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Abstract: The subthalamic nucleus (STN) is a major target for
treatment of advanced Parkinson’s disease patients undergoing
deep brain stimulation surgery. Microelectrode recording
(MER) is used in many cases to identify the target nucleus. A
real-time procedure for identifying the entry and exit points of
the STN would improve the outcome of this targeting proce-
dure. We used the normalized root mean square (NRMS) of a
short (5 seconds) MER sampled signal and the estimated ana-
tomical distance to target (EDT) as the basis for this procedure.
Electrode tip location was defined intraoperatively by an expert
neurophysiologist to be before, within, or after the STN. Data
from 46 trajectories of 27 patients were used to calculate the
Bayesian posterior probability of being in each of these loca-
tions, given RMS-EDT pair values. We tested our predictions

on each trajectory using a bootstrapping technique, with the rest
of the trajectories serving as a training set and found the error
in predicting the STN entry to be (mean * SD) 0.18 * 0.84,
and 0.50 = 0.59 mm for STN exit point, which yields a 0.30 =
0.28 mm deviation from the expert’s target center. The sim-
plicity and computational ease of RMS calculation, its spike
sorting-independent nature and tolerance to electrode parame-
ters of this Bayesian predictor, can lead directly to the devel-
opment of a fully automated intraoperative physiological pro-
cedure for the refinement of imaging estimates of STN borders.
© 2006 Movement Disorder Society
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Deep brain stimulation (DBS) surgery is routinely
performed on patients with severe Parkinson’s disease
(PD).'-3 During surgery, macroelectrodes are stereotac-
tically implanted in specific nuclei, typically the subtha-
lamic nucleus (STN)? (but see Anderson and colleagues*
for other targets) for the purpose of delivering chronic
high-frequency stimulation. Success of the surgery is
largely dependent on identifying the exact location of
this small target nucleus. The precise location of the
electrode contacts ensures optimal results with minimum
side effects.? In many medical centers, the target location
is confirmed and refined intraoperatively by a neurophys-
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iologist using extracellular microelectrode recording
(MER).>¢ The observed neurophysiological parameters
may include background noise level, firing rate, firing
pattern, spike shape, and local field potential (LFP) spec-
trum.’- The evaluation of some of these parameters
requires special neurophysiological expertise, is sensitive
to human error, and often takes a long time. Furthermore,
recorded parameters are also sensitive to the electrode
configuration, such as tip geometry and impedance. Pre-
vious work has attempted to construct dedicated tools for
brain structure recognition,!® present parameters in an
appealing manner for the surgical team,'' and define a
quality index for the trajectory.'> Although all these
parameters provide useful information for identifying the
STN, their value distributions overlap with the values of
locations outside the STN, and the actual decision on the
location is still left to the surgical team.

Our aim was to generate a robust procedure for STN
localization that will advise the surgical team intraoper-
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atively, in real-time, of the electrode position. We used a
Bayesian inference system based on two parameters:
estimated distance to target (EDT), measured from a
predicted center of target point that is calculated using
imaging data in a preoperative phase, and normalized
root mean square (NRMS) of the electrical signal re-
corded by the electrode. The recommendation made by
the system was evaluated relative to decisions made by
an expert neurophysiologist intraoperatively. The evalu-
ation of the system performance indicated promising
results in identifying and refining STN borders. There are
three main advantages to this method: it does not rely on
spike detection and sorting procedures, only a short
signal recording is required, and it is unaffected by
variability in electrode properties. This tool can be easily
integrated into ongoing intraoperative guiding applica-
tions and thus assist the surgical team in STN
localization.

PATIENTS AND METHODS

All surgical patients met accepted selection criteria for
STN DBS and signed informed consent for surgery with
MER. Surgery was performed using the CRW stereotac-
tic frame (Radionics, Burlington, MA). STN target co-
ordinates were chosen as a composite of AC-PC—based
location and MRI using Framelink software (Medtronic,
Minneapolis, MN). A single pass using one or two mi-
croelectrodes was made starting from 10 mm above the
calculated target. Further passes were only made if the
results of microrecording and macrostimulation were
suboptimal in the first pass. The trajectories used in this
study were only the ones with a STN width over 3 mm.

Data Acquisition and Analysis

Data acquisition was conducted with the MicroGuide
system (AlphaOmega Engineering, Nazareth, Israel).
Neurophysiological activity was recorded via polyimide-
coated tungsten microelectrodes (Frederick Haer, Bow-
doinham, ME; impedance = 0.48 = 0.17 M{); range,
0.19-0.9 MQ); measured at 1 KHz, at the beginning of
each trajectory). The distance between two microelec-
trodes when used simultaneously in a track was 2 mm.
The recorded signal was amplified by 10,000 and band-
passed between 250 to 6,000 Hz using a four-pole But-
terworth filter. The signal was sampled at 24 KHz, by 12
bit A/D converter, using a =5 V input range (i.e., ~0.25
nV amplitude resolution). Following a 2-second signal
stabilization period after electrode movement cessation,
the next 5 seconds were recorded. Shorter recordings
were rejected. The microelectrode was advanced in steps
ranging from 0.05 to 0.3 mm, typically using shorter
steps closer to the presumed location of the STN. All the

Movement Disorders, Vol. 21, No. 9, 2006

statistics presented in this article use mean = standard
deviation notation.

STN entry and exit points were marked intraopera-
tively by an expert neurophysiologist who attended all
operations and was blinded to the system recommenda-
tions. His decisions were considered the gold standard
for the learning system and had divided the recorded
sessions to three location groups: pre, within, and
post-STN.

Parameters of Interest

The need for real-time computation feasibility was a
crucial guideline when choosing the parameters to work
with. Therefore, we decided not to use parameters that
resulted from procedures for the discrimination of single
units. This was done despite the many studies describing
STN spike-related information such as firing rate, oscil-
lations, and burstiness>!3-!> due to the computational
difficulty and susceptibility to errors of these proce-
dures,'¢ especially when performed in real time. Instead,
we used the root mean square (RMS) value of the sam-
pled signal recorded by the electrode, measured in volts,
as the main parameter for evaluating electrode position.
RMS is defined as follows (Eq. 1):

(D

where X is the vector of sampled analog signal, X7 is
each sample squared, and n is the number of samples. An
operating room is a noisy environment with respect to
the recorded signal; therefore, it is crucial to ignore
unstable, artifact-containing sessions. Misleading RMS
values that result from sources such as neuronal injury
potential'” and other external artifacts were removed
using a two-step signal stability test. First, recorded
sessions with maximum amplitudes exceeding 300 wWV
were rejected. This filtered out most external-artifact—
contaminated signals. Second, an ANOVA was used to
compare the RMS values of 20 millisecond nonover-
lapped windows of the signal from the first and last 2
seconds of the signal. The ANOVA was used to evaluate
whether they originated from the same population. Re-
corded sessions displaying significant differences (P <
0.005) were considered to be nonstable and were
rejected.

RMS values change with the electrode properties and
other external drives related to the operating room; there-
fore, it is crucial to normalize the RMS to comparable
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values. Thus, each session’s RMS in a trajectory was
divided by the mean RMS of the first five stable sessions
in the same trajectory. This normalized RMS (NRMS)
was found to be a good measure as it reflects the relative
change in the total power of the signal, which elevates
dramatically entering the STN (Fig. 1). The other param-
eter that we used is the estimated distance to target
(EDT) as a means of integrating the information acquired
from the preoperative imaging, with a jum resolution. As
the trajectory planning phase predicts the center of STN,
the EDT represents the estimated distance from the cur-
rent electrode tip to that point. All trajectories were
initialized 10 mm above the expected center of target and
terminated at a variable distance after the neurophysiol-
ogist decided STN exit had occurred.

Training Set Bayesian Probability Calculations

Bayesian inference describes how the probability of an
event X changes from a prior p(X) before we observe
anything to a posterior p(X|Y) once we have observed
event Y. Of course, a meaningful change in our prior
belief will occur only if X and Y are dependent events,
otherwise observing Y will tell us nothing about X, and
p(X|]Y) = p(X). The general Bayes equation states that
(Eq. 2)

_ p(Y[X)*p(X)
p(X]Y) = oY) (2)

Each part of Bayes’ theorem has a conventional name,
which will be used throughout this article. p(X]Y) is

z

Time (s}

FIG. 1. Sample of signal traces recorded at various depths (in descend-
ing order) along a trajectory with their corresponding NRMS values. A:
Five seconds of raw signal traces presented in decreasing values of
EDT. The STN neuronal activity is clearly visible. Y-axis range is 300
V. B: The corresponding NRMS values of the traces in A. Each bar
represents the NRMS of the trace on its left. NRMS values increase
dramatically when entering the STN and decrease gradually toward its
ventral exit.

called the posterior probability, i.e., the probability of
event X after observing the evidence. p(X) is called the
prior probability, which is the initial belief about the
tendency of event X. p(Y|X) is called the likelihood
probability and is the probability that the evidence will
be observed, given X. p(Y) is called the normalizing
constant, which is the sum over all X of p(Y|X). With
this terminology, the theorem may be paraphrased as

Likelihood*Prior
Normalizing Constant

Posterior =

In order to calculate the unknown posterior probabil-
ities, in this case, being in one of the locations given the
NRMS-EDT pair, p(Location|(NRMS,EDT)), it was first
necessary to calculate the likelihood probability. The
likelihood probability here is the tendency to obtain
NRMS-EDT pair values in a certain location (pre-,
within, or post-STN), p((NRMS,EDT)|Locatior1). To cal-
culate the likelihood probability for each of the three
locations, the following steps were followed. One, cal-
culate the sessions’ RMS value using Equation 1. Two,
normalize each RMS value to the mean RMS value of
the first five stable sessions in its trajectory. Three, divide
all sessions of all trajectories into three location groups
according to the neurophysiologist’s decisions. Four, use
each group’s NRMS-EDT population values to calculate
its two-dimensional histogram and divide by the total
number of pairs in the group to obtain probabilities.

Since NRMS and EDT are continuous parameters, the
values were discretized to obtain meaningful probabili-
ties. NRMS bins ranged from 0 to 7, with a bin size of
0.2. EDT bins ranged from 10 to —6 mm, with a bin size
of 1 mm. To overcome noisy data, a narrow two-dimen-
sional smoothing Gaussian filter was used. The filter’s
standard deviations were 0.5 mm and 0.1 for the EDT
and NRMS, respectively (equal to half the bin sizes of
EDT and NRMS). The Bayesian prior probability p(Lo-
cation) represents our prior knowledge regarding the
probability of being in each of the locations. To avoid
creating a bias toward one of the locations, it was set
to 1/3 for each of the three locations. The normaliz-
ing constant p((NRMS, EDT)), was set to the sum of
the locations conditions as Xie(tocationy) P(NRMS,EDT);.
With the smoothed likelihood probabilities, the normal-
ization constant, and the equal prior probabilities,
the Bayesian posterior probabilities for each location,
p(Location|(NRMS, EDT)) could be calculated accord-
ing to Bayes’s equation (Eq. 2). Note that if an EDT-
NRMS pair is not encountered in any of the locations, it
will yield a zero posterior probability in the three
locations.
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Method Evaluation

A bootstrapping technique was used to evaluate the
accuracy of the results. Each of the 46 trajectories was
evaluated with the other 45 trajectories used as a training
set for building the Bayesian posterior probability. The
following procedure was followed for each evaluated
trajectory. One, the posterior probabilities were calcu-
lated using the other 45 trajectories. Two, unstable ses-
sions were rejected using the stability test. Three, NRMS
was calculated for each stable session. Four, the posterior
probabilities for being in each of the locations given the
NRMS-EDT pairs were found. Five, the STN entry point
was defined as the most dorsal point at which the poste-
rior probability to be within the STN was higher than
being prior to it. The STN exit point was taken as the
most ventral point at which the posterior probability to
be within the STN was still higher than being beyond it.
Six, the results were compared to the expert neurophys-
iologist’s decisions by calculating the absolute difference
between the expert’s STN entry and exit points deci-
sions, and those of our method. We also calculated the
deviation from the center of STN defined by the expert
and our method, calculated as the central point between
the entry and exit points.

Software

Data analysis was carried out on custom software
using MATLAB V7 (Mathworks, Natick, MA). The
software used in this article can be found online.

RESULTS

Data were recorded from 27 patients undergoing uni-
lateral and bilateral DBS surgery; a total of 46 trajecto-
ries were analyzed, of which only 1 originated from
unilateral surgery. Another 10 trajectories were omitted
due to technical recording problems. On successful tra-
jectories where the STN was recognized by the neuro-
physiologist, the RMS was distinctively elevated in con-
gruence with the neurophysiologist’s STN entry decision
(Fig. 2A). On the expert’s STN exit point decision RMS
values fell, but less sharply than the entry point. On
nonsuccessful trajectories, when the neurophysiologist
did not recognize the STN activity, RMS values tended
to remain low and flat (Fig. 2B). The neurophysiologist’s
MER-guided targeting moved the center of the STN, as
compared to the preoperative imaging targeting, by
1.0 = 0.72 mm (range, 0.01-3.25 mm).

Bayesian Likelihood and Posterior Probabilities

The raw likelihood probabilities of obtaining an
NRMS-EDT pair in each location showed distinctively
different results across locations (Fig. 3, A1-A3). For the
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FIG. 2. NRMS values in two sample trajectories. Each line represents
the NRMS calculated during one recording session at a certain EDT.
Different line densities are caused by differences in electrode advance-
ment steps. A: A successful trajectory. Dashed lines indicate the
neurophysiologist’s decision of entry and exit to the STN. B: An
unsuccessful trajectory. The NRMS values remain flat, with no signif-
icant elevation in NRMS values.

pre-STN location, the highest probabilities occupied the
area of high EDT, with narrow NRMS values around 1
(Fig. 3, Al). Within the STN, the highest probabilities
tended to occupy the area around —1 EDT, with high
NRMS mostly above 1.5 (Fig. 3, A2). Post-STN location
high probabilities occupied the lower EDT and a gener-
ally wide range of NRMS (Fig. 3, A3). Smoothing the
three raw likelihood probabilities with a narrow two-
dimensional Gaussian filter created the three smoothed
likelihood probabilities (Fig. 3, B1-B3). The smoothed
probabilities retain the characteristics of the raw proba-
bilities described above. Using equal prior probabilities
caused the posterior probabilities of the three locations to
be influenced solely by the likelihood probabilities. Pre-
STN posterior high probabilities were mainly in the low
NRMS and high (above 0) EDT (Fig. 3, C1). Within-
STN high probabilities formed a ball-like shape, which
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centered at high NRMS of ~4 and EDT of —1 (Fig. 3,
C2). Post-STN high probabilities were mainly in the low
EDT (less than 0) and low NRMS values (Fig. 3, C3).

Technique Evaluation

A bootstrapping technique was used for all the trajec-
tories. Figure 4 shows two of these trajectories, the
expert’s borders decision and the method’s predictions.
The quality of the method was assessed by measuring the
distance between the expert’s decisions and the method’s
prediction separately for the entry and exit points of the
STN. The entry to the STN was better predicted, with an
error of 0.18 = 0.84 mm, whereas the exit of the STN
was also predicted quite successfully, but with less ac-
curacy: 0.50 = 0.59 mm. This border evaluation led to an
error of 0.30 *= 0.28 mm in the prediction of the center
of the STN compared to the expert’s STN center.

DISCUSSION

Choosing the normalized RMS as the prime parameter
for evaluating STN borders was found to be highly
predictive. Several parameters contributed to this suc-
cess: the high neuronal density within the STN'® com-
bined with its high sustained spontaneous activity>!3 led
to a sharp increase in the overall power of the signal
detected by the electrode within the STN. The generally
low density/low activity in its surrounding structures
accentuated this feature. Adding the EDT parameter

P{Location | {(RMS, EDT) )

Pre
STN

FIG. 3. Posterior probabilities calculation. A: The
! likelihood probability for NRMS and EDT bins for
each of the three locations. B: The likelihood prob-
ability after smoothing with a narrow 2D Gaussian
filter (SD of 0.5 mm for EDT and 0.1 for NRMS). C:
The posterior probability for each location.

| Within
STN

Past
STN

helped overcome occasional rare high RMS values that
were encountered outside the STN due to cell injuries by
the moving electrode, or normal cellular activity of other
structures. These results show that by using Bayesian
inference on these two simple measures, over a short (5
seconds) recording duration, the entry into and exit from
the STN can be predicted. This simple method can help
the surgical team assess in real-time the location of the
STN in the trajectory. Moreover, this method, which uses
low computational resources and relies on readily avail-
able electrodes and equipment, can be easily introduced
to guiding systems currently in clinical use. The consid-
erable differences between the MER-guided expert deci-
sions and the preoperative imaging target highlight the
importance of MER in target localization.

Although this method relies on simple measures such
as the NRMS and EDT, care should be taken when
applying it in real-time intraoperative scenarios. To re-
duce the influence of electrode movement on the com-
puted NRMS, it is recommended to wait 2 seconds
before recording. Another source of misleading informa-
tion regarding the NRMS comes from neuronal injury
potentials,!” produced when a neuron is damaged by the
electrode. These cell injuries are characterized by high
spike discharge that gradually fades, sometime over pe-
riods of more than 2 seconds. This well-known phenom-
enon gives rise to a high abnormal NRMS value. To

Movement Disorders, Vol. 21, No. 9, 2006
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FIG. 4. Location evaluations of two trajectories. Given a trajectory,
the posterior probability of being in each of the locations is calculated.
Arrows indicate expert’s STN entry and exit points decision. The
maximum likelihood estimation (MLE), which in this case is the
highest probability of the three locations (gray, black, and white color
encoding for pre, within, and post-STN, respectively) is shown above
panels. The expert’s and our system’s decisions closely coincide.

overcome this and other artifacts that may lead to erro-
neous location decisions, we applied a signal stability
test that rejects unstable recorded sessions. While this
method eliminated noisy data, it introduced some entry
and exit point prediction errors when the sessions defined
by the expert as entry/exit points were unstable and
therefore rejected and could not be assessed. We also
encountered trajectories where in postoperative data
analysis, the expert’s decisions were closer to the sys-
tem’s borders decisions than to his intraoperative deci-
sions. Despite these findings, the expert’s decisions were
clearly adequate as a teacher for the system.

The method described in this article varies in its ca-
pability to predict the entry and exit of STN. Whereas the
entry to the STN was usually clear and characterized by
a distinguishable rise of the RMS, the exit of the STN
was harder to predict in some of the trajectories. This is
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primarily due to the anatomical and physiological differ-
ences between the structures before and after the STN.
Along the trajectories, the structures preceding the STN
are usually the thalamus, the areas of the zona incerta,
and/or the field of Forel, all of which produce low NRMS
values. Ventral to the STN lies the substantia nigra pars
reticulata (SNr). Although histologically and neurophysi-
ologically distinct from the STN,>19:20 the transition be-
tween the two nuclei was not always clear either to the
expert or to our system. One factor leading to the small
differences between STN and post-STN RMS values was
a notable decrease in the magnitude of the NRMS within
the STN while traversing toward its ventral part, which
was found in some of the trajectories (Fig. SA). This
general decline of NRMS created further difficulties in

A ™
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FIG. 5. NRMS changes within the STN. Two phenomena emerged
from NRMS analysis of the trajectory sessions. A: Whereas some
sessions show roughly constant high NRMS values along the STN,
some trajectories show a general decrease in NRMS values toward its
ventral area. Solid line indicates Gaussian smoothing of the NRMS
values; dashed line indicates STN boundaries. B: The NRMS dip, a
quiet area inside the STN, was encountered along several trajectories.
Arrow indicates the dip; solid and dashed lines as in A.
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identifying the STN exit point. Another phenomenon that
did not contribute to localization, but was nevertheless
interesting, was a dip in the RMS values while still
within the STN (Fig. 5B) that was found in some
trajectories.

An additional advantage of this Bayesian approach is
the ease in which additional localizing parameters can be
added in the future. Currently, the likelihood probability
consists of only two parameters: the NRMS and EDT.
Future plans are to include more parameters, such as
spectral features of the analog signal, local field potential
(LFP),2! and other “spike sorting free” parameters to the
likelihood probability, in order to enhance accuracy. This
may aid in detecting the STN ventral border near the
SNr, where the NRMS transition between nuclei is less
clear. The two most notable advantages of this method
are its independence of online detection and sorting of
spiking activity and the short recording time needed for
location analysis. Online spike sorting is a pitfall for
most other STN localization techniques. Whereas neuro-
nal spike characteristics (i.e., firing rate, burstiness, 0s-
cillation, and spike shape) of the STN and other struc-
tures have been well studied’® and do enhance STN
localization, it is still computationally impractical to
calculate in a real-time intraoperative scenario. In con-
trast, the NRMS is low-cost computationally and can be
calculated in real time with ease. The same holds true for
the posterior probability calculation. A further obvious
phase would be to automate the whole targeting proce-
dure. With the simplicity of the NRMS calculation and
the short periods of time needed to record in each depth,
an automated procedure that advances the electrode,
records the signal, evaluates location, and advances the
electrode to the next depth is simple to implement. The
outcomes of our procedure of reduced surgery time,
together with finer precision of STN localization, may
reduce the risk of postoperative complications and en-
hance surgery clinical effects by better electrode
positioning.
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