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Abstract

One step in the conventional analysis of extracellularly recorded neuronal data is spike sorting, which separates electrical signal into
action potentials from different neurons. Because spike sorting involves human judgment, it can be subjective and time intensive, particularly
for large sets of neurons. Here we propose a simple, automated way to construct alternative representations of neuronal activity, called
spectral representation (SR). In this approach, neuronal spikes are mapped to a discrete space of spike waveform features and time. Spectre
representation enables us to find single-unit stimulus-related changes in neuronal activity without spike sorting. We tested the ability of
this method to predict stimuli using both simulated data and experimental data from an auditory mapping study in anesthetized marmoset
monkeys. We find that our approach produces more accurate classification of stimuli than spike-sorted data for both simulated and experimental
conditions. Furthermore, this method lends itself to automated analysis of extracellularly recorded neuronal ensembles. Additionally, we
suggest ways in which these representations can be readily extended to assist in spike sorting and the evaluation of single-neuron peri-stimulus
time histograms.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction spike sorting is heavily operator dependent and consequently
subjective and time consuming. Spike sorting can be espe-
Spike sorting, an important step in the analysis of extra- cially difficult when the signal to noise ratio is low or when
cellularly recorded neuronal data, relies on proper assign-there are non-stationarities within the neuronal signal, such
ment of spikes to neurons in order to draw inferences from as variations in background neuronal activity. Furthermore,
neuronal recordings. Many methods have been proposed fotthe error rate of spike sorting usually exceeds 20%6dd
spike sorting (for review see Rafewicki, 1998 selected re- et al., 2003; Harris et al., 20D0Additionally, as ensemble
cently proposed methodSee et al., 1996; Sahanietal., 1998; recordings gain in popularity, spike sorting becomes a lim-
Garcia et al., 1998; Hulata et al., 2002; Kim and Kim, 2000; iting step in the analysis of neuronal data, particularly when
Letelier and Weber, 2000; Zouridakis and Tam, 2000; Pouzat several hundred neurons are recorded in a single experiment
et al., 2002; Shoham et al., 2003ypically, the researcher  (Nicolelis et al., 2003
labels the waveforms as belonging to one or another neuron Here, we propose a new method for the analysis of extra-
based on the spike waveforms. The selection of criteria for cellularly recorded neuronal ensemble data, which does not
require traditional spike sorting. In this method, we construct
mpondmg author. Tel.: +1 973 353 1080x3137: djscrete spectral representation (SR) of neu.rpnal signals in
fax: +1 973 353 1272, time-feature space and apply pattern recognition methods to
E-mail addressLuczak@cs.yale.edu (A. Luczak). determine task or stimulus-related changes in SR. This repre-
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sentation is analogous to spectrograms of sound, where one- " Extracellar signal C Spikes waveforms
dimensional sound waveform is mapped to time—frequency _ _
(sound waveform features) space. This method is intended K {\ F
to facilitate prediction of stimuli from neuronal responses by § WJ‘ g /
identifying stimulus-related changesin the time course of fea- s e § / !
tures of neuronal activity without assigning these features to A \ <1
distinct neurons (i.e. stimulus prediction without spike sort- !f i Time ‘\\\ ‘x \ Time
ing). Itis similar to detecting differences between two pieces B \ Speatral representation I \ D\ \pcs
of music by comparing sound spectrograms without assign- 0‘33%30 I T b
ing sound frequencies to distinct music notes (analogy to So B3 ea es / ;’ 5;‘_"" * %
spike sorting). Importantly, in this method information about il I 03 1:0.6 1403/ ) E
neurons’ identities is not lost, as in the case of the analysis of ' T zgzg gg vé i o
multi-unit activity. When it is of interest to use spike-sorted 8° 03 031 06 1403 PC2-~
signals, the SR can also be applied to assist in analyzing the ~ &~ ”'013 L o
remaining multi-unit activity signal. ' i T e

We apply the SR method to simulated data and demon- Time

strate the advantage of this method over standard spike sort-

ina analvsis when neurons with verv similar waveforms could Fig. 1. Creating spectral representations (SR) of neuronal signals. (A) Ex-
g Yy y tracellular signal with examples of spikes from the two neurons shown in

not be correctly clustered. We then apply the SR mMethod panel c. (B) Spectral representation of neuronal signal from panel A. Every

to extracellularly recorded neuronal data from auditory cor- detected spike is represented by a few ‘ones’ in the SR array where rows cor-

tex in anesthetized marmoset monkeys. We demonstrate thatespond to discretised values of PCs and columns correspond to discretised

the SR approach produces accurate classification of acoustidalues of peri-stimulus time (fra_ctlpns arpund ‘ones’ illustrate s_moothlng of

stimuli presented to the monkev on sinale trial basis. Finall SR array). (C) Example of two distinct spike waveforms. (D) Using PCA, the

P L y g o _y’ above spike waveforms can be expressed in terms of their first two principal

we demopstrat_e a}ppllcat|9ns of_ the SR approach in creatingcomponents scores (PC1 and PC2).

single-unit peri-stimulus time histograms, and for ‘spectral

spike sorting’, or the identification of activity related to indi- with a smoothing kerneFig. 1 provides a graphical illus-

vidual neurons. tration of the mapping of neuronal signal (panel A) in an SR
array (panel B). ‘Ones’ ifrig. 1B represents poiqtand frac-
tions around ‘ones’ reflect smoothing. A sample calculation

2. Methods of the mapping is provided in the appendix.
The number of points (i.e. PCs) used to describe spike
2.1. Constructing spectral representations (SR) waveform were determined from magnitudes of eigenvalues,

e.g. from a scree-plot (example of a scree-plot Bigh 4D).

In our method, as in many spike-sporting approaches, Note that the SR array can be readily expanded by adding
spike waveforms are represented by their featurég. (1). rows with values describing a variety of time-varying fea-
However, unlike spike sorting methods, the SR method doestures of stimulus or animals behavior. For instance, an SR
not cluster spike waveforms, which is the most difficult step
in traditional spike sorting. In order to derive spike features A Waveforms in PC
we used principal component analysis (PCA). As a result, Space
spike waveforms were represented by a few numbers de-
scribing different features of spikes. Using these features,
every spike was represented as a poiftlinl dimensional
spacep=(pcy, pc, ..., Pon, t), wherepcy, . . ., pay are the ‘
PC scores of a spike waveforid,is a number of PCs, and PCT
t is peri-stimulus time of spike. This is equivalent to rep- B Distribution
resenting a spike b points inN two-dimensional spaces: A~/ B
p1 = (pcL, 1), p2=(pC2, 1), .. ., pn = (PON, ). The span of values RN
of pcy, . . ., poy can be binned iM intervals and mapped (by
scallng and _trans_latlon) ol mteger_s O_n interval _1'M' T'me Fig. 2. (A) Representation of simulated spikes in principal component co-
was binned intdC intervals. After binning, two-dimensional  ordinates (PC1-PC2). Units A and B are denoted by bold and light points,
spaces were replaced by two-dimensional arraysMitows respectively. Both units have normal distributions of waveforms features in
andC columns. All arrays were concatenated to form one principal component space. The distributions of unit features are highly over-
two-dimensional SR array witN x M rows andC columns. lapping, and therefore difficult to sort. (B) Histogramiillustrating distribution

In the SR ik tedl , of points along PC1 coordinate. Note that maximal number of points is in
nthe array every spike was represente bynes cor- the middle between centers of the clusters, causing failukeneéans clus-

responding _tO .pOiljltSpl, P2, ... PN. In order to improve tering. Dashed lines: simulated distributions of unit A and B and solid line:
estimated distribution of spikes, the SR array was convolved cumulative distribution (C) Distribution of points along PC2 coordinate.

(@)

PC2
Distribution
PC2

PC1



A. Luczak, N.S. Narayanan / Journal of Neuroscience Methods 144 (2005) 53—-61

Extracellular signal Spectral representation

Stimulus 1

Stimulus 1
neuron A neuron B

>

A

Stimulus 2

neuron B neuron A
1€uro
~—

B

<

Multi-unit
activity

L]

g rate

firin

o

50 100 150
Time (ms)

50 100 150 0

Time (ms)

Fig. 3. lllustration of stimulus discrimination with SR for simulated data.
Panels A and B show simulated neuronal responses to the stimuli. When
stimulus 1 is presented (A), the first unit is active between 0 and 100 ms

and the second unit between 50 and 150 ms. For stimulus 2 (B) is the Oppo'cﬁctive the second PC has values around zero (middle part). The difference

site response: the first unit is active between 50 and 150 ms and the secon
between 0 and 100 ms. (The spikes amplitude of neuron A is enlarged for vi-
sualization of differences between units). (C) For both stimuli the multi-unit
activity is exactly the same. Both units have very similar spike waveforms
(as shown irFig. 2A) making spike sorting practically is difficult. (D and

E) SRs of neuronal responses to 40 repetitions of the stimuli. (F) Difference

between SRs from panel D and panel E indicates that parts of the SR array,

that can be used for stimulus discrimination. For illustration purposes, bold

points denote neuronal responses to stimulus 1 and light points denote re-,

sponse to stimulus 2. Note, that in this example, where correct spike sorting
in principal component coordinates is impossible and multi-unit activity does

not change with stimulus type, standard neuronal data analysis approache§

would fail. While with SR, as shown in panel F, stimulus discrimination can
be done automatically and reliably.

array can contain information about neuronal signal and an
additional stimulus-related variable, such as sound direction
in an auditory stimuli discrimination taskczak et al., 2004
describes a similar approach for receptive field mapping).

2.2. Stimulus-discrimination based on SR of neuronal
signals

For single-trial discrimination of stimuli we constructed
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Fig. 4. Estimating single-unit activity from SR and applications of SR for
spike sorting. (A) Spectral representation of activity of units A and B. In
this representation it becomes evident that we have two units (not visible in
Fig. 2A). The firstunitis active between 0 and 100 ms, the second between 50
and 150 ms. Thisinformation can be retrieved automatically by decomposing
SRwithe.g. PCA. (B) Thefirst PC of SR arraef, solid line) is equivalent to
multi-unit activity. The second PC of SR arrgyc{, dashed line) represents
difference between units activity. Therefore, when both units are equally

etween the second PC of SR and the first PC of SR approximates single-
unit PSTH pc; + pc; =PSTH of unit 1, angbc; —pc; = PSTH of unit 2). (C)
PCA ofthe transposed SR array. The first BG ) represents distributions of
values in SR (equivalent to distributions frdfig. 2B and C). The second PC
represents difference in distributions between units. The points at which
is changing sign correspond to borders between clusters of spike features,
and extremes opc, correspond to clusters centers. Those points can be
mapped back to panel A ifig. 2 for spike sorting purpose (spectral spike
sorting). Using SR we can take advantage of difference in tuning properties
of neurons to improve spike sorting. (D) Scree-plot illustrating percent of
variability captured by PCs in SR array. From the number of PCs necessary
0 describe variability in SR, number of recorded units can be estimated. In
this case only the first two eigenvalues have values significantly above zero,
thus number of simulated units is estimated correctly.

2.3. Estimating firing patterns of single-units without
spike sorting

The SR array encodes information about spike times as
well as spike features. Therefore, it is possible to evaluate
the activity of a neuron with specific spike features directly
from the SR array. For example, PCA analysis of the
SR array results in principal components, which describe
changes in the temporal structure of SR. The first PC of

SR arrays from neuronal data. The partial least squares (PLS}the SR array describes mean neuronal activity (equivalent
method was used to determine stimulus-relevant features into multi-unit PSTH). The second PC describes the largest
SR. PLS is a similar method to PCA. The difference between variability in SR after subtracting the mean activity from SR
the two is that PCA finds directions of greatest variability array. Thus, the second PC can be interpreted as the activity
in data; whereas, PLS finds directions of greatest variability of the neuron with the highest firing rate subtracted from
correlated with stimulus. Alternative methods, e.g. wavelet- the activity of other neurons. The subsequent PCs can be
based discriminate pursuit also can be udedckheit and interpreted analogously as neural activity with subsequent
Donoho, 1995; Laubach, 20pMNote that the feature selec- firing rate subtracted from the activity of neurons not
tion step also serves as a denoising procedure. After fea-accounted by previous PCs. In other words, PCA evaluates
ture selection, linear discriminate analysis (LDA) was used differences between neurons activifyiq. 4B). In order to

to determine the stimulus type. Leave-one-out cross valida- approximate single units PSTHs, independent component
tion was used in feature selection and classification. We usedanalysis (ICA) or factor analysis (FA) can be used instead of
these analysis techniques on a sample simulation to illustratePCA. Unfortunately, when using ICA or FA it is difficult to
stimulus discrimination (see Secti@h achieve a stable solution for high dimensional data.
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2.4. Spectral spike sorting All procedures were approved by the IACUC at Vanderbilt
University. Neural recordings were obtained in two anes-
In previous section we were interested in changes in neu-thetized (ketamine hydrochloride, 10 mg/kg and xylazine,
ronal activity along the time axis. For assigning features to 2mg/kg; 1.M.) marmoset monkeysCAéllithrix jacchus
individual neurons, the problem is ‘transposed’. We are in- jacchud using standard neurophysiological methods. A
terested in finding distinct distributions along the spike fea- multi-channel recording system (four-channel Bioamp
tures axis. One approach is to apply PCA to the transposedand Brainware software) from Tucker—Davis Technologies
SR array (see example Fig. 4C). The first PC describes (Gainesville, FL) was used. Electrodes were made of
the mean distribution of features. For easily separable spikeParylene C or Polyimide-coated tungsten, wepm8at the
waveforms, the first PC would have distinct maxima. The sub- tip, and had impedances of 1®at 1 kHz. Neuronal spike
sequent PCs describe temporal changes in the distribution oftrains were recorded simultaneously from four electrodes
spike features. Thus, it is possible to distinguish among neu-located in the primary and caudal-medial auditory cortex
rons with similar spike waveforms, but with different tuning (Hackett et al., 20011 Data were collected from seventeen
properties. The parts of the SR array that correspond to theseparate penetrations. The recordings consisted of clearly
same sign of the PC are positively correlated. Therefore, theresolved single units and multiple unit clusters containing
point at which the PC is changing its sign can be regarded spikes from several neurons that could not be resolved
as the demarcation line between waveform clustéfsigs, using standard methods for spike sorting (i.e. thresholding
1999. and PCA). For the analysis, signals from twenty electrodes
Peri-stimulus time can provide substantial information for locations with twenty-three resolved units were chosen.
spike sorting when neurons have similar spike waveforms but
different tuning properties or respond with different time de- 2.7. Acoustic stimuli
lay after a stimulus (a similar idea was used to identify motor
unit action potentials irSchalk et al., 2002 Because the Experiments were conducted by Troy A. Hackett and
SR array provides information about peri-stimulus time and Yoshinao Kajikawa in a sound-isolating chamber (Industrial
waveforms, the SR array is more advantageous for assigningAcoustics Corp., NY) located within the auditory research
features to individual neurons than classical approaches. laboratory at Vanderbilt. Auditory stimuli were presented us-
In order to validate spectral assignment of features to in- ing Tucker—Davis Technologies (Gainesville, FL) System I
dividual neurons, this method was tested on artificial and real hardware and software. Stimuli were calibrated using 4 1/4

data as described in Secti8n microphone (ACO Pacific, CA) and Tucker—Davis calibra-
tion software (SigCal). In this study, we analyzed responses
2.5. Simulated data to two frequency sweeps: 2—10 kHz and 6—20 kHz with dura-

tion 30 ms and 50 ms, respectively. The stimuli were 3.5s

In order to demonstrate and validate the use of SR, artifi- long and consisted of four repetitions of the same sweep
cial data were created. We simulated two neurons (denotedwith 1s interval between sweeps. Each of the stimuli was
by A and B) with similar extracellular spike waveforms but presented ten times. The RMS amplitude of the sweeps was
with distinct firing patterns. The spike waveform features had adjusted to 60dB SPL.
normal distribution with unit variance in PCA feature space
(Fig. 2. Every spike waveform was described by two prin-
cipal components. Thus, each spike was represented by twd. Results
points in the SR arrayHig. 3D and E). The maximal density
of spikes was formed in the middle point between the centers3.1. Simulations
of distributions Fig. 2B and C, solid line).

We simulated neuronal responses to two stimuli. In re- 3.1.1. Stimulus discrimination
sponse to Stimulus 1, neuron A was active between 0 and  Stimulus discrimination with the SR method using simu-
100 ms and neuron B between 50 and 150kig. 3A). Stim- lated data is illustrated iRig. 3. For Stimulus 1Fig. 3A and
ulus 2 had the opposite response: neuron A was active be-D) and Stimulus 2Kig. 3B and E) the neurons had the op-
tween 50 and 150 ms and neuron B was active between 0 angosite response&ig. 3A and D). For both stimuli multi-unit
100 ms Fig. 3A). For both stimuli the multi-unit activity was  activity was exactly the samé&ig. 3C). The difference be-
exactly the sameHjg. 3C). For each stimulus 40 trials were tween SRs for both stimulFig. 3F) indicates parts of the SR
simulated with twenty spikes per trial (ten spikes per each array, which can be used for stimulus discrimination. Those

neuron). stimulus-related changes in SR were identified automatically
with PLS and LDA was used for single trial predictions. Ac-
2.6. Electrophysiology curacy of stimulus classification was 92% for SR. Note, that

in this example, reliable spike sorting is difficult (see Section
Neuronal data were kindly provided by Drs. Troy A. 3.1.3 and standard neuronal data analysis approaches per-
Hackett and Yoshinao Kajikawa from Vanderbilt University. form poorly. For instance, usirigmean clustering for spike
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sorting, resulting in assignment of the center of the first clus-
terinthe middle point between the actual centers of simulated
distributions. Classification accuracy for multi-unit activity
was at the chance level (50%), because multi-unit activity
does not change with stimulus type.

3.1.2. Estimating firing patterns

Using the SR approach, we were able to approximate sin-
gle unit PSTHSs directly by decomposing the SR array with
PCA. Note that no explicit spike sorting is required to ap-
proximate the PSTH from the SR array. The SR array had
C=100 columns representing time intervals, andN x M
rows, whereN=2 is the number of PCs used to describe
spike waveforms, ant1=100 is the number of PC inter-
vals (bins). Thus, the PCA of an SR array can be interpreted
as an analysis of the array containiNg< M signals, each
C-dimensional.

The first PCpc;) of the SR array describes mean neuronal
activity (multi-unit PSTH§Fig. 4B, solid line). The second PC
(pc2) describes the difference between the activity of neuron
Aand neuron B (PSTH of neuron Aminus PSTH of neuron B;
Fig. 4B, dashed line). The positive partpf, corresponds to
period 0-50 ms when the first unit is active alone. The middle
part ofpc; (50-100 ms) has values around zero, correspond-
ing to the equal activity of both units. The third partpb
(100-150 ms) is negative, reflecting the activity of the second
neuron alone.

Note that with proper scalingc; + pc; = PSTH of neuron
A, andpc;—pc; = PSTH of neuron B.

3.1.3. Spectral spike sorting

In simulations where distributions of spike-features over-
lapped by 45%, reliable spike sorting is difficult. The maxi-
mal density of spikes is formed in the middle point between
the centers of distribution&ig. 2B and C, solid line). For that
reasonk-mean clustering, commonly used for spike sorting,
fails by definition. The gaussian mixture model also incor-
rectly located the center of the first cluster in the middle point
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Fig. 5. Stimulus discrimination with SR using data recorded from marmoset
monkey. (A) Percentage of correct stimulus classifications from SR approach
vs. using spike-sorted data. (B) The SR of representative neuronal responses
to two frequency sweeps (2—10 kHz, upper panel; 6—20 kHz, lower panel).
(C) The difference between SRs of neuronal responses to two frequency
sweeps (only part of SR array corresponding to 0—40 ms after stimulus onset
is shown). The positive peak followed by trough corresponds to longer re-
sponse time to 6—-20 kHz sweeps. The largest modulations in the lower part
of the SR tell us that the neuron with spikes described by low values of PC1,
is the most discriminative for presented sweeps. This illustrates extraction
of information about tuning properties of a single-neuron from SR array,
without using spike sorting.

ulated neuronal features is at (PC1: 0.5 and PC2: 0.5). These
results demonstrate that by PCA decomposition of the SR ar-
ray we could find borders between units in PC-coordinates.
Moreover, the position of extremes p, (minima at PC1:
—0.25, PC2:—0.34 and maxima at PC1: 1.33, PC2: 1.46)
approximates the centers of clusters. The actual centers of
the simulated distributions were located at (0 0) and (1 1), re-

between the actual centers of distributions (in the same placespectively (S.D. = 1 for both distributions). In this simulation,

ask-mean clustering).

In our approach, in order to assign features to individual
neurons, we found clusters of spike features by applying PCA
to the transposed SR arralyig. 4C). The first PC [fc1) of
the transposed SR arralyif. 4C, solid line) describes mean
distribution of spikes features in SR (distributiongoof val-
ues is equivalent to histogramshig. 2B and C). The second
PC (pc) reflects differences in distributions between units
(Fig. 4C, dashed line).

As previously described, the SR array extends the stan-
dard representation of spikes waveforms in PC-coordinate to

because 45% of distributions overlap, points of the highest
variability between units were not exactly in the centers of the
clusters. Therefore, the location jpd, extremes was shifted
toward the side of the distribution comparing to location of
the actual clusters centers.

The number of recorded neurons can be estimated from
the number of principal components necessary to describe
the variability present in the SR array, because every unit
contributes a unique variability, which can be described by
a single PCFig. 4D presents the percentage of variabil-
ity captured by consecutive PCs. The first two PCs de-

the time domain. Hence, differences between units describedscribe 91% of variability. Eigenvalues of subsequent PCs
by pc; can be mapped back to standard PC-coordinates (anare close to zero, thus indicating that only two units are

example of such mapping is illustrated Big. 7A, B and C).
In Fig. 4, the point at whiclpc, changes sign (PC1: 0.51 and

presentin the SR, and that is the correct number of simulated
neurons.

PC2: 0.48) accurately estimates the borders between the ac- The Matlab code to reproduce the simulations is available

tivity of distinct neurons. The optimal boundary between sim-

upon request
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"«, ¢ "‘A“W Fig. 7. (A) Recorded spikes in PC1-PC2 coordinates (white rectangles in-
0 400 dicate centers of distributions of two resolved units). (B and C) The PCs of
Time (ms) transposed SR array (adaptationFa. 6C). The position of extremes of

pc; estimates the centers of spike features distributions for single units. The
Fig. 6. (A) The SR of neuronal responses to 2 kHz frequency sweeps. (B) extremes ofpc; can be mapped to PC1-PC2 coordinates to approximate
The first PC of the SR array describes the mean neurons activity (solid centers of spike clusters (dashed lines). The same sign of extremes corre-
line). The second PC (dashed line) describes the difference between the unispond to the same unit (the same sign of extremes correspond to the spikes
with the highest activity and the activity of other units. (C) The PCA of features which are correlated in time).
the transposed SR array enables identification of spike features of detected

units. The first PC of transposed SR array describes the mean distributionof a single-neuron from the SR array without using traditional
of spikes features (solid line). The second PC describes dominant temporalspike sorting methods.
changes in the distribution of spikes features (dashed line).

3.2.2. Estimation of neuronal activity from SR
As previously presented in Secti@nl.2 the first PC of

the SR array describes the mean neuronal activity (multi-unit
PSTH;Fig. 6B, solid line). The second PC describes the dif-
ference between the unit with the highest activity and activity
of other units (PSTH of unit A minus PSTH of other units;
Fig. 6B, dashed line). From the distribution of eigenvalues of
the SR array we estimated that most of the signal came from
two units only (the first two eigenvalues accounted for 71%
of variability and they had considerably higher values from
She rest).

3.2. Spectral analysis of auditory neurons from
marmoset monkey

In this study, we analyzed neuronal responses to two
frequency sweeps starting at 2 kHz and 6 kHz, respectively
recorded from the auditory cortex of marmoset monkeys. The
spike waveforms were analyzed with PCA. Based upon the
analysis of eigenvalues, only the first two principal compo-
nents were used to represent spikes. We used 1 ms time bin
Additionally, 5ms and 10 ms time bins were used to confirm
presented results (data not showrig. 6 shows the SR of
neuronal responses to 42 kHz sweep (10 presentations of
sweeps series).

43.2.3. Spectral spike sorting
The PCA of the transposed SR array enabled identifica-

tion of spikes features of individual neurons (analogous to
spike sorting). The first P(p€;) of the transposed SR array
3.2.1. Stimulus discrimination describes the mean distribution of spike featurg.(6C,
Using PLS for feature selection in SR, and LDA for dis- solid line). The single maxima qifc; for both parts of SR ar-
crimination, the mean correct classification rate of single trial ray indicate that detected units have similar spike waveforms.
data was 80.1%. For comparison, the classification rate of The second P(p(,) describes dominant temporal changesin
spike-sorted signals was 73.6%id. 5A). The SR approach  distribution of spike features. Thysg, detects neurons with
achieved a significantly higher prediction rate for presented different temporal firing patterns. The positive and negative
acoustic stimuli (pairetitest,t=0.012,P<0.05). parts ofpc, correspond to spike features of different neurons
An example of the SR of neuronal responses to frequency (Fig. 6C, dashed line). The positions of extremepaof esti-
sweeps is illustrated iRig. 5B. The difference between the mate the centers of spike features distributions for single unit
SR arrays representing both stimuli is showfig. 5C (only (Fig. 7A). The extremes opc; can be mapped to this rep-
part of SR array corresponding to PC-1 and 0—40 ms afterresentation in order to approximate centers of spike clusters
stimulus onset is shown). The positive peak followed by the (white rectangles ifrig. 7A). The same sign of extremes cor-
negative part corresponds to the longer response time to 6 kHzesponds to the same unit (or more precisely, the same sign
sweeps. The largest modulations in the lower part of the SR of extremes corresponds to the spikes features which are cor-
indicate that the neuron with spikes described by low values related in time). The PCs in panels B and G-ig. 7 are the
of PC-1is the most discriminative for presented sweeps. This same as the PCs froRig. 6C. The PSTHs of both units for
illustrates extraction of information about tuning properties 2 kHz sweep is presented fig. 8A.
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A information from units that are not resolved with spike sort-
8 /E/U“i” ing. Units with spike waveforms with low signal to noise
.§ / unit 2 ratios are usually excluded from standard spike sorting anal-
% \1‘ yses. While excluding those units ensures confidence in the
2 bl results of spike sorting, it reduces the amount of accessible

o

information (e.gWessberg et al., 2006howed that predic-

tion accuracy decreases with the number of neurons excluded
from analysis). With the SR method, all detected neurons are
included. While this increases the available information, it
also contributes noise. However, in SR, noise can be easily
Fig. 8. (A) The PSTHs of two resolved units. (B) The difference between reduced; indeed, assuming thatnoise and false spikes are not
Pg'.I'H-of unit 1 and 2 (solid line), and the seco.nd PC of the SR array (dashed correlated with the stimulus, the feature selecting algorithms

line, for comparison thec; is scaled). The second P@cg) approximates will denoise the S'gnal (e'@onOhO' 199;—1

——pc2

—unit 1 - unit 2

Time (ms)

PSTH of unit 1 minus PSTH of unit 2. Thec, has very similar profile In Section3, we used examples where units had very sim-
comparing to difference of units activity. ilar waveforms and low signal to noise ratios. Using ‘stan-
dards’ for spike sorting, the units in above examples should be
3.2.4. Comparison of powith the difference between analyzed as multi-unit activity. However, discarding informa-
units’ activity tion about neuron identity often results in decreased correct

As stated above, the second PC of the SR array describestimulus discriminations, especially when neurons respond
the difference between the unit with the highest activity and to different aspects of a stimulus (such as in the example
the activity of other units (PSTH of unit A minus PSTH of  with simulated dataReich et al., 2001l With SR all avail-
other units). Therefore, for the signal from two units only, able information is utilized, and that increases capacity of
pc; approximates PSTH of unit A minus the PSTH of unit neuronal signal decoding. In cases where spike-sorted data
B. As stated above, we found that 71% of variability in this is preferred for further analysis, the SR can be applied for
experiment came from two units only. Thus, we can compare analyzing remaining multi-unit activity signal or broadband
pc; with PSTH of unit A minus PSTH of unit BRig. 8B). activity. Furthermore, the SR can be readily expanded to de-
We find thatpc, has a very similar profile to the difference of  scribe features of the local field potential (LFP) and lends
units’ activity. Small discrepancies in the relative amplitude itself to integrated analysis of LFPs and spiking activity.
and position of extremes indicate activity of additional units ~ The SR approach also can be readily used for predicting
not included in this analysis. continuous variables (e.g. monkey hand trajectory). In such
case, neuronal signal preceding movement (in an appropriate
time window) can be mapped to the SR array, and a feature-

4. Discussion selecting algorithm can be applied to find changes in SR that
are correlated with hand position.

In the present study, we constructed spectral represen- Note that the entire neuronal data analysis with SR can
tations of extracellularly recorded neuronal data by a dis- be fully automated. The parameters that were set are easily
crete mapping of values of spike-waveform features to a found automatically (number of PCs to use and bin of PCs).
time-feature space. This SR encoded information ‘when’ and Moreover, we have found that the choice of the threshold for
‘which’ neurons are active without spike sorting while still spike detection is not essential for this method. Overall, the
providing accurate predictive information about a stimuli SR is relatively unaffected by false spikes or background ac-
both in simulated and in real data. Additionally, we were tivity because if the noise is not correlated with the stimulus,
able to estimate single-unit activity and assign spike featuresthen the feature selecting process reduces the noise effec-
to individual neurons based on the principal components of tively. Nevertheless, for spike detection, we found more reli-
the SR array, a technique we call spectral spike sorting. able thresholding on rectified neuronal signal convolved with

Standard methods, which rely on spike sorting, have sev- Gaussian kernel (unpublished data). This operation integrates
eral concerns. First, traditional spike sorting procedures areamplitudes of maximum and minimum of spike waveform,
difficult to automate because an initial human supervised def- resulting in better separation from noise.
inition of spike clusters or algorithm parameters is required.  We stress the importance of fully automated analysis of
FurthermoreWood et al. (2003)eported broad disagreement neuronal data in light of the increasing popularity of ensem-
and high error rates in results of spike sorting performed by ble recordings. These techniques often use hundreds of elec-
experts. In contrast, in the SR method no spike clustering is trodes and require rapid on-line analysis and predictions (e.g.
necessary for detecting changes in single-unit activity, and Nicolelis et al., 2003 In such approaches, human supervised
spike mapping to the SR is precisely defined (see samplespike sorting can be a limiting factor.
mapping inAppendix A). Interestingly, PCAis notthe only valid method for creating

The improved performance of SR analysis on real data and analyzing SR array. Instead of PCA, other dimensional
over traditional methods is the result of utilizing additional reduction methods (i.e. independent components, factor anal-
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ysis or wavelets) could be used to describe spike features. For example: If spike occurs at tintee 21.3 ms and has

Furthermore, other methods for extracting stimulus-related pc; =0.321 angc; = —0.12 (range of PCs:0.5 +0.5), then

features from SR array could be applied. In the presented ex-

ample, we used PLS and LDA because of the speed and sim- 100 x (0.321+ 0.5)

plicity of those methods, but SR also could be analyzed with 1 = round < 05+ 05) > =72

wavelet methodsBuckheit and Donoho, 1995and other ' '

classifiers, such as Learning Vector Quantizatiéahonen,

1990, random forestBreiman, 200Lor support vector ma-  r = round <

chines (e.gCristianini and Shawe-Taylor, 20pto name

just a few methods tested by us. 213
The analysis of data in SR is more memory demanding . — round <_) =11

as compared to standard analysis with spike sorting pre-

processing. Therefore, for some applications, it could be thus, this spike would be represented by two ‘ones’ in SR

necessary to reduce the dimensionality of SR (e.g., waveletarray: SR(72, 11) =1 and SR(138, 11)=1.

compressionCoifman and Wickerhauser, 1992AIso op-

timizing/differentiating bin size of time and PC-coordinates

can reduce substantially the size of SR array. References

=138

100 x (—0.12+ 0.5)
(0.5+ 0.5)+ 100
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