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Abstract— Hidden Markov Models have shown promising
results for identification of spike sources in Parkinson’s disease
treatment, e.g., for deep brain stimulation. Usual classification
criteria consist in maximum likelihood rule for the recognition
of the correct class. In this paper, we present a different
classification scheme based in proximity analysis. For this
approach matrices of Markov process are transformed to
another space where similarities and differences to other
Markov processes are better revealed. The authors present the
proximity analysis approach using hidden Markov models for
the identification of spike sources (Thalamo and Subthalamo
sources, Gpi and GPe sources). Results show that proximity
analysis improves recognition performance for about 5% over
traditional approach.

I. INTRODUCTION

Parkinson’s disease is one of the most studied movement
disorders. It is believed that the misbehavior of some neurons
in subthalamus nucleus (STN) or Globus Pallidus internus
(GPi) leads in to disease. Many patients, suffering Parkin-
son’s disease, have received surgery for implanting micro-
electrode stimulator in STN, GPi or Vim nucleus, a procedure
known as Deep Brain Stimulation (DBS). Depending on the
microelectrode stimulator localization, different symptoms
can be disabled.

One of the most difficult task on these surgeries is to iden-
tify the brain region where the microelectrode is going to be
placed. Many surgeons use microelectrode recordings (MER)
(see figure 1) to obtain better precision and physiologic
validation of the nominal target detection [1]. The surgeon
listens the rhythmic static created by the action potentials of
the neurons near the electrode and based on this judgement
decides where the microelectrode actually is. Unfortunately,
these signals may be ambiguous to even a skilled surgeon,
requiring several attempts to locate the nuclei. Besides this
procedure is inappropriate to train new practitioners and it
often suffers form lack of repeatability [2]. Therefore, an
open issue consists in developing automatized techniques to
support surgeon decision.
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In [3], the authors proposed hidden Markov models
(HMM) for characterizing dynamic behavior of spike trains,
with similar average classification results than other methods
already suggested in the literature [4]. Adopting a supervised
classification scheme, it was possible to obtain classification
accuracies over 94% for databases including signals from
different patients. Standard classification approach was ap-
plied, which consisted in training an HMM for each class
and use them later as class-conditional densities in a Bayes
classification paradigm. For example, assuming a priori
equiprobable classes, an unknown sequence is classified
into the class whose model shows the highest probability
(likelihood) of having generated this sequence (this is the
well-known maximum-likelihood (ML) classification rule).

In this paper, an alternative classification scheme is used
by means of a proximity-based hidden Markov model ap-
proach. The general idea behind proximity-based analysis
consists in that given a set of pairwise dissimilarity values,
a new representation space can be build, in which each
object is described by these values. The classification is
then performed in this new representation space. In the
context of hidden Markov models, proximity analysis was
first exploited in [5]. In that work, authors show results of
the proposed methodology in a 2D shape recognition task
and a face recognition problem. In our work, we use the
proximity approach for the classification of different spike
sources represented as the parameters of hidden Markov
models.

A main issue in this approach is the high dimensionality of
vectors in proximity space. For this particular problem, stan-
dard dimensionality reduction techniques could be used. In
this work, we employ principal component analysis (PCA).

The organization of the paper is as follows. Section II de-
scribes proximity analysis. In section III, a brief description
of a HMM is made. In section IV, stochastic matrices are
transformed to proximity space. In section V, results of the
proposed methodology in two different databases are shown.
Finally, in section VI discussion is stated.

II. PROXIMITY ANALYSIS

The first step in a patter recognition problem is the search
for an appropriate representation of objects. Then, a decision
rule can be constructed, which discriminates between differ-
ent categories and which is able to generalize well. Conven-
tionally, objects are represented by characteristic features.
In some cases, however, a feasible feature-based description
of objects might be difficult to obtain or inefficient for
learning purposes. One alternative representation is based on
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Fig. 1. Signals from different brain regions. Border, Burster, Pauser and
Striatum are regions around GPi zone.

similarity or dissimilarity relations between objects. When
properly defined, it might be advantageous for solving class
identification problems [6].

The general idea behind proximity-based analysis con-
sists in that given a set of pairwise dissimilarity values,
a new representation space can be build, in which each
object is described by these values. The classification is
then performed in this new representation space. Experi-
mental research has shown that proximity-based philosophy
improves performance in complex classification tasks [6].
Resemblances and diferencies between proximity analysis
and kernel methods have been stated in [7].

III. HIDDEN MARKOV MODELS

A hidden Markov model is basically a Markov chain where
the output observation is a random variable generated accor-
ding to an output probabilistic function associated with each
state. It is defined by a set of parameters λ = (A,B, π),
where π is the initial state distribution, A is the transition
probability matrix and B is the output probability matrix.
Output probabilities can also be modeled through continuous
probability density functions [8].

Usually, as a classification rule, a maximum-likelihood
(ML) criteria is carried out, where an unknown sequence O is
assigned to the class showing the highest likelihood P (O|λ).
This requires training L HMMs for a problem of L classes. In
the proximity-based approach, instead of training one HMM
for each class, we could train one model for each training
sequence and assign an unknown sequence O, represented
for a particular λ set, to the class of the model showing the
highest likelihood.

Next section describes formally the process of transform-
ing sequences of spike trains to the proximity space.

IV. TRANSFORMATION OF HMM MATRICES

A. Distance Definition

The most important point for practical application of the
proximity analysis in an HMM context is the definition of

an appropriate distance between a pair of hidden Markov
models.

In [5], a simple distance measure is employed: Pij =
P̂ (Oi|λj), the probability that the given model λj gen-
erates the observation sequence Oi, normalized w.r.t. Ti,
the length of the observation sequence Oi. This number
is calculated using the forward-backward procedure [8].
The above expression used as a distance is not symmetric,
a useful property that a metric should have. In order to
circumvent this matter and due to good results in previous
experiments [3], we use the definition of distance proposed in
[8] between a pair of sequences represented as parameters of
an HMM. The similarity measure (SM) between two distinct
observation sequences O1 and O2 of discrete symbols is
defined as:

σ(O1,O2) =

√
P21P12

P11P22

where, Pij = P̂ (Oi|λj) = P (Oi|λj)
1/Ti . In some cases, it

may be more convenient to represent the similarity between
two trajectories through a distance measure d(O1,O2),
rather than a similarity measure. Given the similarity measure
σ(O1,O2), such a distance is expressed as [8]

d(O1,O2) = − logσ(O1,O2) (1)

B. HMM matrices in proximity space

Consider a classification problem with L classes. For
each class � ∈ {1, 2, . . . , L}, there is a set of N� training
sequences S� = {O�

1
, . . . ,O�

N�
}. Thus, N =

∑
� N� is the

total size of the training set S =
⋃L

�=1
S�.

Let R = {P1, . . . ,PR} be a set of R representative
objects; these objects may belong to the set of training
sequences (R ⊆ S). Let DR(O) be a function that returns
the vector of proximities between an arbitrary sequence O

and all sequences in R, which is (using equation (1))

DR(O) =

⎡
⎢⎣

d(O,P1)
...

d(O,PR)

⎤
⎥⎦ ∈ R

R

Once “the proximity space” R
R (where the proximity vectors

exist) is defined, any standard classifier can, in principle, be
used.

Regarding the choice of R, different approaches can be
adopted; the basic one is to choose R = S, the whole train-
ing set. With this choice the dimensionality of the proximity
space is equal to N , the cardinality of the training set. In
this case, a classifier must be designed on an N -dimensional
space using only N training sequences, suggesting that some
dimensionality reduction technique should be adopted.

C. Dimensionality Reduction

For vector dimensionality reduction in the proximity
space, we use a standard multivariate technique named
Principal Component Analysis (PCA). PCA searches for a
new coordinate system under which the retained variance
under linear projection is maximal [9].
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V. EXPERIMENTAL SETUP

A. Databases

Two different databases, as shown in table I, were used
for experiments. For the subthalamic nucleus trajectorie,
database (DB1) includes regions such as thalamus and sub-
thalamic nucleus. To get GPi zone, database (DB2) includes
boundary regions such as Border, Burster, Pauser and Stria-
tum regions (see figure 1), jointly named as GPe (Globus
Pallidus externus). All signals are 10 seconds length.

TABLE I

DATABASES USED FOR EXPERIMENTS

Database Region Samples
DB1 Thalamus 50

Subthalamic Nucleus 50
Border 8
Burster 8

DB2 GPi 10
Pauser 5
Striatum 3

B. Feature extraction

Each signal is segmented in frames of 250 milliseconds
(ms) length with an overlapping of 50 ms, following results
from [2]. For each frame, a Haar wavelet transform is applied
(due to its better time resolution property) and for each scale,
the two wavelet coefficientes with the largest magnitude are
retained and used as part of the observation vector. This
is done in this way due to wavelet’s energy compaction
property [10].

C. Structure of hidden Markov models

In order to decrease computational cost, discrete hidden
Markov models are used to describe different target regions.
Ergodic topology models [11] were trained with 5 and 10
states and 64 and 128 words for the codebook [11], [12].
The parameters λ, describing the HMM model of each
region class, are estimated using the standard Expectation-
Maximization algorithm [12].

D. Validation

Two different validation approaches are examined: classi-
cal approach based on ML criteria, where likelihood ratio is
calculated and the model having the highest value is selected
as the correct one and the proximity analysis approach using
five different classifiers, namely, Regularized Linear Nor-
mal density-based Classifier (RLNC), Regularized Quadratic
Normal density-based Classifier (RQNC) [6], Parzen Clas-
sifier, 1-Nearest Neighbor Classifier (1-NN) and 3-Nearest
Neighbor Classifier (3-NN) [13]. For the proximity analysis,
definition of distance in equation (1) is employed. Due to
reduced database sizes, leave-one-out validation method is
used and experiments are repeated 5 times.

E. Results over Database DB1

Table II shows average classification results obtained using
different approaches for database DB1 with 64 codewords for
the codebook. Table III shows average classification results
obtained using different approaches for database DB1 with
128 codewords for the codebook. From tables II and III
it can be seen that, independently of the number of states
and the number of codewords employed for the codebook,
non-parametric classifiers such us Parzen classifier and 1-
NN classifier, allows to obtain better classification results
for classes Thalamus and Subthalamic Nucleus.

TABLE II

CLASSIFICATION RESULTS FOR DATABASE DB1 AND 64 CODEWORDS

Method 5 States 10 States
Mean (%) Std (%) Mean (%) Std (%)

ML 94.0 1.80 93.0 3.08
RLNC 99.4 0.50 99.9 0.01
RQNC 99.8 0.50 99.0 0.00
Parzen 99.9 0.01 99.9 0.01
1-NN 99.9 0.01 99.9 0.01
3-NN 97.4 0.50 97.6 0.58

TABLE III

CLASSIFICATION RESULTS FOR DATABASE DB1 AND 128 CODEWORDS

Method 5 States 10 States
Mean (%) Std (%) Mean (%) Std (%)

ML 97.2 1.3 97.4 2.19
RLNC 99 0.00 99 0.00
RQNC 99 0.00 99.4 0.96
Parzen 99.9 0.01 99.9 0.01
1-NN 99.9 0.01 99.9 0.01
3-NN 97 0.00 98 0.00

For DB1, vectors in the proximity space have a dimension
of 100 (equal to the number of observations in the database).
Table IV summarizes the best classification results obtained
using PCA for dimensionality reduction in the proximity
space. For this case HMMs with 5 states and 64 codewords
were used.

Table IV shows that almost all classifiers obtain high
accuracies (99.9%) with reduced dimension, 15 components,
for the principal component analysis. Experiments also show
that, below 15 components, Parzen classifier and 1-NN clas-
sifier obtain, with only 5 components, a 99% classification
accuracy and with 1 component more than 90%.

TABLE IV

BEST CLASSIFICATION RESULTS FOR DATABASE DB1 USING PCA IN

THE PROXIMITY SPACE

Classifier Reduced Dimension Mean (%) Std (%)
RLNC 15 99.9 0.01
RQNC 15 99.9 0.01
Parzen 15 99.9 0.01
1-NN 15 99.9 0.01
3-NN 80 97.8 0.50
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F. Results over Database DB2

Table V shows average classification results using different
approaches over database DB2 with 64 words in the code-
book. Table VI shows classification results over the same
database, this time with 128 codewords.

Similar to results obtained for database DB1, tables V
and VI indicate that the highest average accuracies are
obtained using the non-parametric classifiers Parzen and 1-
NN. Standard deviations in both cases are less than for other
classifiers.

TABLE V

CLASSIFICATION RESULTS FOR DATABASE DB2 AND 64 CODEWORDS

Method 5 States 10 States
Mean (%) Std (%) Mean (%) Std (%)

ML 92.12 3.60 89.41 5.34
RLNC 92.94 3.35 93.53 3.22
RQNC 87.06 2.63 83.53 3.35
Parzen 97.06 2.08 97.06 2.08
1-NN 96.47 3.22 95.88 3.35
3-NN 85.29 2.94 82.94 2.46

TABLE VI

CLASSIFICATION RESULTS FOR DATABASE DB2 AND 128 CODEWORDS

Method 5 States 10 States
Mean (%) Std (%) Mean (%) Std (%)

ML 93.00 2.63 92.94 4.46
RLNC 94.71 1.32 91.76 3.83
RQNC 87.65 1.32 83.53 4.46
Parzen 97.06 2.08 94.71 3.83
1-NN 96.47 2.46 95.29 3.35
3-NN 95.29 2.63 92.35 3.90

TABLE VII

BEST CLASSIFICATION RESULTS FOR DATABASE DB2 USING PCA IN

THE PROXIMITY SPACE

Classifier Reduced Dimension Mean (%) Std (%)
RLNC 12 97.06 2.08
RQNC 9 95.88 1.61
Parzen 6 97.65 2.46
1-NN 3 98.24 2.63
3-NN 3 97.06 2.08

Transforming vectors in the proximity space using PCA
allows to attain 98.24% classification accuracy by means of
the 1-NN classifier with just 3 components. This can be seen
in table VII. For this experiment HMMs with 5 states and
64 codewords were examined.

VI. DISCUSSION

Average classification results using proximity analysis
through hidden Markov models are greater than those ob-
tained using traditional ML rule for identification of spike
sources.

In the proximity space, non-parametric classifiers allow
higher classification accuracies. In particular, for database

DB1, 1-NN classifier and Parzen classifier get the highest
accuracy with the lowest reduction factor (15/100). For
database DB2, one nearest neighbor classifier has better
performance with a suitable reduction factor (3/34).

Although high classification accuracies were obtained us-
ing non-parametric classifiers, some disadvantages of the
method must be solved (specially when the number of
samples is big enough): large storage requirement, large com-
putational effort and, in particular for the nearest neighbor
classifier, sensitivity to noisy examples. In order to overcome
these issues, prototype selection techniques [14] should be a
direction for future work.
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