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Abstract— Spike sorting of neural data from single electrode
recordings is a hard problem in machine learning that relies
on significant input by human experts. We approach the task
of learning to detect and classify spike waveforms in additive
noise using two stages of large margin kernel classification
and probability regression. Controlled numerical experiments
using spike and noise data extracted from neural recordings
indicate significant improvements in detection and classification
accuracy over amplitude- and linear template-based spike sorting
techniques.

I. INTRODUCTION

Recordingelectricalactivity from neuronsin the brain has
becomean indispensablgechniquein modern neuroscience
researchTypically, theserecordingsareobtainedby advancing
a metal probethroughneuraltissueuntil a neuronof interest
is located. It is dif cult to position an electrodein sucha
way asto isolatea single neuron,so the actiity recordedis
frequently derived from multiple neural sources.Unlessthe
contrikution of eachsourcecan be separatedrom the others
(andfrom backgroundnoise),the integrity of the experiment
may be compromisedA numberof efforts (reviewed in [1],
[2]) have been directed at this problem of neural source
separation— commonly called “spike sorting” — but none
hasbeencompletelyeffectivein all situationsIn fact,although
new approachesook promising[3]-[6], someof the simplest
measuredhiave beenmost successfu[7].

Spike sorting systemsrely on the fact that the waveforms
(“spikes”) recordedfrom a speci ¢ neuronare functions of
both the intrinsic electrochemicaldynamicsof that neuron
and the position of the electrodewith respectto the neuron.
Furthermore,they assumethat in a noiselesssystem,each
recordedspike from a given neuronover a short period of
time would be nearly identical, although spikes from dif-
ferent neuronscould vary in shape.In reality, though, the
system has mary sourcesof noise — slight perturbations
in electrodeposition, activity of distantcells, ervironmental
factors,etc.— andconsequentlgvery recordedspike appears
different. Moreover, becausethe spectralcontentsof spikes
and noise are similar, mary recordedspikes appearsimilar
to noise, and vice-versa. The ability to distinguish spikes
from noise(“spike detection”),andto distinguishspikesfrom
differentsourceq“spike classi cation”), thereforedependon
both the disparitiesbetweenthe noise-freespikes from each

source (“templates”) and the signal-to-noiselevel (SNR) in
the recording system.An additional factor that we will not
consideras a variablein this paper(but see[3], [8]) is the
overall activity level of the neuronswhich affectsthe number
of coincident(“overlapping”) spikes.

In the following sectionswe describea novel spike sorting
architecturebasedon GiniSVM supportvectormachineclas-
si cation and probability regression[9]. The spike sorteris
evaluatedwith numericalexperimentson spike andnoisedata
extractedfrom neuralrecordingsover a large rangeof signal-
to-noiseratios and templatedisparities,and demonstratesu-
perior performanceo standardemplatematchingtechniques.

Il. METHODS
A. Experimental Methods

Electroplysiologyrecordingsveremadein maleandfemale
rhesusnonkeys (Macaca mulatta), eachweighing4-5 kg, dur
ing a sensoryneuroplysiology experiment.On eachrecording
day, single and multiple units were isolatedin cortical areas
1 and 3b using quartz-coateglatinum/tungster{90/10) elec-
trodes(diametey 80 mm; tip diameter4 mm; andimpedance,
15 M at 1000Hz). The raw datawere Itered andampli ed
before being digitized (National InstrumentsPCI-6052)at a
40 KHz samplingrateandstored All suigical proceduresvere
doneundersterile conditionsandin accordancavith the rules
and regulationsof the JohnsHopkins Animal Care and Use
Committeeandthe Societyfor Neuroscience.

During off-line analysisof each recording session,pure
noise sggmentsand sggmentscontainingputative spikeswere
automatically identied and manually veried [10], [11].
Putatve spike waveforms were time-aligned and clustered
in a principal componentspace under human supervision;
templateswere formed by averagingall points sufciently
closetogether Out of 81 recordingsessions25 were found
to containtwo or more templates.

B. Data Generation

A persistentssuein the spike sorting literatureis whether
to usereal or simulateddatato test new algorithms.While
using real data would be preferablein some ways, real
data is fundamentally unlabeled, so it necessitatedesting
the algorithm using possibly-incorrectlabels supplied by a
human expert. Therefore, simulated data is used in mary
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Fig. 1. (a) The four sets of experimentally-recorded templates used in the
generative model for all data in this paper. (b) Typical simulated recordings
at SNR =1 (top), SNR = 2 (middle), and SNR = 3 (bottom). Spike locations
are labeled with the neuron class.

spike-sorting publications(e.g. [3], [4], [8], [12]). The lack
of standardsand publicly-available databaseawith labeled
spikes complicatecomparisondbetweendifferent methodsin
the publishedliterature.We have createda generatre model
to simulatea neuralrecordingbasedon parametersneasured
from actualrecordingsandwill gladly provide our simulated
datauponrequest.

1) Spikes and Noise: We simulatea neural recording by
inserting real spike templatesinto a backgroundprocessof
stationarycoloredGaussiamoise.The backgroundhoisepro-
cesscanbe completelydescribedy its standardieviation and
noise autocorrelatiorvector To increasethe accurag of the
model, we estimateboth of theseparametergrom pure noise
segmentsof real neuralrecordinggseeSectionll-A) andthen
simulatethe noise using an autorgressie lIter [13]. Spline-

interpolatedspike templategwith randomphase)areinserted
accordingto a modi ed Poissonprocessvherethe numberof

spikesin a x ed time period is given by the usual Poisson
probability distribution, but the inter-spike interval is not a

true exponential random variable becauseof the refractory
period of the neurons.For all of the experimentsdescribed
below, eachsimulatedrecordingusesa randomlyselectedset
of noise parametergaken from a real recordingsession.In

orderto draw fair comparisonscrossmultiple signal-to-noise
ratios, we have selectedfour representate setsof templates,
shawvn in Figure la.

After selectinga setof noise statisticsand templatesfor a
simulation, we also specify the signal-to-noiseratio (SNR).
Although there are mary ways of calculatingthis value, we
de ne it astherootmeansquaredralueof thetemplatedivided
by the standarddgyiation of the simulatednoise,i.e. SNR =
|[template|| / o - |template| where|| - || is the L, norm, o
is the standarddeviation of the simulatednoise,and| - | is the
lengthin numberof samples.

C. Detection and Classification

The spike sortingsystemconsistsof two stages— detection
and classi cation — eachtrained using a supportvector ma-
chine (SVM) classi er. The rst stagediscriminatesbetween
noiseandthe occurrenceof a spike over time, andthe second
stagediscriminateshetweenspike templates.

GiniSV M [14], a sparselarge-magin kernel machine
for logistic probability regression,is usedto estimateclass
output probabilities. The classprobabilitiesyield con dence
values for the classied spike outputs, and are used in
expectation-maximizatiorbasedtraining of partially-labeled
data. The quadraticform of entrofy in the dual formulation
of GiniSV M offers sparsity in the kernel representation,
and correspondsto a Huber loss function in the primal
formulation [9]. Class probabilitiesin the binary casetake
the form
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and P(—1Jx) = 1 — P(1]x), where z is the vector to be
classi ed, xz; are training vectors,y; = +1 are the corre-
spondingclasslabels,and (-, -) de nes the kernel. Binary
GiniSVM minimizesthe following objective function in the
dual coefcients «;:
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where Q;; = vy k(x;,%;) is the kernel matrix evaluated
at training vectorsi and j, v de nes the mamgin, C; are
(data-dependentjegularization constants,and é,; = 1 for
i = j and zero otherwise.GiniSV M offers the additional
computationaladvantagethat it is compatiblewith standard
guadraticprogrammingtechniquedor SVM training.



For comparisonpurposeswe also perform spike detection
by simple amplitude thresholding and spike classi cation
usinga standardemplatematchingtechniqug?2]. For template
matching,we averageall spikesobsenedfrom a givenneuron
in the SVM training setand usethe meanwaveformsas the
templatesDecisionsarebasedon the Euclidian,Mahalanobis,
or PCA distancesetweenan input vectorandthe spike tem-
plates,i.e. an input vectoris assignedhe label of whichever
templateis closest.

D. Performance Measures

To testthe performanceof the detectionstage,we analyze
10 secondof simulatedstationaryneuralrecordingscaptured
immediatelyafter the initial two secondsusedfor training the
system.A sliding windowv of 1.25 msecdurationis moved
acrossthe data and each epochis evaluatedby the SVM.
The resulting output is a sequenceof probabilities of the
given epochsbeing“spikes” versus‘noise”. The performance
metric setsa thresholdat ve timesthe standarddeviation of
this signal and calculatesmerit as the ratio of the difference
betweenhits andfalsepositivesto the total numberof spikes,
where a “hit” is assessedvheneer the meantime between
successie SVM output threshold crossingsoccurs within
+0.2 msecof an actual spike time, and a “false positive” is
assessedor all meanthresholdcrossingtimes outside this
range.

To testclassi cation performancewe evaluatethe fraction
of correctly classi ed spikes in the secondstage,assuming
correctdetectionin the rst stage.Sincethe exact spike times
areknown for the simulateddata,we extract 1.25msecof data
beginning from eachspike onsetand usetheseasthe input to
the SVM andtemplatematchingalgorithms.

I1l. RESULTS

1) Detection Stage: For the detectionstage,training data
is generatedrom the rst two secondsf a simulatedneural
recording,where eachtraining vector consistsof 1.25 msec
(50 samplesat a 40 KHz samplingrate). Training datainclude
centeredspikes as “spike” vectors, surround of spikes as
“noise” vectors, and pure noise; 500 examplesfrom each
classare used,for a total of 1,500 training vectors.Results
from the detectionstageare shawvn in Figure 2a, which plots
“merit” (seeSectionll-D) againstsignal-to-noiseatio (SNR).
Eachpoint on theselines representshe averageperformance
on ten secondsof simulateddata, where averagesare taken
acrossall four setsof templategFigure 1a). For a SNR = 2,
the SVM detectionstageprovides betterthan 80% accurayg
comparedto lessthan 60% for amplitudethresholding,and
by SNR = 3 it hasreachedits asymptoticperformancdevel
of about 95%. In comparison,thresholdingdoes not reach
an equvalent level until a SNR = 5. The middle axis of
Figure 1b shavs a recordingwith SNR = 2 — at this level,
the decisionsare not ohvious to the untrainedeye, but the
SVM s very effective. For a SNR betweenzero and one,
both basicamplitudethresholdingand SVM detectorperform
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Fig. 2. Performance as a function of SNR for (a) detection stage and (b)

classification stage. The “90% PCA" curve illustrates the results if template
distance is calculated in a lower-dimensional space where dimensions are
chosen to account for approximately 90% of the variance of the data, as
given by standard principal component analysis techniques.

poorly, with a greatemumberof falsepositvesthancorrectly
classi ed spike epochs.

2) Classification Stage: The results of the classi cation
stagetrainedovertheinitial ve second®f dataandassuming
perfect detection,are summarizedin Figure 2b. The SVM
classi er consistentlyoutperformsemplatematchingover the
entire range of SNRs tested, althoughit only exceedsthe
Euclideandistancemetric by a slight margin. Both techniques
appearto reach an asymptotic successrate of about 95%.
This seemsreasonableas no precautionsare taken to avoid
simulating overlapping spikes, and destructve interference
is likely to renderdecision making impossibleoccasionally
Figure 1b provides an example of sometypical testdata,and
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Fig. 3. Sample data from a SNR = 2 dataset determined by the SVM to be (a)
class 1 and (b) class 2. Out of the 40 spikes shown here, 3 are misclassified.

[10]
[11]
Figure3 illustratessomeof the decisionanadeby the classi er

on a SNR = 2 dataset. [12]

IV. CONCLUSION

We have demonstratedhe successof a novel approach [13]
to neural spike sorting using supportvector machines.For [14]
our simulateddata,the SVM classi ers outperformstandard
methodsin boththe detectionandclassi cationstagesFuture
work will focus on using an EM-basedtransductie form of
SVM trainingto dealwith nonstationaryand partially-labeled
data.
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