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Introduction

The reliable detection and classification of spikes in ex-
tracellular recordings is fundamental to studies in clini-
cal neuroscience. However, of the techniques currently
used in practice, many are highly supervised and ar-
guably subjective in nature. Furthermore, few treat the
steps of detection and classification as joint processes.
Consequently, the quality of classification is in part de-
pendent on the chosen method of detection. This is-
sue is emphasised for low signal-to-noise ratios (SNRs)
where spike detection is notoriously difficult given obtru-
sive background noise.

In light of these issues, there is a need to develop un-
supervised, integrated frameworks for analysing extracel-
lular recordings. This poster presents a hidden Markov
model (HMM) for unsupervised detection and classifica-
tion of multiple action potentials, with a focus on charac-
tering neural behaviour in recordings with a low signal-
to-noise ratio (SNR) and potentially irregular firing pat-
terns or “bursting”. Motivating this work is the study of
microelectrode recordings of the subthalamic nucleus; a
popular surgical target for Deep Brain Stimulation in the
treatment of Parkinson’s disease (PD). By exploring these
data, we aim to contribute to better understanding of neu-
ral behaviour in PD.

Model Development

HMMs have been considered for the analysis of neural
data previously [1, 2], however all assume prior spike
detection. A joint detection-classification HMM was pro-
posed by [3] but was only demonstrated on high SNR
recordings, with regular firing patterns. Extending the
model of [3], we propose a hierarchical HMM in the
Bayesian framework with two specific aims:

1. To disseminate between regions of inter and intra burst
activity

2. To model multiple neuron behaviour within each region

1. Inter vs. intra burst activity

Let s be a discrete latent variable, where st describes the
state of yt. Assuming K regions of activity, it is of interest
to model overall changes in recording variance, indicative
of a transition from inter to intra burst activity, and vice
versa.

yt|Yt−1, st = k,P ∼ N(0, σ2
k)

σ2|st = k,P ∼ IG(γk, ηk)
(1)

Governing these transitions is the probability matrix
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where pii = Pr(st = i|st−1 = i); i = 1, . . . , K − 1, assum-
ing a Beta(αi, βi) prior. These hyperparameters are also
involved in prior for the unknown changepoints, τk

2. Multiple neuron behaviour within region

Conditional on st, we also aim to predict latent state se-
quences for N neurons, z

(n)
t : {n = 1, . . . , N}, subject to

the following assumptions:

• Independence between spikes produced by different
neurons

• Neurons contribute linearly to the height of the action
potential

Given J possible states, proportional to the sampling fre-
quency, the transition probability matrix for the nth neuron,
conditional on z and s is

Qk,n =
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The terms 1−q
k,n
11 and 1−q

k,n
JJ

denote the probability of ini-
tial and recurring spike onset respectively. The remaining
nonzero elements model the neuron’s spike shape and re-
fractory period. Each neuron state is assumed Normally
distributed,

yt|Yt−1, st, zt,P,Q ∼ N

(

µjk,
ω2

k

Cjk

)

µjk|st, zt,P,Q ∼ N

(

πjk,
ω2

k

N0

) (4)

where ω2
k represents the background noise for the kth

region. The inclusion of the constant Cjk is designed
to control the variance about µjk relative to the back-
ground noise. For low SNR recordings, setting Cjk > 1
for j = 2, . . . , J − 1 aims to lessen misclassification er-
ror as it reduces the overlap between spike variance and
background noise.

Model estimation was achieved by Gibbs sampling, with a
Metropolis-Hastings step for updating ω2

k.

Model Assessment

For choice of K, DIC2 and DIC3 were used in light of their
suitability to mixtures. Further to this, we trial different val-
ues of Cjk and compare the resulting log-likelihoods given
MAP estimates (ie. -2logL).

As a posterior predictive check, the synchrony of spike
trains produced by the final model and posterior simu-
lations was analysed via a distance measure, based on
interspike intervals [4]. Values close to zero indicate iso-
frequent behaviour between trains. Spikes were defined
as locations where the probability of spike onset exceeded
0.5.

Results

The model was tested on a 2-neuron simulated record-
ing, with a sampling frequency of 9kHz and 1.5s in length
(Figure 1).
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Figure 1: Simulated datasets

For determination of K, both criteria supported K = 3 as
the most appropriate fit. Given K = 3, Figures 2 and 3
show the trend in log-likelihood (in form -2logL) and esti-
mated spike train for Cjk = 4.
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Figure 2: -2log-likelihood for varying Cjk, given K = 3.
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Figure 3: Estimated spike train by neuron

Based on five simulated spike trains from the cho-
sen model, the average distance measure was
0.0461(0.0003) for neuron 1 and 0.0375(0.0014) for neu-
ron 2.

Future Work

1. Changing Cjk from a heuristic to an unknown parame-
ter, potentially using Metropolis-Hastings updates

2. Relaxing the assumption on K from a priori fixed to un-
known, using a hierarchical Dirichlet process HMM
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