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Abstract

Background: Deep brain stimulation (DBS) is a treatment option for Parkinson’s disease patients when medication
does not sufficiently manage their symptoms. DBS can be a highly effect therapy, but only after a time-consuming
trial-and-error stimulation parameter adjustment process that is susceptible to clinician bias. This trial-and-error pro-
cess will be further prolonged with the introduction of segmented electrodes that are now commercially available.
New approaches to optimizing a patient’s stimulation parameters, that can also handle the increasing complexity of
new electrode and stimulator designs, is needed.

Methods: To improve DBS parameter programming, we explored two semi-automated optimization approaches:

a Bayesian optimization (BayesOpt) algorithm to efficiently determine a patient’s optimal stimulation parameter for
minimizing rigidity, and a probit Gaussian process (pGP) to assess patient’s preference. Quantified rigidity measure-
ments were obtained using a robotic manipulandum in two participants over two visits. Rigidity was measured, in
5Hz increments, between 10-185Hz (total 30-36 frequencies) on the first visit and at eight BayesOpt algorithm-
selected frequencies on the second visit. The participant was also asked their preference between the current and
previous stimulation frequency. First, we compared the optimal frequency between visits with the participant’s
preferred frequency. Next, we evaluated the efficiency of the BayesOpt algorithm, comparing it to random and equal
interval selection of frequency.

Results: The BayesOpt algorithm estimated the optimal frequency to be the highest tolerable frequency, match-

ing the optimal frequency found during the first visit. However, the participants' pGP models indicate a preference at
frequencies between 70-110 Hz. Here the stimulation frequency is lowest that achieves nearly maximal suppression
of rigidity. BayesOpt was efficient, estimating the rigidity response curve to stimulation that was almost indistinguish-
able when compared to the longer brute force method.

Conclusions: These results provide preliminary evidence of the feasibility to use BayesOpt for determining the opti-
mal frequency, while pGP patient’s preferences include more difficult to measure outcomes. Both novel approaches
can shorten DBS programming and can be expanded to include multiple symptoms and parameters.
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upon the stimulation waveform delivered. Three param-
eters describe the waveform: amplitude (voltage or cur-
rent), frequency, and pulse width. These parameters have
a wide range of possible values and are determined for
each patient, individually, after a prolonged clinical opti-
mization phase following implantation of electrodes in
the subthalamic nucleus or globus pallidus interna. Cur-
rent generation of DBS electrodes have multiple contacts
(4 to 8), which the clinician will have to determine the
best configuration (anodes and cathodes) as well. Given
the range of possible waveform parameters and different
electrode configuration, millions of possible setting com-
binations are possible. From a clinical perspective, the
effective parameter space is much smaller. Many settings
do not reach clinical effectiveness, have similar motor
sign improvement, or are likely to induce side-effects and
thus can be excluded from exploration [7, 8]. Nonethe-
less, the determination of “optimal” stimulation settings
requires the clinician to iteratively modify stimulation
parameters to best alleviate the individual’s motor signs.
This can require 50 or more hours of parameter tuning
[9]. Following this process, improvements in Unified
Parkinson’s Disease Rating Scale (UPDRS) motor scores
between 20-50% are often seen in individuals [2, 6, 10].
While the clinician optimization parameter improve
UPDRS scores, it is still uncertain whether the clinician
has identified the best stimulation settings using this tun-
ing approach given that a large proportion of the param-
eter space remains untested.

Selecting the optimum stimulation settings state is fur-
ther limited by the subjectivity and poor resolution of
the motor outcomes measures. The clinical standard to
evaluate the efficacy of stimulation is through examina-
tion of motor signs such as rigidity, bradykinesia, tremor,
and gait. The severity of these motor signs is assessed
using the motor UPDRS, which assigns a score to each
element of the exam with an ordinal value between 0—4.
This method of assessment and ordinal scoring limits the
accuracy of outcome measurement, because it is subjec-
tive and limited in scope. Methods have been developed
for the quantitative assessment of rigidity [11-14], brad-
ykinesia [15-21], tremor [22], and gait [23—-27], but these
are rarely used to determine DBS settings [28, 29].

Several methods to increase the efficiency of DBS pro-
gramming have previously been proposed. These include
algorithms to select stimulation parameters based on
iterative clinical assessments of benefits and side effects
[7, 8, 30-32]. Yet, the parameter space tested with these
approaches is still limited, and it is unclear if the greatest
efficacy for a given motor sign has been achieved. Oth-
ers have attempted to use biophysical models to deter-
mine settings that create a presumed ideal electrical field
within a region of interest [33—37]. These electrical fields
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are modeled to selectively activate the desired brain tis-
sue and minimize current spread to structures that
may cause side effects. However, these techniques rely
on high-resolution imaging of the lead and brain. This
approach also assumes that one particular anatomical
stimulation target is the most efficacious. Yet, there is
currently a lack of consensus on the best target region(s)
[38] or neural elements for symptomatic improvement.
Finally, the most effective site for one symptom may be
different from the best site for another [39-41], and the
best target may differ between patients.

We posit that the determination of DBS settings can be
substantially improved by using quantitative measures of
motor signs obtained during standardized and controlled
tasks. This approach increases the resolution of the out-
come measure and removes potential bias.

Here we propose a semi-automated Bayesian optimi-
zation approach to tune stimulation parameters using
quantitative real-time measures of motor function to
discover patient specific optimized settings. Addition-
ally, we modeled the patient preference to stimulation
parameters using a semi-automated probit Gaussian
Process based on pairwise comparisons. The Bayesian
optimization approach used here differs from past opti-
mization approaches as it creates a model of motor func-
tion response to stimulation parameters. This method
of optimization combined with a standardized and con-
trolled task to quantify motor function will provide a
more efficient method to consistently model a patient’s
motor function response to parameter adjustment.
Therefore this method can consistently converge on the
most efficacious stimulation settings. Fast convergence
could minimize time and cost associated with determin-
ing optimal stimulation parameters, and this could also
reduce the confounding effects of patient fatigue. Fatigue
is known to significantly alter motor function. Consist-
ent outcomes potentially reduce bias from the clinician,
reducing the variance in UPDRS motor score improve-
ments. Furthermore, Bayesian optimization can also help
optimally resample parameters of interest to improve
accuracy as well ensuring that the parameter space is
adequately tested so that potentially good therapeutic
settings are not missed. The BayesOpt and probit Gauss-
ian Process approaches are described as semi-automated,
as it depends on a clinician present to set parameters and
to observe potential side effects. This study demonstrates
the process and the feasibility of using a Bayesian optimi-
zation approach in two patients.

For the purposes of proof-of-principle, we chose to
optimize stimulation frequency using real-time meas-
ures of forearm rigidity, obtained from a robotic manipu-
landum [42]. Rigidity was chosen as the motor outcome
based on evidence that it rapidly responds to DBS [14],
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thus providing a reasonable wash-in period to rapidly
assess the effects of stimulation frequency. Additionally,
rigidity response to frequency has not been as widely
studied as bradykinesia and tremor, and may not be
monotonic. Lower frequencies have shown to yield lit-
tle to no effect, or may even worsen rigidity. Conversely,
stimulation at higher frequencies (> 60Hz) can produce a
rapid and marked reduction in rigidity [14, 43].

There are two goals of this project, (1) develop a
method for rapid and efficient semi-automated optimiza-
tion of frequency to minimize rigidity, and (2) develop a
method to determine an individual’s preferred stimula-
tion frequency. A comparison between approaches will
determine if the most efficacious settings differs from
the patient’s preference. While the study only looked at
one motor sign and stimulation parameter, the benefits of
optimization using the Bayesian approach is expected to
be greater when generalized to more than one parameter.

Methods

Participant demographics

Two individuals with PD (Table 1) were tested, one with
DBS targeting the internal segment of the globus pal-
lidus and the other with DBS targeting the subthalamic
nucleus. Both individuals showed significant improve-
ments in motor symptom severity (assessed using part III
of the UPDRS) while on clinical stimulation settings com-
pared to off stimulation (Participant 1: off DBS UPDRS
III = 56, on DBS UPDRS III = 42; Participant 2: off DBS
UPDRS III = 65, on DBS UPDRS III = 30). The protocol
was approved by the local institutional review board and
both individuals provided informed consent prior to par-
ticipation. Testing was conducted in the off-medication
state, with their last dose of Parkinson’s medication taken
at least 16 h prior to their visit dates. Both participants
were classified as having the akinetic-rigid subtype of
PD based on the ratio between the participant’s UPDRS
tremor and bradykinesia scores [44]. Throughout testing,
DBS amplitude, pulse width, and electrode contacts set-
tings were fixed to their clinically optimized settings.

Rigidity measurement

A custom-made robotic manipulandum (Entact, Toronto,
CA) was used to quantify rigidity. The robotic manipu-
landum houses a handle attached to a servomotor allow-
ing rotation about the supination-pronation axis of the
forearm (Fig. 1a). A strain gauge is attached to the shaft
of the handle and is used to measure resistive torque.
Torque is obtained from the strain gauge data after it is
passed through a 16-bit digitizer (National Instrument,
Austin, TX) sampling at 1KHz, followed by a digital low
pass filter with a cutoff frequency of 20Hz using a 2 pole
Butterworth filter (Fig. 1b). To estimate the force the
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participant imposes on the handle, the torque is recti-
fied and integrated with respect to time, thus obtaining
a measure of angular impulse [12]. The slope (vs. time)
of the angular impulse was taken as the Robotic Manipu-
landum Rigidity (RoMaR) value, as shown in Fig. 1c. This
method of quantifying rigidity has been validated with
PD patient’s UPDRS Upper limb rigidity scores [42].

Optimization

Considerable effort is needed by our PD participants to
obtain multiple RoMaR values. Participants were asked
to come into lab off PD medication and stimulation
turned off prior to the experiment. Furthermore, motor
signs are not sufficiently alleviated during the experi-
ment, making it difficult for the participant to reach the
end of the experiment. Considering these issues, not
all optimization algorithms are viable. An efficient and
cost-effective algorithm is needed. In this study we used
a semi-automated Bayesian optimization approach to
sample the participant’s specific rigidity-frequency rela-
tionship, as it has been shown to be efficient in terms of
number of samples needed and useful when measure-
ments are costly to obtain [45—49].

Our objective function for the semi-automated Bayes-
ian optimization algorithm only includes a quantitative
measure of rigidity. However, motor sign improvement
and side effects are considered during clinical optimiza-
tion. To include side effects into Bayesian optimization,
a quantitative measure is needed. Side effects are diffi-
cult to quantify accurately, and rather than incorporat-
ing a coarse measurement into the objective function, a
comparison approach can be taken. In conjunction with
Bayesian optimization, subjects are asked to select their
preferred setting when comparing their current setting
to their previous setting. These pairwise comparisons are
used to create a preference model at the end of the exper-
iment using a probit Gaussian process.

Bayesian optimization

Bayesian optimization’s (BayesOpt’s) efficiency in sam-
pling arises from incorporating prior beliefs about the
input space with observations to build a model using
Bayes’ theorem,

PM | E) x P(E | M)P(M).

This equation states that the posterior probability of the
model M, given observations, E, is proportional to the
likelihood of observing E given the model, multiplied by
the prior probability of M. Once the model M has been
built, BayesOpt operates on the model to direct sampling
where it is beneficial to the goals of the optimization.
Four steps are needed to run BayesOpt: (1) construc-
tion of a model from evidence, (2) estimate the mean and
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Fig. 1 Rigidity quantification. a Robotic manipulandum. A
participant is instructed to hold onto the handle as a motor moves
itin a sinusoidal rhythm. Torque is measured through a strain gauge
that is attached to the motor. b Estimating rigidity from torque data.
Torque data is low pass filtered with a cutoff frequency of 20Hz and
measured over a 20 s trial after a 5 s warm-up. ¢ A patient’s RoMaR
value is calculated by measuring the slope of the impulse of the
filtered torque signal (red line)

standard deviation at each frequency, (3) determine the
utility of sampling at various frequencies, and 4) sample
where utility is highest. These steps are repeated until
some metric of model convergence is achieved.

Various methods can be used to create a model from
evidence, but a Gaussian processes (GP) is preferred
because it meets many “simple and natural” conditions
common in many optimization tasks [45]:

f &) ~ GP(m(x), k(x,x)).

A GP is a generalization of the Gaussian probability dis-
tribution and can be thought as a distribution over func-
tions [50]. The GP is completely specified by its mean
function, m(x), and covariance function, k(x,x’), which
measures the “similarity” between any two frequencies x
and x’. The mean function is often set to 0, but was set
to the mean RoMaR value after testing four frequencies
in our study. For the covariance function, we used the
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Matérn kernel [51, 52] as it offers flexibility between the
smoothness of the input-output response and is among
the most common kernels for GPs [49]:

k(xi, %)) =
_

sy @Vl = 5 HL 2l = 1),

where I'(*) is the Gamma function, and H,, is the Bessel
function of order v. Smoothness of the covariance func-
tion is balanced through the order parameter, v, and the
length-constant £. For this study, v = 3/2 as we expected
to observe coarseness in the data but a smooth trend, and
estimated ¢ using MATLAB’s hyperparameter optimiza-
tion (MATLAB 2017b, Mathworks Inc., Natick, MA) for
each participant.

Now that we have built a model from our evidence,
we can estimate the mean and standard deviation of
RoMaR values at each frequencys; this estimation is also
called the predictive distribution. To calculate the pre-
dictive distribution, we incorporate all of our observa-
tions, D1., = x;,f (x;), with our GP model. Let us define
a vector containing all values fi1., = [f(x1),....f (xx)].
An expression for the predictive distribution can be
derived as,

P(fui1 | Diw 1) = N (n@ni1, 020 (%t1))
where

M (Xpy1) :kTK_lfI:n;

0 (np1) =k (Enr1,%041) — KKk

We denote k as a vector of covariance
[k (Xn+1,%1), . kK(Xy+1,%4)], and K as a matrix containing
all covariance values where the i, j entry is the covariance
k(xi, %)),

We use the information contained in the predictive
distribution to determine where to sample next. Using
the mean and standard deviation, BayesOpt selects the
frequency where the utility, u(x), is greatest. In this
study, utility was defined as the expected improvement
to the model’s estimated minimum at each frequency:

(%) :{ E)M(x) —f@E))P(2Z) +0x)¢(2) ifo(x) >0

ifo(x) =0
7 @ —f&x7)
o (%)
where x7 = argminycy, f (%), ®(-) is the cumulative

density function of a standard normal distribution, and
¢ (+) is the probability density function of a standard nor-
mal distribution. Sampling only where it is expected to
improve the greatest can oversample an area of the input
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space, and choose a local minimum as the optimized
frequency. MATLAB provides a method to account for
oversampling through an exploration ratio that balances
exploration and sampling near the estimated minimum.
We use the MATLAB’s “bayesopt” function to calculate
the utility at all frequencies using MATLAB'’s expected
improvement function and set an exploration ratio of 0.5.
MATLAB returns the frequency with the largest utility to
sample:

X1 = argmaxy, . u(Xp+1 | Din).

Sampling where the variance is greatest will provide new
evidence and reduce the model uncertainty at that set-
ting; improving the GP model’s estimation of the under-
lying rigidity response. However, the magnitude of the
frequency could induce intolerable side effects in human
participants. To safely test the frequency with the highest
utility, a clinician was tasked with changing the frequency
and monitor the participant for side effects. New evi-
dence from sampling was used to update the GP model.
See below for more information regarding the experi-
mental protocol.

Probit gaussian process

An optimization algorithm depends on the metric used
to measure the outcome. In previous sections, we have
focused on optimizing rigidity, which ignores other
symptom reductions and side effects caused by stimula-
tion. The ultimate goal is not just to reduce rigidity, but
also to minimize side effects and improve overall quality
of life. Unfortunately, side effects and quality of life are
difficult to measure, and to optimize for. Even if accurate
rigidity and side effect measurements could be obtained
during optimization, we would have to choose a function
that balances the value of rigidity and side effects into a
single scalar value.

Instead, we can re-formulate the problem and attempt
to optimize directly for the desired outcome: patient pref-
erence. Asking patients to provide ratings on a numeri-
cal scale is difficult for the patients, often inaccurate, and
subject to cognitive biases [53, 54]. However, humans
excel at comparing options and expressing preference for
one over the others [55]. In applications requiring human
judgment, preference between two options is often more
accurate than numerical ratings [56, 57].

In order to use binary preference data, we must refor-
mulate the GP into a probit Gaussian process (pGP).
In a pGP, instead of being able to directly sample the
objective function, we must infer it from a set of binary
observations. Our data is no longer a score at each set-
ting, but is a set of ranked pairs D = {a; > b;}/";, where
> indicates that a patient prefers setting a to b. We use
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x1.m to denote the m distinct comparisons in the train-
ing data, where a; and b; are two elements of x1.,.

We model the value function v(-) for any setting as
v(-) =f(-) + ¢, where € ~N(0,06%) is normally dis-
tributed noise. The value function describes the value
a patient derives from a given setting, with the noise
term modeling uncertainty in the participant’s prefer-
ences. Here, o is set to 1, and is not learned. The chal-
lenge here is to learn f; where f = {f(x;)}/"_; is the value
of the objective function at the training points.

We can now relate our binary observations back to
the latent objective function using binomial-probit
regression. An example of the probit procedure used
to model a 1D function from a series of preferences is
illustrated in Fig. 2. Using this model, the probability
that item a is preferred to b can be calculated as:

P(a; > bilf (a),f (bi)) = P(v(a;)) > v(b)|f (@), f (b))
=P(f(a) —f(b;) > € — €4)
- f(ai) — f(bi)
ol i)

where ®(-) is the CDF of the standard normal distribu-
tion. The probability that a is preferred to b is propor-
tional to the difference between fla) and f(b), divided by
the magnitude of the noise, o [49].

Now, we can estimate the posterior distribution of
the latent objective function. Our goal is to find the dis-
tribution of the objective function which maximizes the
posterior probability of our binary observations, known
as the maximum a posterior (MAP) estimate. We use
Newton-Raphson recursion to learn fyap:

0.3 > 0.
0.3 > 0.
04 > 0.
0.8 > 0.

wo N

>
>
>
>

f(x)

0.0 0.2 0.4 0.6 0.8 1.0

Fig. 2 Example of the probit model inferring a GP from a set

of preference data. Five evaluated inputs, f(x), selected from a
one-dimensional input space, x. Four comparisons are made between
two evaluated inputs and are listed in the top left. Preference for an
input is noted by being on the left side of the arrow, with the input it
was compared to on the right of the arrow
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Jmap = argmax P(f|D)

n
P(f) [ [ Pai = bilf (@), f (B0)).
i=1
Newton-Raphson recursion is subject to becoming stuck
in local minima, so multiple restarts with random initial
conditions (N = 25) was performed.

After computing the model of the objective func-
tion, fyap, we can derive the predictive distribution of

P(fi11lfmap, D):

P(fi1fmap, D) ox N (KK fyrap,
k(xt+1, xt+1) — kT(I( + C_l)_lk),

where C is a matrix whose m, nth entry is given by

92 M
CWIVI = - 1 q> Zi
" e 2 %8 @)

and

_ f(a) —f(b;)
V2o

As before, k and K are the vector and matrix of covari-
ances between inputs x.

Using the predictive distribution, we can then compute
the utility and proceed with sampling as described in
Bayesian Optimization.

Z;

Experimental protocol

This study consisted of two visits. On the first visit, a
brute-force approach was used to measure the RoMaR
value at all frequencies, in pseudorandom order, between
10 and 185Hz in increments of 5Hz. Two additional
measurements at the participant’s clinical frequency at
the beginning and end of the experiment. Frequencies
that produced uncomfortable side effects were halted
and all higher frequencies were not tested. On the second
visit, RoMaR values was obtained at four seed frequen-
cies, 30, 80, 90, and 140 Hz prior to BayesOpt guided
programming. These four frequencies were selected prior
to the first participant and spanned a range that would
be comfortable for most PD patients, with two samples
(80Hz and 90Hz) near the anticipated transition between
ineffective and suppressive stimulation frequencies that is
seen in most patients. After testing at these seed frequen-
cies, BayesOpt selected the next frequency to test for 8
iterations and incorporated frequency boundaries discov-
ered during the first visit. One hour was allocated to test-
ing, which included testing the 4 seed frequencies, data
analysis and Bayesian optimization for setting selection,
and the 8 tests, for a total of 12 rigidity measurements
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and 11 preference choices for each participant. The first
rigidity measurement on each visit occurred after DBS
has been turned off for 1 h. For both visits, frequencies
were programmed into the implantable pulse generator
by a movement disorder specialist who could observe any
notable side effects and terminate the stimulation if nec-
essary (Fig. 3).

Each rigidity measurement follows these steps: clini-
cian sets stimulation frequency and monitors for side
effects, 4 min of wash-in, custom software controlled
25 s of passive movement imposed by the manipulan-
dum with a range of motion of +40°, custom software
calculation of the RoMaR value, and relay of the next
frequency to the clinician. For visit 2 there are three addi-
tional steps: update of the GP model with the calculated
RoMaR value, BayesOpt determined next frequency to
test, and prompt the participant for frequency prefer-
ence. Specifically, preference was asked with the follow-
ing: “Which did you prefer, the current setting or the
previous one, meaning the setting that felt best to you in
terms of symptom reduction but also side effects?” The
total time between each rigidity measurement takes was
approximately 5 mins, with the majority of that time ded-
icated to wash-in time.

Data analysis
A GP was to fit to the patient data sampled using the
brute-force and the BayesOpt methods, and a pGP was
created at the conclusion of the BayesOpt experiment.
Two metrics are derived from the GP models: (1) the
optimal frequency and (2) the frequency range consid-
ered indistinguishable from the minimum. The optimal
frequency for rigidity suppression was estimated where
the GP model’s mean was at a minimum. The frequency
range was estimated as all frequencies whose rigidity
scores fell within one standard deviation of the value at
the minimum. We then compared the optimal frequency
found between BayesOpt and the brute-force approach.
Next, to analyze the efficiency of the BayesOpt method
we simulated two other sampling methods from the
brute-force data and compared the frequency range of
the estimated curves. One simulated approach was to
sample between 10Hz and the maximum frequency each
participant could tolerate in approximately equal inter-
vals. For example, sampling at three points between 10
and the maximum frequency of Participant 1 (155 Hz),
we would select brute-force RoMaR values at 10, 85,
and 155 Hz. When the boundary of an interval was not
one of the brute-force frequency tested, the frequency
was rounded to the nearest tested setting. The second
simulated approach randomly selected frequencies, with
repeats allowed. Each sampling method was simulated
with increasing number of included brute-force RoMaR
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3) Collect torque
(25s)

Manipulandum

Rigidity
Measurement
Loop

IPG

2) 4 min wash-in

4) RoMaR calulation (~ 5 sec)
4a™) Update GP model (~ 5 sec)
4b") BayesOpt determined test frequency (~ 5 sec)
4¢™") Prompt participant for preference (~ 20 sec)
5) Relay frequency (~ 5 sec)

Visit 1 (~ 4 hrs)
I. MDS-UPDRS Off-med (15 min)
II. Wash-out (1 hr)

o Il Rigidity
Phy5|C|an measurements
% (32-36 iterations x ~4:50 min)

Visit 2 (~ 2.5 hr)

. MDS-UPDRS Off-med (15 min)
II. Wash-out (1 hr)
I Rigidity measurements”

(4 seed frequencies x 5 min)
IV. BayesOpt guided frequency

rigidity measurement”

(8 iterations x ~5:20 min)

1) Specialist set
frequency (~ 5 sec)
1a) Observe for
side effects (~10 sec)

Fig. 3 Loop schematic and experiment flow chart. Visit 1 and 2 both measure UPDRS and is followed by 1 h of stimulation washout. After washout,
rigidity is measured at all frequencies between 10-185 Hz during visit 1, and at 4 seed frequencies (30, 80, 90, and 140 Hz) during visit 2. Visit 2

then uses BayesOpt to guide frequency selection for 8 iterations. All rigidity measurements follows the loop diagram starting with the movement
disorder specialist programming the frequency on the participant’s implantable pulse generator

values, fitting a GP at each iteration. Additionally, the
random frequency selection was repeated 50 times. The
frequency range of the GPs were stored for each method
and compared to the BayesOpt method.

Lastly, we analyzed the peak of the participant’s stimu-
lation frequency preference model to the optimal fre-
quency of the BayesOpt GP model.

Results

The objective of the study was to develop two meth-
ods: (1) a rapid and efficient semi-automated approach
to optimize stimulation frequency to minimize rigidity,
and (2) a method to determine an individual’s preferred
stimulation frequency. We evaluate the efficiency of the
semi-automated approach (BayesOpt) by comparing it
to brute-force methods. Additionally, BayesOpts reli-
ability was also investigated and compared to brute-force
methods. Individual preferred stimulation frequency was
compared to the results of BayesOpt. Two participants
had two separate visits for optimization. In the first visit,

the stimulation frequency was systematically tested at
30 frequencies for Participant 1 and 36 frequencies for
Participant 2. For Participant 1, only stimulation fre-
quencies at or below 155Hz were tolerable. In total, visit
1 (brute-force method) testing took 4 h. In the second
visit (BayesOpt approach), the rigidity response curve
to stimulation frequencies tested were selected dur-
ing the study using the BayesOpt algorithm. During the
BayesOpt experiment, we also asked patients to report
which stimulation setting they preferred, the current
stimulation frequency or the previous frequency tested,
to estimate their preference for stimulation frequency.
The pairwise comparisons were then quantified to pro-
vide a value of each setting using a pGP. Visit 2 testing
(BayesOpt) took 2.5 h. Here we report four results: (1)
how rigidity is dependent on stimulation frequency, (2)
a comparison of rigidity’s dependency on frequency fit
with GP models from the brute-force and the BayesOpt
sampling, (3) evaluation of the efficiency in estimating
the rigidity-frequency curve using BayesOpt, and (4) the
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participant’s preference for stimulation frequency;, as esti-
mated using the pGP.

In both participants we observed that stimulation fre-
quency greater than 80Hz was more effective at reducing
rigidity than low frequency stimulation (Fig. 4, Brute-
force). Interestingly, 10Hz in both participants reduces
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rigidity greater than 20-50Hz stimulation. Rigidity does
not follow a steady decrease after 50Hz for Participant
2, where rigidity is higher between 130-155Hz than
frequencies around it. Participant 1 does show a steady
decrease after 50Hz, where their rigidity suppression was
proportional to the stimulation frequency.

Brute-Force

Participant 1 Participant 2

500 7
400
300 1

200 1

100 1

Frequency
Range

115 150 185 10 150 185
Bayesian Optimization

3 6 3 6
500 500
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400 3
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400 1
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Fig. 4 GP fits after Brute-force and BayesOpt optimization programming. Two PD participants (column) have had their rigidity response curve
measured using two different sampling methods. Brute-force method tested all frequencies spaced by 5Hz from 10-185Hz, and sampled in
pseudorandom order, top row. Bayesian optimization guided frequency testing for rigidity, bottom rows. Smaller plots shows the fitted GP model
evaluated at 3, 6, and 9 frequencies selected by the BayesOpt method. The bottom row shows the final GP fitted model after 12 iterations of the
BayesOpt method. Black dashed lines indicate the participant’s RoMaR value after 1 h off stimulation. Red dot indicates the estimated frequency
that minimizes rigidity. Shaded gray region indicates RoMaR values within u + o of the optimal frequency and the frequency range is defined as all
frequencies whose estimated RoMaR values fall within this range and is indicated by the two thin vertical lines

150 150 185
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Rigidity was minimized at the highest frequency toler-
ated, or tested, at 155Hz for Participant 1 and185Hz for
Participant 2 during their brute-force visit (Fig. 4, Brute-
force Red dot). These stimulation frequencies were also
estimated to minimize the participant’s rigidity from
their BayesOpt model, which was determined using less
than half of the number of evaluations needed for the
brute-force model. The GP models between the two visits
also had comparable accuracy, as evaluated by the mod-
el’s frequency range. For the brute-force model, the fre-
quency range that suppressed rigidity was 39Hz wide for
Participant 1 and 94Hz for Participant 2. BayesOpt mod-
els had frequency ranges that suppressed rigidity of 53Hz
for Participant 1 and 100Hz for Participant 2, a difference
of 14Hz and 6Hz.
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Efficiency and reliability of the BayesOpt algorithm
was evaluated through comparison between two dif-
ferent sampling methods: equal interval and random
sampling of the frequency space (Fig. 5). The frequency
range of rigidity suppression decreased for each sam-
pling method as the iteration number increased for
both participants. BayesOpt results in a large frequency
range decrease after 4 iterations for both participants,
followed by smaller increases or decreases as the num-
ber of iterations increases (blue circles). Equal interval
sampling showed a similar performance as BayesOpt
in Participant 1, but with larger changes in frequency
range as the iteration number increased (green cir-
cles). In Participant 2, equal interval sampling achieved
the smallest frequency range, but also had the largest

Participant 1 Participant 2
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160 160
140 ‘ej 140
)
~N i i
T 120 120 U A\
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> N il
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Iteration

——6—— Bayesian Optimization —=—— Equal Interval

Random Frequency

Fig. 5 Efficiency comparison analysis of different methods. Frequency range (bottom) after each iteration of Bayesian optimization (blue circles)

and two post-hoc frequency selection methods. The first post-hoc frequency selection method sampled approximately equal intervals 5Hz (green
squares). The second method randomly selected frequencies (orange triangles), and the shaded light orange region indicates the standard deviation
of 50 simulations at each iteration. dashed line indicates the frequency range of the full brute-force GP model. The frequency range measured the
distance between the optimal frequency and the lowest frequency that is contained within the optimal frequency’s mean and standard deviation
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variation in frequency range. Random sampling, on
average, had the slowest decrease in frequency range of
the different sampling methods (orange triangle). The
standard deviation of random sampling decreased for
Participant 1 as the iteration increased. However, the
standard deviation did not change appreciably after 10
iterations for Participant 2.

While testing different stimulation frequencies dur-
ing Bayesian optimization, we asked patients to evalu-
ate which setting they preferred: the current or previous
setting. Based on the pairwise comparisons, the value of
settings as a function of frequency was estimated using
a probit Gaussian process. Fig. 6 shows the GP fit to
the rigidity-frequency and pGP fit for preference-fre-
quency for both participants. Both participants did not
prefer frequencies that provided the minimum rigidity
scores at the top of the stimulation frequency range, as
one might expect. Instead, they preferred frequencies
between 70-110Hz, the lowest frequencies that achieved
around 80% of the benefit seen at the maximum rigidity
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suppression. Participant 1 strongest preference is at
70Hz, and Participant 2 at 89Hz.

Discussion

Here we have demonstrated the feasibility of a semi-auto-
mated Bayesian optimization approach to rapidly and
efficiently determine a single stimulation parameter (fre-
quency) to minimize a single motor sign of Parkinson’s
Disease. The approach was able to model the participant’s
rigidity response efficiently and accurately. Addition-
ally, we explored the difference between an individual’s
preference and response model. By using Bayesian opti-
mization, the optimal frequency for maximum reduced
rigidity was determined from fewer sampled frequen-
cies than those using the brute-force estimation method.
Bayesian optimization also reduced the frequency range
it sampled over quickly with small changes with increas-
ing number of samples, improving the confidence that
the optimal frequency was found. When compared to
random sampling, equal interval sampling, and BayesOpt
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500 1 400 A
A X
—450- -
E 300 1
5 E XX
O = 4004
[ = XX
S 200
© _ X
3 < 350
i x x
300 T 100 i
250 1
10 45 80 115 150 10 45 80 115 150 185
2_
2_
) 1.5
(]
5 4
3 g
L ~ 0.5
o>
% < o M\ oA
o
G 05
£
£ 1 -1
-1.51
10 45 80 115 150 10 45 80 115 150 185
Frequency (Hz)
X Tested Frequencies Model Mean 95% Confidence Interval
Fig. 6 Probit Gaussian process fits. Rigidity response to frequency model after BayesOpt compared to preference model. The BayesOpt model was
created after 12 iterations of the algorithm. The participants were asked which setting they preferred (the current or previous frequency setting).
This was used to obtain their preference model. The average expected preference an input has over the entire input space is shown as the solid
blue line, and the 95% confidence interval is shown as the shaded blue region
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methods, BayesOpt was able to more efficiently and reli-
ably estimate the rigidity’s sensitivity to frequency and
narrow down the frequency range where the minimum
rigidity is observed. Considering balancing the accuracy
of the curve fit and narrowing the range of the frequency
range around the minimum rigidity, this suggests that
BayesOpt is the most successful sampling algorithm.
When measuring patient preferences between different
frequency settings, we found that their preferred stimu-
lation frequency is not at the frequency where rigidity is
most suppressed, but at the minimum frequency at which
rigidity significantly suppressed.

The pGP models, constructed from the patients’ pref-
erence, revealed that both participants preferred stimu-
lation frequencies that differed from the frequency
that maximally reduced rigidity. The difference may be
explained by the limitation of the RoMaR value to cap-
ture side effects of the stimulation. Side effects of DBS
include motor and non-motor effects. Some motor side
effects, such as dyskinesia, are easily detectable by an
examiner, but more subtle or non-motor side effects
like mood changes [58, 59] may be apparent only to the
patient. Impairment of verbal fluency, induced at higher
stimulation frequencies, [60] is another subtle symptom
that is more easily detected by the patient. Our findings
suggest that patients may prefer stimulation settings that
balance effects of multiple symptoms and side effects.
How patients weigh the significance and severity of mul-
tiple factors might differ among individuals and is an
open question for future research.

We tested participants with a predominantly akinetic-
rigid subtype of PD because we expected that rigidity
in these individuals would have a strong dependence on
stimulation parameters. Our findings may only be appli-
cable to people with a similar phenotype. However, the
efficacy of DBS on other motor signs, such as tremor
and bradykinesia, is also dependent upon stimulation
frequency [61, 62]. Accordingly, this semi-automated
approach could be applied to optimize other motor signs
that can be readily be quantified in real-time.

Limitations

The data set used here is limited and the results may not
generalize to other participants, but the optimization
approach should. Participants in this study were classi-
fied as the akinetic-rigid subtype of PD and had disease
durations of 9 and 16 years. Patients who are tremor
dominant may not have rigidity that responds strongly
to frequency. Additionally, patients that are in the early
stages of PD may not present with RoMaR values greater
than healthy older adults. However, the average dis-
ease duration prior to receiving DBS therapy is 13 years
[63]. This duration is greater than Participant’s 2 disease
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duration. Also, while tremor dominant subtype patients
may not benefit from this approach, our findings indicate
that akinetic-rigid subtypes can benefit. Furthermore,
our results also indicate that the BayesOpt approach
can be effective regardless of stimulation target. Partici-
pant 1 had stimulation target in the internal segment of
the globus pallidus, and Participant 2 had stimulation in
the subthalamic nucleus. Both subjects showed a simi-
lar rigidity response to changes in frequency, which is in
broad agreement with previous studies showing that the
motor benefits of DBS are similar between the two tar-
gets [10, 64—68]. Given the results of the study, we expect
similar outcomes in a larger group of akinetic-rigid PD
subtypes for rigidity.

A potential confound in this study was the dura-
tion of time between visits. In Participants 1 and 2 the
time between visits were 4.5 and 9 months respectively.
These time periods are sufficiently long that expression
of rigidity may have changed between tests. In a 5-year
longitudinal study, Holden et al. found that clinical motor
scores increased 2.4 points per year [69]. For Participant
1, an increase in the UPDRS III right arm rigidity scores
increased by one ordinal point from visit 1 to 2, and this
is reflected in the higher RoMaR values seen during visit
2. Participant 2, however, had no change in clinical rigid-
ity score, and but their RoMaR values were lower during
visit 2. This may reflect day-to-day fluctuations in motor
signs and differences in medication wash-out between
visits, which are not captured by the clinical rating scor-
ing system. Nonetheless, despite changes in the mean in
RoMaR values, the shape of the response curve was con-
sistent for both the brute-force and the BayesOpt meas-
ured curves.

While this study focused on optimizing RoMaR values
alone, total energy delivered (TEED) may also be consid-
ered [70] when optimizing stimulation parameters. How-
ever, it has also been observed that TEED may not play
as critical of a role as the frequency when tuning stimula-
tion parameters [71]. If one desires to add TEED to the
optimization, TEED may be scaled and then added to the
RoMaR value for a total cost. Alternatively, stimulation
amplitude can be adjusted to compensate for changes in
frequency to keep TEED the same across the study. In
this study, we neither accounted for nor compensated
for changes in TEED in the optimization. In a study by
Rizzone et al. showed that lower frequencies required a
larger stimulation amplitude than higher frequencies to
reach clinical effectiveness [30]. Therefore, in our study,
the TEED may have been below therapeutic levels with
stimulation at low frequencies. However, both partici-
pants showed that 10Hz stimulation was more effec-
tive at reducing rigidity than 20-50 Hz (Fig. 4, top row).
These results may indicate that the rigidity dependence
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on frequency is not monotonic, but this was not explored
in detail. Keeping TEED constant may be beneficial when
optimizing for one stimulation parameter but may intro-
duce difficult trade-off considerations when optimiz-
ing over several parameters. For example, shortening
the battery life to obtain the greatest reduction in motor
symptoms.

Variability in RoMaR values influences the Gaussian
process model and can influence the acquisition function
within the BayesOpt algorithm. The acquisition function
used in this study was the expected improvement func-
tion, which selects the next point to sample based on
mean and variance. Unfortunately, we could not evalu-
ate how rigidity variability influences the BayesOpt algo-
rithm with our brute-force and BayesOpt data set. In
the brute-force data set, time was limited given that the
participants were in the off-medicate state and due to the
amount of time allocated for new stimulation frequency
settings to wash-in. In the BayesOpt data set, we did not
control what frequencies to sample rigidity at. Some fre-
quencies were tested more than once, but all frequencies
are not guaranteed to be tested when the number of iter-
ations of the BayesOpt algorithm is less than the number
of all possible frequencies we could test.

Other optimization approaches may perform as well,
or outperform, the BayesOpt algorithm when optimizing
one stimulation setting to one motor symptom of Par-
kinson’s disease. When comparing the frequency range
of the Gaussian process models as more data is included
(Fig. 5), Equal Interval frequency sampling performed as
well as the BayesOpt algorithm. One could predict that
Equal Interval sampling with a faster increase in num-
ber of intervals could improve the frequency range faster
than the BayesOpt algorithm. However, extending the
Equal Interval method to more stimulation parameters
and motor symptoms will quickly increase the amount of
sampling that is needed. This will, in turn, increase the
duration needed to optimization parameters. Although
the BayesOpt algorithm did not outperform a simple
brute-force approach in the one stimulation parameter
one motor symptom case, we expect the efficiency of
the BayesOpt algorithm to be more pronounced when
additional parameters and symptoms are included in the
optimization.

Both approaches in this study are semi-automated to
show proof-of-principal, but the goal is to create a fully
automated closed-loop algorithm that incorporates
additional motor signs and stimulation parameters. To
achieve a fully automated closed-loop BayesOpt algo-
rithm, objective measures of side effects, a single metric
of the tested parameter’s efficacy, and external software
access to the patient’s implantable pulse generator are
needed. Currently, no methods exist for automated side
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effect detection. A single metric of the parameter’s effi-
cacy can be simple. For example, one could normalize all
measures to the patient with their off-stimulation base-
line, and simply sum the measures to create a single met-
ric. More complex combinations of metrics are possible,
such as adding weights to different motor sign measures.
Direct programming of an implantable pulse generator
from a computer is only available with Medtronic series
of brain stimulators, currently limiting an automated
approach, but in the future we expect more stimulators
will be directly programmable.

Future directions

A fully automated closed-loop algorithm may also be
built off of patient preference data, rather than quan-
tified metrics of motor scores. A patient could test set-
tings and evaluate their preferences and BayesOpt can be
used to suggest new settings to test. The advantage of this
approach is that patient preference may account for side
effects that may be difficult to measure quantitatively and
include in a cost function for optimization.

As implantable stimulators get more complicated and
clinicians are provided with more flexibility, the oppor-
tunity to create better patient specific settings will be oft-
set by the time it takes to find those optimal parameters
and the complexity of the search. Efficient tuning will be
necessary, especially when motor signs with long wash-
in and wash-out times are evaluated. For the motor signs
of bradykinesia and tremor, effects of stimulation can be
seen within a couple of minutes [72]. Since our proto-
col allows for 4 mins of wash-in time, both motor signs
can be evaluated after this period with additional time (1
min) for each measurement. If measurements of gait are
added, 1 hour of wash-in time is needed before evalua-
tion [72]. Approximately 30 steps are needed to measure
gait, collected over 2 mins [73]. Using an approach like
BayesOpt enables testing stimulation setting effects on
such motor signs that otherwise would not be possible
with other approaches given the constraints of a clinical
visit and the endurance of a patient.

Conclusion

In summary, this study provides proof-of-principle of
setting selection using a semi-automated BayesOpts for
tuning frequency to minimize rigidity scores and pGP
for evaluating patient preferences. BayesOpts provides a
rigorous approach to efficiently and accurately determin-
ing the optimal frequency to reduce rigidity, and pGP can
assign a quantitative value to outcomes that are difficult
to quantify in an objective optimization of stimulation
parameters. BayesOpt efficiently finds optimal stimula-
tion parameters and can be expanded to include addi-
tional motor signs and stimulation parameters. This is
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particularly important given the recent introduction of
multi-segmented stimulation leads, and this approach
may lead to improved patient outcomes.
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