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� Automatic STN detection improves the efficiency and accuracy of target location.
� Both spike independent and dependent features are useful for detection of STN.
� Further research required for STN sub territories.

a b s t r a c t

Objective: This study seeks to systematically review the selection of features and algorithms for machine
learning and automation in deep brain stimulation surgery (DBS) for Parkinson’s disease. This will assist
in consolidating current knowledge and accuracy levels to allow greater understanding and research to
be performed in automating this process, which could lead to improved clinical outcomes.
Methods: A systematic literature review search was conducted for all studies that utilized machine learn-
ing and DBS in Parkinson’s disease.
Results: Ten studies were identified from 2006 utilizing machine learning in DBS surgery for Parkinson’s
disease. Different combinations of both spike independent and spike dependent features have been uti-
lized with different machine learning algorithms to attempt to delineate the subthalamic nucleus (STN)
and its surrounding structures.
Conclusion: The state-of-the-art algorithms achieve good accuracy and error rates with relatively short
computing time, however, the currently achievable accuracy is not sufficiently robust enough for clinical
practice. Moreover, further research is required for identifying subterritories of the STN.
Significance: This is a comprehensive summary of current machine learning algorithms that discriminate
the STN and its adjacent structures for DBS surgery in Parkinson’s disease.

� 2018 International Federation of Clinical Neurophysiology. Published by Elsevier B.V. All rights
reserved.
1. Introduction

Parkinson’s disease (PD) is a progressive, neurodegenerative
disease characterized by motor symptoms that include bradykine-
sia, resting tremor, postural instability, and rigidity leading to sig-
nificant effects on patient’s quality of life. (Brocker et al., 2017;
Gulberti et al., 2015). High frequency deep brain stimulation
(DBS), to either the globus pallidus internus (GPi) or subthalamic
nucleus (STN) (Williams et al., 2014), is an effective surgical treat-
ment for moderate to advanced PD that improves motor symptoms
and quality of life (Brocker et al., 2017; Holt and Netoff, 2016;
Karamintziou et al., 2016, 2017; Kühn and Volkmann, 2017;
Rowland et al., 2017).

The STN can be heuristically divided into its sensorimotor, asso-
ciative and limbic regions (Lourens et al., 2013) and stimulation at
different STN subterritories will result in differential effects on
motor and emotional functions (Mallet et al., 2007; Pozzi et al.,
2016). Sub-optimal positioning of DBS electrodes account for up
to 40% of cases of inadequate postoperative stimulation efficacy
(Okun et al., 2005) and other associated limbic or cognitive side
effects (Holt and Netoff, 2016; Shamir et al., 2012; Telkes et al.,
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2014; Teplitzky et al., 2016; Valsky et al., 2017; van Wijk et al.,
2017). The efficacy of DBS is thus dependent on careful selection
of the appropriate patient (Rowland et al., 2017), as well as accu-
rate localization of this extremely small target nucleus (Cagnan
et al., 2011; Taghva, 2011; Telkes et al., 2014; Teplitzky et al.,
2016; van Wijk et al., 2017; Zaidel et al., 2009).

The current practice for target localization in DBS involves a
multi-modal approach, which typically includes the use of stereo-
tactic atlas coordinates, brain imaging, intraoperative microelec-
trode recording (MER) and clinical assessment of the electrode
placement with intraoperative electrical stimulation (Lima, 2015;
Snellings et al., 2009; Telkes et al., 2014). Real-time testing and
accurate physiological delineation of the functional boundaries of
the STN and its surrounding structures (Novak et al., 2011) are
two key advantages of MER that can reduce targeting errors by
firstly accounting for differences in neuroanatomy (Lima, 2015);
secondly, overcoming resolution limitations of neuroimaging
(Chaovalitwongse et al., 2011) and thirdly, compensate for ana-
tomic shifts during surgery due to CSF leak, pneumocephalus
(D’Haese et al., 2012) and brain deformation by tissue compression
(Cagnan et al., 2011; Chaovalitwongse et al., 2011; Guo et al., 2007;
Rajpurohit et al., 2015).

The MER signals are monitored and assessed intraoperatively by
either the neurosurgeon and/or neurophysiologist (Cagnan et al.,
2011; Falkenberg et al., 2006a,b; Snellings et al., 2009; Telkes
et al., 2014). The STN region is identified by an abrupt increase in
firing rates, irregular bursting activity, background neural activity
and characteristic spike patterns (Falkenberg et al., 2006a,b; He,
2009; Lima, 2015; Moran et al., 2006) (see Fig. 1). Kinesthetic activ-
ity, which is induced by the passive movement of the contralateral
limbs, causes alteration of neural firing (Novak et al., 2011) which
can assist in establishing the location of the STN.
Fig. 1. 3D image of STN (left) with MER recordings (right) in a typical trajectory. (A) Upo
neural noise background, which decreases upon exiting the STN. (B) The typical DBS traj
subthalamic nucleus (STN), exiting into white matter (WM), and ending at the substant
Nevertheless, there are several challenges with the usage of
MER. These subjective and experience-based techniques (Cagnan
et al., 2011; Snellings et al., 2009; Telkes et al., 2014) possess inher-
ent limitations (Snellings et al., 2009) with possible inconsistencies
in its analysis due to its critical reliance on user expertise and judg-
ment. The sheer volume and complexity of data can be perceived
intraoperatively in a single time domain only (Lima, 2015) and
other anatomic challenges such as an uninterrupted subthalamic
nucleus to substantia nigra transition and gaps within the STN
(Moran et al., 2006) could lead to erroneous labeling of the struc-
tures (Valsky et al., 2017). Furthermore, complex signal patterns,
noise interference or drift as well as artifacts from patient move-
ment, blood or edema may also exponentially increase the diffi-
culty of MER data interpretation (Telkes et al., 2014; Valsky
et al., 2017).

In recent years, therehasbeenmuch interest in the automationof
MER-based intraoperative targetingduringDBS surgery (Falkenberg
et al., 2006b;Moran et al., 2006; Rajpurohit et al., 2015; Telkes et al.,
2014). An online real-time implementation will allow input data to
be processedwithin a short frame of time to be available as feedback
to the algorithm for analysis. The potential benefits of online real-
time automation in MER-based targeting include: reducing surgical
time (Cardona et al., 2012), reducing dependence on neurophysio-
logical expertise andproviding consistent and reliable identification
of a well-defined quantifiable target to place the DBS electrode
(Falkenberg et al., 2006b; Snellings et al., 2009; Telkes et al., 2014).
More importantly, automation may also assist in decreasing the
patient’s burden, who are awake and usually in the ‘off state’ during
the surgery (Falkenberg et al., 2006b; He, 2009).

The aims of this review are to critically appraise the available
literature on automating the MER process in DBS surgery for PD
patients as well as identify potential areas for further research.
n entering the subthalamic nucleus, there is an increased compound firing rate and
ectory will traverse the thalamus (TH), followed by zona incerta (ZI), arriving at the
ia nigra (SN).
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2. Overview of machine learning and classification algorithms

Machine learning (ML) is a branch of artificial intelligence that
enables computer algorithms to learn from experience without
explicitly being programmed (Cabitza and Banfi, 2017; Senders
et al., 2017). The field of ML is broadly divided into supervised
and unsupervised learning.

Supervised learning algorithms learn from ‘‘labeled” training
data to produce a model that can make predictions on previously
unseen data. The desired output of these training data is known.
In the learning process, algorithms attempt to find the optimal
combination of input variables (also known as features) and
weights given to these features in order to perform accurate pre-
dictions (Senders et al., 2017). Labeling can be used to train the
classifier and test its estimation performance. However, it may also
be an additional source of additional (human) error, bias or mis-
conception, which could obscure the ground truth (Lima, 2015).
In this respect, classification based on manual annotations is only
as good as the human evaluation itself (Lima, 2015). With unsuper-
vised learning techniques, only unlabeled data are available and
the algorithm then seeks to find similarities and patterns
(Senders et al., 2017). Data processing might therefore help to
extract meaningful, and at present hidden, information from MER
data to improve current treatment modalities (Chaovalitwongse
et al., 2011). Examples of the machine learning classifiers are pre-
sented in Fig. 2.
Fig. 2. Models of machine learning, adapted from an image by scikit-learn.org. (Pedreg
algorithms, including nearest neighbours, support vector machine, decision trees, rando
data (first column) are reflected at the bottom right corner of the subsequent diagrams.
learning algorithm, as evident by the three different examples of input data.
2.1. Naïve Bayes classifier

Bayesian inference is based on Bayes rule (Chaovalitwongse
et al., 2011):

p cjxð Þ ¼ p xjcð ÞpðcÞ
pðxÞ :

Bayes rule describes how the probability of an event x changes
from a prior p(x), before we observe anything, to a posterior p(x|c)
once we have observed event c (Moran et al., 2006). The naïve
Bayes classifier assumes that the presence of a particular feature
in a class is unrelated to the presence of any other feature, and
therefore, all these properties (features) independently contribute
to the probability.

2.2. Decision tree and random forest

A classification tree is a non-parametric discrimination method
to recursively partition data samples into two or more groups
based on a specific splitting criterion. The most common criteria
are Gini Index, Information Gain, and Gain Ratio. The Gini index
measures the impurity of a data partition D and is defined as:

Gini ¼ 1�
Xk

i¼1

p2
i ;
osa, 2011). Raw input data (first column) is applied to different machine learning
m forest, and naïve Bayes. The classification accuracies of the given example input
The accuracy is however dependent on the type of data supplied to each machine

http://scikit-learn.org
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where k is the number of classes. The Gini index considers a binary
split for each attribute, and selects for splitting the attribute that
maximizes the reduction in impurity.

Information Gain is defined as:

DH ¼ H �mL

m
HL �mR

m
HR;

where m is the total number of instances, mk number of instances
belonging to class k, and entropy H is defined as:

H ¼ �
Xk

i¼1

pklog2pk:

Gain ratio is a modification of Information Gain defined as:

GainRatio ¼ Gain
SplitInfo

;

where split information value represents the potential information
generated by splitting the training data D into v partitions:

SplitInfo ¼ �
Xv
i¼1

Dij j
Dj j log2

Dij j
D

� �
:

The construction of the classification tree involves a selection of
the splits, a decision on a terminal node, and class assignment to
each terminal node (Chaovalitwongse et al., 2011). The topmost
decision node in a tree, which corresponds to the best predictor,
is called root node.

A random forest is a conglomeration of multiple classification
trees.

Decision trees can handle both categorical and numerical data.
The disadvantages of decision trees are the heavy memory require-
ments and training times. Boosted decision trees can help to avoid
overfitting of data (Friedman, 1999).

2.3. k-Nearest Neighbour (kNN)

kNN is a supervised non-parametric classifier method. Unla-
beled samples (test data) are labelled based on their similarity to
samples in the training data (Chaovalitwongse et al., 2011). This
method assigns distance functions from the k nearest neighbors
to the sample.

The most common distance functions include:

� Euclidean metric: D x; yð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPd

i¼1 xi � yið Þ2
q

� Minkowski metric: Dðx; yÞa ¼ Pd
i¼1 xi � yij ja

� Mahalanobis distance: D x; yð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx� yÞ0C�1ðx� yÞ

q

where C is the covariance matrix

� Cosine distance: D x; yð Þ ¼ x�y
xj jj jjjyjj

� Hamming distance: D x; yð Þ ¼ #ðxi–yiÞ
d

� Correlation distance: D x; yð Þ ¼
Pd

i¼1
ðxi�x

�Þðyi�y
�ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPd

i¼1
ðxi�x

�Þ2
Pd

i¼1
ðyi�y

�Þ2
q

Fuzzy kNN (Schiaffino et al., 2016) is a variation of kNN, which
involves fuzzy logic, allowing a sample to belong to multiple
classes.

2.4. Support vector machine (SVM)

SVM are supervised machine learning models that chooses a
hyperplane with the greatest possible margin between the hyper-
plane and any point in the training set for accurate classification
(Russel and Norvig, 2010). This means that the maximum distance
between the training vectors x and the hyperplane w should be
maximized:

maxw;bminjjx� xijj : w � xþ b ¼ 0; i ¼ 1; � � � ;m
This method can be used for both classification and regression.

The disadvantages of SVM include its substantial computational
complexity and its difficulty to handle noisy data.

2.5. Hidden Markov Model (HMM)

The HMM, commonly used in speech and language processing,
is a probabilistic model that relates a sequence of observations to a
sequence of hidden classes or hidden states that explain the obser-
vations (Jurafsky and Martin, 2017). The major limitation of HMM
is that the probability of remaining in a state is represented as a
geometric distribution, which may not be a valid assumption
depending on the system modeled (Taghva, 2011). In a Hidden
state Markov model (HsMM; a.k.a. explicit duration HMM or
variable-duration HMM the state durations are represented
(Taghva, 2011). HsMM has greater accuracy and specificity but is
associated with a significant increase in computational time
(Taghva, 2011).

However, the choice of type of machine learning model to apply
is dependent on the data type available, resulting in differences in
accuracy and impacts on performance trade-offs (Cabitza and
Banfi, 2017).

3. Methods

A literature search was performed via databases such as
Pubmed and Research gate utilizing the following key words
‘‘Parkinson’s disease; deep brain stimulation, microelectrode
recording, target localization, artificial intelligence, machine
learning.”

Ten studies relevant to the automation of deep brain stimula-
tion surgery in Parkinson’s disease were identified from 2006. They
have been summarized in Table 1, arranged in chronological order,
and will be discussed in accordance to their features and machine
learning algorithms. We found one study which investigated speci-
fic features in the discrimination of the GPi nucleus, (Falkenberg
et al., 2006a,b) however it was not included for evaluation as
machine-learning techniques were not utilized.

Data obtained from each study include year of publication,
number of patients, trajectories and MER recordings, length of
recording, feature selection, machine learning methods and types
of structures identified. The computational MER features utilized
by the aforementioned studies for automatic detection and visual-
ization of the structures have been summarized in Table 2. The per-
formance results in terms of accuracy are presented in Table 3. All
the studies, with the exception of Cagnan et al. (2011), utilized
supervised machine learning models with expert defined features,
and two studies (Cardona et al., 2012; Ciecierski et al., 2014)
reported online real-time implementation of their algorithms.

4. Technical considerations

4.1. Signal pre-processing

The length of data chosen for analysis is critical in order to
reduce the impact of noise (Falkenberg et al., 2006a,b). Most
authors recommended waiting 2 s before recording (Moran et al.,
2006; Zaidel et al., 2009) to reduce influence of electrode move-
ment, except for Valsky et al. (2017) who commenced after 0.5 sec-
onds. The subsequent recorded length of stationary electrode MER



Table 1
Summary of papers in chronological order.

First author Moran Zaidel Wong Cagnan Chaovalitwongse Cardona Ciecierski Rajpurohit Schiaffino Valsky

Year 2006 2009 2009 2011 2011 2012 2014 2015 2016 2016
Patients, n 27 21 27 48 16 nr nr 26 8 81

Data analyzed
Recordings, n nr nr 6064 nr 190 16,000 nr 1760 4526
Trajectories, n 36 56 43 258 nr nr nr 56 nr 131
Length, s 5 >5 4 nr 4 nr nr 4 1 >4.5

Spike independent features
Estimated distance to target (EDT) U U U

Basal amplitude U U U

Signal kurtosis U

Curve length (CL) U U U U

Threshold U U U

Peaks U U U U

Average nonlinear energy (ANE) U U U

Zero crossings U U U U

Teager energy U

Normalized root mean square (NRMS) U U U U U U

Noise mode U

Power spectral density (PSD) U U U U Ua

Spike dependent features
Modified burst index (MBI) U U U U U

Pause index (PI) and Pause ratio (PR) U U U U

Compound firing rate (CFS) U U U U U U

Mean spike amplitude differential U U U U

Standard deviation of interspike intervals (ISI rms) U U U U U

Mean spike trigger frequency U

Spike fraction U U U

Machine learning models
Bayesian U Ub Uc U Ud

Decision tree Ue Uf

Support vector machine U U

K-nearest neighbor Ug Uh Ui Ug

Logistic regression U

Hidden Markov model Uj U U

Supervised learning U U U U U U U U U

Online U U

Sites
Thalamus nr U

Zona incerta U nr
Subthalamic nucleus entry U U U U U U U nr U

Subthalamic nucleus exit U U U U U nr U

Substantia nigria U nr U

nr: not reported.
a Power ratio.
b Gaussian and kernel.
c Linear discriminant and quadratic classifier.
d Gaussian Naïve Bayes.
e Gini, max deviance.
f Random forest; rough set.
g Fuzzy.
h Euclidean, DTW.
i k = 5.
j Viterbi algorithm.
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is suggested to be at least 4 s (Chaovalitwongse et al., 2011;
Rajpurohit et al., 2015; Wong et al., 2009; Zaidel et al., 2009) for
optimal tradeoff between feature stability and real-time
processing.

Signals acquired during MER recordings arise from several
sources as shown in Fig. 3. Neural activity in the form of neuronal
spikes and background neural activity (He, 2009; Schiaffino et al.,
2016) maybe contaminated by artifacts (noise) due to internal
recording equipment (Lima, 2015; Snellings et al., 2009) or exter-
nal environmental factors. (Lima, 2015) The presence of noise
restricts the ability to obtain meaningful information from the sig-
nal (Cabitza and Banfi, 2017; Roy et al., 1999). Therefore pre-
processing of signals is essential in order to achieve better perfor-
mance for analysis. Noise artifacts may be detected by a combina-
tion of amplitude (Cagnan et al., 2011; Moran et al., 2006) and
frequency criterion (Cagnan et al., 2011) relative to the estimated
background neural activity. Other methods include that of wavelet
transforming de-noising algorithms, first introduced by Donoho
and Johnstone in 1995, (Novak et al., 2011; Snellings et al., 2009)
and by rejecting MER segments with abnormal RMS values
(Moran et al., 2006). Alternatively, neuronal oscillations for analy-
sis may be identified via specific spike templates utilizing specific
spike width and duration (Cagnan et al., 2011; Danish et al., 2008).

4.2. Feature normalization

Variable recording characteristics such as different recording
lengths and trajectories, different amplifications, machine settings,
different electrodes and inter-patient variation of neurophysiology
result in a multidimensional set of properties (Ciecierski et al.,



Table 2
Microelectrode recording features.

Features Description

Spike independent
Estimated distance to

target (EDT)
Estimated distance to target

Basal amplitude Noise level estimation using envelope of MER
signal using the Hilbert transform

Signal kurtosis Signal kurtosis
Curve length (CL) Sum of consecutive distances between points in

the data per unit time
Threshold Threshold in the signal amplitude
Peaks Number of positive peaks in the data window per

unit time
Average nonlinear

energy (ANE)
Average energy difference between each signal
sample and its two neighboring samples

Average absolute
difference (AAD)

Average signal deviation to the mean signal
amplitude

Zero crossings The number of zero crossings in the data window
per unit time.

Normalized root mean
square (NRMS)

Normalized root mean square value of amplitude

Noise mode Rajpurohit: 3 times the standard deviation of the
amplitudes in the data window

Power spectral density
(PSD)

Frequency response of a random/ periodic signal

Spike dependent
Modified burst index

(MBI)
Ratio of the number of interspike intervals less
than10 ms to the number more than 10 ms

Pause index (PI) and
Pause ratio (PR)

PI is the ratio of the count of ISIs that are greater
than 50 ms to the number less than 50 ms; PR is
the cumulative ISI time that greater than 50 ms
divided by the cumulative ISI time less than 50 ms.
Tonic and random firing have longer ISI so higher
value of PI and PR were observed

Compound firing rate
(CFS)

Number of spikes in one second

Mean spike amplitude
differential

80% trimmed mean of the difference between
consecutive spikes

Standard deviation of ISI
(ISI rms)

Tonic firing – zero ISI RMS;
Random firing – highest ISI RMS

Interspike intervals (ISI) Three firing patterns: tonic, random and bursting.
Tonic means the neuron fires periodically. Random
means ISI follows a Poisson process

Spike fraction Fraction percentage of spikes accepted as genuine
spikes

Tonic index (TI) Ratio of the summation of all of these shorter ISIs
to the summation for all ISIs

Poisson surprise (PS) Evaluating the probability of the occurrence of
irregular events

Table 3
Accuracy of machine learning algorithms in identifying borders of

Target Study

Thalamus (TH) Schiaffino 2016
Zona incerta (ZI) Chaovalitwongse 2
Subthalamic nucleus (STN) Ciecierski 2014

Chaovalitwongse 2
Cardona 2012
Schiaffino 2016

Wong 2009
Zaidel 2009
Moran 2006
Cagnan 2011

Valsky 2016
Wong 2009
Zaidel 2009
Moran 2006
Cagnan 2011

Substantia nigra (SN) Chaovalitwongse 2
Schiaffino 2016
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2014). A comparable homogenous data set, especially for back-
ground neural attributes (Ciecierski et al., 2014; Taghva, 2011) is
usually a pre-requisite for subsequent stages of analysis such as
feature extraction, selection and classification (Chaovalitwongse
et al., 2011). According to Rajpurohit (Rajpurohit et al., 2015),
patient-specific normalization can improve classification perfor-
mance by an average of 31.4% (Lima, 2015).

The caveat is that patient-specific normalization is typically
determined only after the data has been collected and poorer accu-
racy may be observed if normalization parameters have not yet
stabilized. Hence, this may present a problem in real-time
implementations.

In contrast, Cardona et al. (2012) recommended against normal-
ization of the signals, as accuracy of their system’s algorithm
decreased from 94% to 85% after normalization. The authors postu-
lated that normalization affects the amplitudes of the recordings,
resulting in a loss of relevant information from either the back-
ground neural activity or the high-frequency components.

4.3. Feature extraction and selection

Feature extraction is defined as the process of transforming a
signal to retrieve specific properties (Lima, 2015). Combining dif-
ferent features for STN detection may increase the algorithm’s
accuracy (Cagnan et al., 2011; Wong et al., 2009), however, irrele-
vant or redundant features need to be removed to improve classi-
fication accuracy and computational efficiency as well as lower the
number of required training instances for classifier training
(Rajpurohit et al., 2015; Wong et al., 2012).

Rajpurohit et al. (2015) observed that out of 13 features, the top
1% of performing classifiers contained approximately 8.25 features
on average. Chaovalitwongse et al. (2011) similarly concluded that
not all 13 features tested in their algorithm were useful in the clas-
sification. This suggests that feature addition only improves perfor-
mance up to a limit, likely due to feature redundancy or features
that negatively contributed to classification.
5. Results

5.1. Spike-dependent features

Spike-dependent parameters are susceptible to errors and com-
putational difficulties (Kim and McNames, 2007), especially when
STN and its surrounding structures.

Sensitivity Specificity

0.86 0.90
011 0.91 0.91

0.93 0.98

011 0.91 0.89
0.85
0.72 0.82

Mean entry depth into STN
�0.063 ± 0.44 mm
�0.09 ± 0.35 mm
�0.18 ± 0.84 mm
88% agreement

Mean exit depth from STN
0.04 ± 0.18 mm
�0.04 ± 0.31 mm
�0.20 ± 0.33 mm
0.50 ± 0.59 mm
88% agreement

011 0.86 0.87
0.78 0.75



Fig. 3. Signal processing and machine learning. The raw MER signals are extracted and processed for analysis. As a first step, artifacts are detected and removed. The
remaining data can be divided into background neural noise and spikes. Different features are extracted from this data, and features are selected for the machine-learning
algorithm. This algorithm is trained on labeled MER data in order to improve its accuracy.
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computed in real-time (Moran et al., 2006; Valsky et al., 2017). Sta-
tionary electrodes and longer recording times are required for both
accurate spike detection and good signal-to-noise recording envi-
ronments, thereby increasing the time and complexity of the pro-
cedure (Moran et al., 2006; Snellings et al., 2009; Wong et al.,
2012). Therefore, there is a recent trend towards spike-
independent features.
5.2. Spike-independent features

Both Moran et al. (2006) and Zaidel et al. (2009) reported a dra-
matic increase and decrease in normalized RMS (NRMS) with the
entry and exit from STN respectively. Moran applied a Bayesian
inference system based on two parameters: estimated distance
to target (EDT) and NRMS of the electrical signal recorded by the
electrode. NRMS is spike independent and is thus unaffected by
variability in electrode properties, requiring only a short signal
recording. The entry to STN could be predicted with a distinguish-
able rise in NRMS, however, the STN exit was less well predicted in
some trajectories. Zaidel et al. (2009) subsequently improved upon
this result by utilizing beta power spectral density (PSD) with a
Hidden Markov model. They were able to distinguish the STN with
better accuracy compared to the Bayesian probability as well as
demarcate sensorimotor subterritory of STN with an error of
�0.27 ± 0.58 mm. A recent publication by Valsky et al. (2017)
improved upon the accuracy of STN exit detection with a novel
idea of utilizing the power ratio between 100–150/5–25 Hz and a
Hidden Markov Model. They achieved an impressive accuracy of
0.04 ± 0.18 mm (1 mm threshold) with a computing time of 99 ms.

An alternative method to NRMS was proposed by Novak et al.
(2011), utilizing the multiunit activity (MUA) calculated in fre-
quency domain. MUA is an aggregate of the spiking activity in
the vicinity of the recording electrode (Logothetis, 2003). Novak
et al. (2011) observed that MUA is elevated in the STN compared
to its neighboring structures (Novak et al., 2007); it is also less sen-
sitive to sudden changes in focal neuronal activity, since fore-
ground spikes are removed to avoid spurious STN detection.
Novak et al. (2011) achieved reasonably good correlation (STN dor-
sal/ventral borders 0.79, p < 0.0001/ 0.91, p < 0.0001) between
MUA and intraoperative monitoring. However, MUA may still be
contaminated by noise, interference and tremor - a common prob-
lem with all signal-processing methods. The authors were unable
to analyze one subject’s recordings due to low signal quality from
severe electrical interference in the operating room (Novak et al.,
2011).
5.3. Combination of spike-dependent, spike-independent, and
background neural activity

Other authors (Cagnan et al., 2011; Chaovalitwongse et al.,
2011; Ciecierski et al., 2014; Schiaffino et al., 2016) have applied
a combination of spike-dependent features, background neural
activity and/or spike-independent features for classification
methods.

Background neural activity depends primarily on the quantity
and activity of neurons in the vicinity of the electrode (Ciecierski
et al., 2014) and is often detected using the noise mode envelope
method (Cagnan et al., 2011; He, 2009).

One of the qualitative characteristics of STN electrophysiology
is an increase in background activity of more than two-fold com-
pared to zona incerta or internal capsule (Kano et al., 2008), likely
due to an increased density of neurons within the STN (Benazzous
et al., 2002; Snellings et al., 2009). Wavelet derived background
amplitude levels, calculated after excluding foreground spikes,
were found to be highest in regions encompassed by the clinically
estimated boundaries of STN (Snellings et al., 2009).
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This characteristic has been explored using four features: back-
ground curve length, RMS, amplitude and signal power (Ciecierski
et al., 2014; Danish et al., 2008). With visual inspection of the back-
ground RMS feature profile, Danish et al. (2008) reported 90% sen-
sitivity using a 0.5 mm precision criterion and 80% sensitivity with
0.5 mm precision criterion of identifying the STN entry and exit
points respectively. The background curve length feature was
found to have a much reduced sensitivity (60% for STN entry and
80% for STN exit, both with 0.5 mm precision criterion).

Cagnan et al. (2011) investigated the use of background neural
activity, firing rate and PSD of low band index (3–12 Hz), beta
band index (13–30 Hz) and gamma band index (31–100 Hz). All
these features, except for low-band index, showed significantly
higher values throughout the STN (p < 0.001). Background neural
activity and firing rates were good indicators for the STN dorsal
border, but less reliably so for the STN ventral border. Cagnan
et al.’s classifiers achieved an 88% agreement with surgical
annotations. However, out of 258 trajectories, the algorithm
had 7 false positives due to low amplitude artifacts; as well as
8 false negatives, since the background neural activity remain
below threshold and consecutive sites did not exhibit high firing
rates.

Ciecierski et al. (2014) employed a combination of spike depen-
dent features (spike frequency and modified burst ratio) and back-
ground neural attributes (absolute amplitude value, RMS, low
frequency power in 0–500 Hz and high frequency in 500–
3000 Hz). They achieved excellent accuracy of STN detection of
97.6% and 96.7% usingWeka’s Random Forest and Rough Set Explo-
ration system respectively. They found that a combination of fea-
tures had a significantly greater accuracy, sensitivity and
specificity compared to using spike features alone, possibly due
to false positive or negatives that may occur with spike discrimina-
tion. The reported computing time of two minutes for their algo-
rithm makes it a possible option for intraoperative usage.

Similarly, Chaovalitwongse et al. (2011) was able to detect STN
and its adjacent structures based on 7 spike detection-dependent
and 6 spike detection-independent features, with almost 90% accu-
racy. Decision trees yielded the best performance with an accuracy
of 87.6% and 89.6% when using Gini and Max Deviance indices
respectively, compared to Bayesian (84.8%) and KNN (82.3%) mod-
els. This emphasizes that feature selection is important in subcor-
tical classification, as both Bayesian and KNNmodels do not exploit
any feature-selection methods within their framework. However,
Schiaffino et al. (2016) demonstrated that their fuzzy KNN detec-
tion algorithm performed significantly better than the KNN algo-
rithm (p < 0.01).
6. Conclusion

MER remains a common and widely used tool in DBS surgery,
although there have been controversies regarding its use,
(Falkenberg et al., 2006a,b; Hariz and Fodstad, 1999) especially
with the increased interest in image guided DBS surgery (Cui
et al., 2016; McEvoy et al., 2015; Ostrem et al., 2016). It is however
evident that MER remains a useful adjunct for STN localization - an
international survey conducted in 2010 revealed that 149 out of
185 DBS surgeons polled from 143 DBS centers still used micro-
electrode recording to obtain physiological confirmation of the tar-
get structure (Abosch et al., 2013). The key limitation of this review
is the heterogeneity of the included studies. The studies had vari-
ous MER acquisition formats and subsequently employed differing
pre-processing techniques. The performances of the different clas-
sifiers were inconsistent in presentation and were reported either
as error rates or sensitivity, specificity, and accuracy of their
algorithms.
Nevertheless, the state-of-the-art features and methods for
MER automation demonstrate delineation of the STN borders and
its adjacent structures with good accuracy and relatively small
error rates. Other possible areas for improvements may include
the use of local field potentials (Bour et al., 2015; Chen et al.,
2006; Telkes et al., 2014; Telkes et al., 2016), burst firing patterns
to locate subterritories (Pozzi et al., 2016) and the use of hidden
state Markov models (Taghva, 2011) to improve accuracy and com-
puting time for automation. Promising semi-automated techniques
such as the HaGuide Tool, have received FDA approval and are cur-
rently being validated in multiple groups (Thompson et al., 2018).
Although both GPi and STN are potential sites for DBS in PD, there
are no available studies regarding the automation of localization of
the GPi nucleus. This highlights an area for further research to
improve DBS surgical targeting and outcomes. With computational
advancement, including the use of deep neural networks and the
advent of deep feature synthesis algorithms (Kanter and
Veeramachaneni, 2015), this will bring us closer towards develop-
ing real time, mathematically rigorous, fully automated techniques
to analyze MER data (Shamir et al., 2015). These methods need to
be accessible, cost-effective and time efficient, (Chibirova, 2006)
hence thereby increasing the widespread availability of DBS
surgery.
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