons, su-
perimposed field potentials and bursting neurons are some
of the reasons that would make a non-Gaussian cluster pro-
file more plausible. To avoid Gaussian considerations, clus-
tering approaches featuring hierarchical [5] and nearest-
neighbors [2] algorithms have also appeared. The later em-
ploys a stochastic algorithm, known as super-paramagnetic
clustering (SPC), which makes no prior assumptions for the
statistical properties of the data.

There are two important parameters when one evaluates a
spike sorting classification process: the number of clusters
(i.e. active neurons) being decided by the process and the
number of spikes assigned in each cluster. Both are well
incorporated by Type I / II errors [4] in the spike sorting
domain. Type I (false positive (FP)) / II (false negative
(FN)) errors derive from the traditional classification
schemes and conceptualize misclassification. For example,
the identification of less neurons than expected (under-
clustering) leads to high false positive errors, while the
opposite case (over-clustering) results in a large amount of
false negatives. Although a correct estimation of the number
of clusters would limit both errors in cluster-delineation, the
identification of actual number of active neurons is still an
open issue. Even popular methods (like SPC) do not incor-
porate a sufficient treatment of this issue, leading to inap-
propriate results [6]. It is worth noting that, in laboratory
practice, over-clustering is most often addressed in a less
time-consuming way than under-clustering. In a previous
work [1] we have stressed the importance of the previous
fact and proposed a new cluster error definition that favors
over-clustering over under-clustering errors.

P.D. Bamidis and N. Pallikarakis (Eds.): MEDICON 2010, IFMBE Proceedings 29, pp. 5[8.]2010.

www.springerlink.com



There are two main reasons why the identification of
neurons’ number is still an open issue. The first relates to
the adopted clustering techniques, which require the a priori
definition of number of groups. The second relates to the
low SNR of the signals and the subsequent poor representa-
tion (in the original or reduced space) of the waveforms.

In this work, we propose a sequential, subtractive cluster-
ing algorithm which is based on graph theoretic ideas and in
particular the notion of dominant set [7]. The algorithm
works in an iterative fashion by operating on a neighbor-
hood graph. It identifies the core of the graph, using replica-
tor dynamics formulation, and then removes it from the
graph and feeds back the remaining graph. The procedure
terminates when all the data have been assigned to distinct
groups or no more compact group can be formed any fur-
ther. The suggested algorithm is engaged to work within a
representation space which is derived via a fully compatible
dimensionality reduction technique, namely Isometric fea-
ture mapping (ISOMAP) [8]. ISOMAP is known to reveal
the intrinsic data variation and is therefore expected to be
insensitive to random variations due to noise. Hence, the
resulting low-dimensional parameterization of the wave-
form variation is expected to enhance the clustering per-
formance.

Section II describes the proposed methodology. Section
IIT presents the comparative evaluation of our spike sorting
technique in relation with a popular alternative [2], using
simulated data. Section IV concludes the paper.

1. METHOD

A. Low-dimensional Representation

The segments, extracted from the time-series of extracel-
lular recordings via a root-mean-square threshold detector,
are considered as the first raw representation of spiking
activity. The ensemble of these loosely aligned spike-
waveforms can be thought as a point-swarm residing in a
multidimensional feature space with axes corresponding to
signal amplitudes at particular latencies. Following the
standard convention, the ith spike waveform is depicted as x;
), t=1,2,...,T, i=1,2,...,N ( with ¢ denoting discrete time or
latency) and represented via the row-vector x; = [x; (1), X;
2),..., xi(t),...., x; (D] € R". Similarly the whole ensemble
is represented in a data-matrix format as X ez = [X1 | X2
| Xj | XN].

Most often an enhanced representation is sought by em-
ploying a dimensionality reduction technique (denoising
step). Here, we employ ISOMAP embedding in order to
achieve a parsimonious representation, in which the true
degrees of freedom can be easily recognized and directly
associated with involved neurons.
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The algorithmic details of ISOMAP technique can be
found elsewhere [9]. It starts by building a neighborhood
graph over the data-points in the original feature space. This
graph is then used to compute all the geodesic inter-point
distances. Multidimensional scaling is finally employed to
derive a reduced coordinate space where these distances are
preserved and therefore the intrinsic geometry of the data is
faithfully represented. In our case, the ISOMAP-routine
provides a geometrical picture, within an »-D space, of the
spike-waveforms variation.

Y[N“]:[y1|y2|...yi|...yN]=ISOMAP(X,r) (D),

where y; = [yi (1), yi 2),..., yi ©) ] ER".

The derived point-swarm (for a 2-d example, see Figure
1b) is accompanied with the residual variance, which is a
performance index ranging from 0% to 100% and indicating
the reliability of the mapping (for an example, see Figure
Ic). The optimal dimensionality 7, can be sought (as a com-
promise between accuracy and compression) by computing
multiple maps with increasing » (r € [1,10]), drawing the
diagram of residual variance as a function of r and applying
the ‘elbow rule’.

B. Identifying neurons and classifying the data

A recently introduced graph-theoretic algorithm [7] was
employed for identifying the most-cohesive groups of verti-
ces given the weighted similarity (adjacency) matrix of a
graph. The algorithm is based on the identification of the
dominant set of nodes and when repeatedly applied facili-
tates the effective clustering, in a sequential mode, of pair-
wise relational data. As stated in [7], the main property of a
dominant set is that the overall similarity among internal
nodes is higher than that between external and internal
nodes, and this fact is the motivation of considering a domi-
nant set as a cluster of nodes.

One of its main characteristics is the compact, elegant
formulation. In our case, ISOMAP-representation points (¥)
are used to build an undirected edge-weighted graph with
no self-loops G=(V, E, w), where V' = {1,..., N} is the ver-
tex set, £ C V x V is the edge set and w : E — R, is the
positive weight function. Vertices represent data points,
edges correspond to neighborhood relationships and edge-
weights reflect similarity between pairs of linked vertices.

In a preprocessing step, Euclidean distances d;; are trans-
formed to similarity weights, which increase with decreas-
ing distances. For this transformation, we use the following
form:

w(i,j) =exp (-dj/ o) 2),

where ¢ is a real positive number estimated as 3 times the
average of the mean distance of all d;. Consequently, we
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represent the N-node graph G (V, E, w) with the correspond-
ing similarity matrix A, with i representing the i-th data
point and the weight of edge (i, j) being set to w(ij): A
=(ay) where a;; = w(i, j) if (i, j) €E and a; = 0 otherwise.

As pointed in [7], the cohesiveness of a cluster is meas-
ured by the overall similarity of a dominant set; that is, a
good cluster contains elements that have large values con-
necting one another in the similarity matrix. Hence, the
problem of finding a compact cluster is formulated as the
problem of finding a vector x that maximizes the following
objective function:

f(x)=x"Ax 3,

subject to x € A, where A={xER":x =0 and e'x = 1}.

Thus, a maximally cohesive cluster denotes the most
dominant solution set that is iteratively subtracted from the
N-node graph (G). At the end of the iterations, where all the
data have been classified, the overall cohesiveness f{x) of
each step is exploited for the decision about the actual num-
ber of active neurons (for an example, see Figure 1d).

1. RESuLTs

For the detailed evaluation of our method, we generated

a b

spike waveforms representing neural activity from three
separate neurons. Aiming at realistic simulations, we util-
ized real action potentials from respiratory motoneurons
which had been recorded in vitro with a single “hook” elec-
trode from the peripheral nervous system of the beetle
Tenebrio molitor [10]. Three such action potential wave-
forms served as the initial templates. These waveforms were
recorded extracellularly with a sampling frequency of 30
kHz and time duration of 4 ms (120 samples). The tem-
plates were replicated multiple times and added to segments
of background noise extracted from the same recording
(randomly extracted from latencies during which the spike-
detector was silent). In order to pursue evaluation results
under different SNR-levels, each extract of real background
noise was modulated by a variable, positive amplitude fac-
tor ¢. The SNR of the resulting waveform (template plus
noise segment) was then defined as follows:

RMS(template waveform)
SNR = “
¢ - RMS(random noise extract)

Three hundreds (300) waveforms per template were
generated yielding 900 single spikes corresponding to the
three neural classes of our data set. In addition, paired com-
binations among the three templates were realized by first
inducing variable delays and then adding noise segments
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Figure 1: a) The overall simulated data set; The SNR is 5 for all waveforms. b) 2-D ISOMAP representation of the data set. ¢) Residual variance dia-
gram of ISOMAP. The optimal dimensionality (r,=4) is selected using the e/bow rule. d) Group-cohesiveness values, iteratively computed for each sub-
tracted cluster. e) Classification results visualized within 2-D ISOMAP space. Colors indicate classes, while unclassified data are left black. f) Classifica-
tion results presented in the original data domain using the corresponding colors.
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using amplitude factors so as to achieve a given SNR-level.
In this way 150 waveforms of double-overlaps were gener-
ated; 50 for each template pair. Finally, 50 more waveforms
were added corresponding to triple overlaps with their SNR-
level adjusted accordingly. The complete data set of 1100
waveforms is shown in Figure 1a.

The 2-D ISOMAP representation of this dataset is
shown in Figure 1b. Considering the high density areas of
this point-diagram, there are apparently three clusters
(pointing at the existence of three active neurons). The re-
sidual variance graph, which is a supplementary output of
the ISOMAP routine, is included in Fig.1c and clearly des-
ignates the first four dimensions as necessary for the faithful
low-dimensional representation of the data. Hence, the first
four ISOMAP coordinates were used to represent each spike
waveforms and dominant-set clustering was applied to the
new data matrix Y[iio0 x 4 The overall cohesiveness for
every cluster subtracted by the iterative process is shown in
Figure 1d. The high ranking of the first three groups denotes
the presence of three active neurons in the data. The straight
line in the figure depicts the cluster quality for the whole
graph taken as single component. For the selected groups,
the classification algorithm assigns their waveforms to the
corresponding classes, while the rest were left unclassified.
This data-sieving procedure step is visualized in ISOMAP
space (Figure le) and in the original data domain (Figure
1f) using a three-level color-code.

Type I/II errors were used for the performance evalua-
tion. The total number of FP and FN is referred to the iden-
tified classes. The adopted error-rate accounts for the total
number of false positive and false negative spikes:

>i (Fpi + Fni)

Total # of participating waveforms
with i running over the number of single-spike classes (i.e.
the number of identified neurons). For comparison pur-
poses, the measurements corresponding to Waveclus [2] are
also included. Both Waveclus and our proposed methodol-
ogy classified the spikes of the data set into three main
classes and an additional noise class. The results of this
classification are shown in Figure 2, using 10 different
realizations of the dataset. Averaged values for the error-
rates and the FP-FN errors are shown as a function of SNR
level. It can be seen that our proposed algorithm achieves
the lowest error rate which is lower than 1% when the SNR
is higher than 4.

Error_rate = -100% )

CONCLUSIONS

The present work introduces a graph-theoretical ap-
proach to spike sorting; it iteratively pursuits a dominant set
in the graph (the most dominant in each iteration) and then
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performance evaluation
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Figure 2: Average error rates for our method and Waveclus.

removes it, until all the data have been clustered. The effi-
ciency of the proposed clustering method has been com-
bined with the robustness of ISOMAP representation. The
hybrid scheme has been extensively evaluated. The results
indicate high robustness to noise and a measured perform-
ance that goes beyond the contemporary standards.
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