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Chapter 1 – Introduction 
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Parkinson’s Disease 
 

Background 
 

Parkinson’s disease (PD) is the second most common neurodegenerative disease1,2, 

affecting approximately 680,000 individuals in the US alone.3 First described by James 

Parkinson’s in his 1817 essay “Shaking Palsy,” the motor signs of bradykinesia, tremor, 

and rigidity are still used as indications of the disease. Axial symptoms, such as speech and 

gait, and non-motor signs, such as cognitive and sensory dysfunction4, may be present as 

well.  

On a cellular level, PD patients have high amounts of α-synuclein proteins that 

aggregate to form Lewy bodies.5,6 As the amount of Lewy bodies increases, particularly in 

the substantia nigra pars compacta (SNc), cell death occurs.5,7,8 This results in a decreased 

production of dopamine and alteration of the basal ganglia, a network of different nuclei 

that contribute to movement.9  

The basal ganglia controls movement through three pathways, collectively known 

as basal-ganglia-thalamo-cortical loops10,11 (Figure 1). These pathways work to promote 

(direct) and stop (indirect/hyperdirect) movement. The direct and indirect pathways work 

in conjunction to adjust how much movement to produce, while the hyperdirect pathway 

acts as an “emergency stop.” To understand how these pathways influence movement, one 

can look at the activity of the thalamus. The thalamus provides excitatory input into the 

motor cortex, meaning an increase in activity would be pro-movement and a decrease in 

activity would be anti-movement. In the direct pathway, excitation of the striatum inhibits 

activity of the globus pallidus interna (GPi). An inhibitory projection from the GPi to the 

thalamus implies that the thalamus is more active, therefore promoting movement. In the 
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indirect pathway, the striatum inhibits the globus pallidus externa (GPe), which has 

inhibitory projections to the GPi and subthalamic nucleus (STN). Excitatory projections 

from the STN to the GPi implies the GPi is more active. The net result is an increase in 

activity of the GPi, which then inhibits the thalamus and is anti-movement. For 

completeness, the hyperdirect pathway excites the STN, which would inhibit the thalamus.  

Dopamine was excluded in the explanation above but can be easily added in to 

understand how it affects the pathways. The substantia nigra pars compacta (SNc) produces 

the dopamine that is transported to the striatum. In the striatum there are two dopamine 

receptors, D1 and D2. The direct pathway is influenced by D1-receptors, and activation of 

D1-receptors increases activity of the inhibitory projections to the GPi. The indirect 

pathway is influenced by D2-receptors. Unlike D1-receptors, D2-receptors act to decrease 

the activity of the inhibitory projection from the striatum to the GPe. Given what we know 

about the pathways, a release of dopamine causes a net increase in activity in the thalamus 

in healthy adults. With the loss of dopamine from the SNc, the tonic activity levels of the 

GPi and STN is increased, inhibiting movement.12,13 
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Figure 1. Basal ganglia circuit diagram for healthy and PD. (Galvan, Devergnas, 

Wichmann, 2015) Yellow box indicates the basal ganglia area of interconnected nuclei. Red 

and blue arrows indicates excitatory and inhibitory connection D1 and D2 indicate 

postsynaptic dopamine receptor type; GPe, globus pallidus externus; GPi, globus pallidus 

internus; SNc, substantia nigra pars compacta; SNr, substantia nigra pars reticulata; STN, 

subthalamic nucleus; and VA/VL, ventral anterior/ventral lateral of thalamus.  
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Clinical Assessments 
 

 Stages of neurodegeneration in human PD patients has been previously described 

by Braak et al.5 “Braak” stages, as they were called, gained acceptance in the 

community14,15 before critical evaluations have questioned validity of the stages.16 The 

group received autopsy brains containing Lewy bodies and classified 6 different stages 

corresponding to degeneration of different areas. Degeneration of the SNc occurs at stage 

3 and coincided with the first clinical diagnosis of PD in their brain samples. 

Characterization of the degeneration in living and pre-symptomatic patients has been done 

using positron emission tomography (PET).17 However, only partial agreement between 

Braak staging and PET was concluded.17 

 Only recently has the characterization of different stages of PD been studied. Prior 

to these studies, clinical rating scales were developed. Currently, the two most frequently 

used scales are the modified Hoehn and Yahr (H&Y)18 and Movement Disorders Society - 

Unified Parkinson’s Disease Rating Scale (MDS-UPDRS).19 The modified H&Y added 

half stages to the initial scale20 and describes the location of the symptoms, severity, and 

presence of postural imbalance. MDS-UPDRS is also a modification of the original scale, 

the UPDRS21, and is a more comprehensive clinical assessment. The MDS-UPDRS is split 

into 4 sections covering motor and non-motor complications of daily living, a motor 

performance examination, and motor complication. Motor performance is assessed solely 

by the clinician, where they score different motor signs including the cardinal signs of 

bradykinesia, tremor, and rigidity. In most cases, scores for H&Y and MDS-UPDRS are 

reported.  
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Treatment Options 
 

There is no cure for Parkinson’s disease, but a variety of treatment options such as 

medication22, ablative surgery, and electrical stimulation23 exist. Dopamine replacement 

therapy (DRT) is the standard treatment option where dopamine precursor levodopa, 

dopamine agonist, monoamine oxidase B inhibitors, or catechol-O-methyl-transferase 

inhibitors are taken by the patient24. While DRT has been very effective at treating the 

cardinal symptoms of PD, the effectiveness of the medication can wane and induced 

dyskinesias may appear.25,26 A balance between symptom suppression and dyskinetic side 

effects requires adjustments of medication, but may not ultimately be achieved. When a 

balance cannot be achieved, the patient may elect to receive ablation surgery or deep brain 

stimulation (DBS). 

Ablation surgery for PD involves lesioning of the thalamus, GPi, or STN. The 

effects are permanent, and any side effects are irreversible.27–29 Although there is 

significant risk, there is an improvement of symptoms. Thalamotomy suppressed tremor in 

80% of patients and increased activity levels.27 Pallidotomy improved UPDRS scores by 

35.5%, and patients reported marked or moderate improvement of their Parkinsonian 

symptoms.30 Subthalamotomy reduced UPDRS sections II and III, and the improvement 

was maintained for up to 24 months.29 A non-permanent therapy that achieves similar or 

better results is DBS. 

 

Deep Brain Stimulation for Parkinson’s Disease 
 

 A PD patient can expect to experience roughly a 20-50% improvement in their 

MDS-UPDRS scores following DBS31–33, making it a highly effective therapy.31,32,34–36 
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DBS for PD involves the implantation of macro electrodes in the ventral intermediate 

nucleus of the thalamus (VIM), GPi, or STN. The leads of the implanted electrodes are 

connected to a pulse generator that delivers electrical stimulation continuously. After 

implantation, each patient undergoes “programming,” where the optimal parameters are 

determined. These include the amplitude, frequency, pulse width, and electrode 

configuration. Amplitude and electrode configuration vary, but frequency is typically 

between 130-185 Hz, and pulse width between 60-120μs.37 Improvements in motor signs 

are similar between STN and GPi stimulation38–41, but GPi reduction of dyskinesia is 

thought to be greater.39,42 The mechanism by which DBS, specifically at frequencies (≥130 

Hz), works is debated. 

 

Proposed Mechanism of Action 
 

 DBS has been theorized to inhibit43,44 or excite neurons.45 While evidence for both 

views exist, studies have sought to explain how both might occur.46 This resulted in the 

current theory that DBS therapeutic efficacy comes from disrupting pathological 

oscillations. 

 Inhibition of neurons by DBS was first theorized as the method that produces the 

clinical effects seen in thalamotomies. Evidence for this theory has been shown in rats, 

non-human primates, and in human PD patients. In a rodent model of PD, stimulation of 

the STN at 130 Hz reduced spike rate of all recorded cell for 30-90 second after DBS was 

turned off. 43 Spike rate was also found to decrease in the STN of non-human primate 

models of PD47,48, and found that the stimulation caused “burst-like” firing.47 GPi spike 

rate was also found to be decreased with stimulation.44 Dostrovsky et al. reported 22 of 23 
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cells recorded in the GPi, during DBS implantation surgery, had inhibited spontaneous 

activity following the stimulation. Parallel to the inhibition theory, groups have discovered 

increased activity following DBS. 

Excitation of neurons have been examined through both excitatory and inhibitory 

synaptic connections in non-human primates. Hashimoto et al. reported increased activity 

in the GPi and GPe following STN stimulation.45 Years later, Vitek et al. reported a 

decrease in firing rate in the STN and GPi when stimulating the GPe.49 Both GPi and GPe 

have excitatory afferents from the STN, while the STN and GPi have inhibitory efferent 

from the GPe. Together, these studies have provided a strong argument that DBS functions 

through excitation of neurons. 

But inhibition and excitation of neurons cannot occur simultaneously. 

Computational models have been developed to resolve this contradiction.46 The models 

include cell bodies, axons, and a representation of a clinically available electrode. It was 

reported that stimulation from the electrode inhibits the cell body. However, action 

potentials were generated at the frequency of stimulation in the axon.46 This data provided 

an explanation of what is seen experimentally, and led to a new hypothesis.  

If neurons are inhibited and action potentials are generated in the axon at the 

frequency of stimulation, the therapeutic effect of DBS is caused by regular firing of nuclei 

in the network. This is known as the informational lesion hypothesis and explains why 

therapeutic efficacy depends on stimulation frequency.50–52 At high frequencies of 

stimulation, there is little variation in activity in the stimulation nuclei and is thought to be 

lacking informational content. Containing little information implies that pathological 

activity is blocked. Thus, observing an improvement of Parkinson’s motor signs. 
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Conversely, low frequency stimulation do not improve motor signs greatly and has been 

shown that the induced periodic activity is not sufficient to produce an informational 

lesion.53  

Additional evidence for the informational lesion hypothesis has been provided 

through recordings of synchronous activity in extracellular space, otherwise known as local 

field potentials (LFP). Previously, it has been found that a frequency band, 13-30 Hz (beta), 

is naturally occurs to suppress spontaneous movement, indicating a stabilization of the 

current motor state.54 In PD patients and non-human primate models, a consistent increase 

in beta band power is seen (Figure 2).48,55–57 The elevated beta band power is attenuated 

when patients take levodopa55,58 or receive stimulation to either the GPi or STN59–62, with 

an improvement in motor symptoms proportional to the attenuation.58,60,63 This indicates 

that DBS reduces the abnormally increased beta band power, blocking pathological 

information. 
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Figure 2. DBS effects on LFP in the GPi. Spectrogram of LFP recordings in the GPi over 6 minutes with DBS at 

different amplitudes. Beta band power (12-30 Hz) is decreased following DBS, and returns when the stimulation is 

turned off.  
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Time Course of Motor Signs Following DBS 
 

 When DBS is on, different time courses can be expected for different motor signs. 

Tremor and rigidity improve seconds after stimulation is on.64,65 Bradykinesia is slower, 

taking approximately 2 minutes to improve.65 Axial symptoms take the longest to improve, 

hours or days.66 Interestingly, motor signs do not share a similar time course of return once 

DBS is turned off. 

 Temperli et al. was one of the first to examine the return of Parkinsonian motor 

signs after turning off stimulation67, setting a guideline for many clinical experiments run 

today. The group found that there was a “sequential pattern of return,” starting with tremor, 

followed by bradykinesia and rigidity, and finally axial symptoms. Tremor returns in 

minutes. Bradykinesia and rigidity can take between 30 minutes to 1 hour. Axial symptoms 

can take between 3-4 hours to return; although, axial UPDRS scores reach 90% of their 

off-stimulation levels after 2 hours. Taken together, between 1 and 2 hours of wash-out is 

commonly taken in clinical experiments. While these return time frames are used 

commonly, the study relied on UPDRS measurements which can be subject to bias.  

 A more detailed and objective characterization of return has been shown for 

bradykinesia. Cooper et al. attached angular velocity sensors onto the finger and thumb, 

and instructed the participant to tap the tips “as fast as possible” and “as wide as possible.”68 

The power spectrum of the angular velocity was taken as the objective measure of 

bradykinesia. They found that the return of bradykinesia has two phases; a fast and slow 

phase. Each phase was examined and found that lateral stimulation of the STN is more 

attributed to the fast phase while medial stimulation of the STN contributes more to the 
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slow phase. This detailed characterization of bradykinesia has revealed to be more than 

return of the symptom and is likely to be seen with rigidity or axial symptoms. 

 

Parameter Optimization 
 

 DBS efficacy is influenced by variety of elements. Before surgery, MRI brain 

images are captured and used to determine the tract of the electrode to the STN or GPi. 

However, image windowing can greatly affect the tract that is chosen to reach the nuclei 

as other anatomical landmarks are used to estimate boarders of the nuclei.69 If errors are 

significant, the electrode may have suboptimal placement leading to poor efficacy or side 

effects. While the process has been improved with 3D models of the brain and the 

electrode70–74, errors can still occur.  

 With intended target or suboptimal electrode placement, post-operative stimulation 

parameter tuning can greatly affect the outcome. The tuning is performed by the clinician 

and is a trial-and-error process that can take up to 50 hours.75 Tuning involves going 

through each contact and increasing the amplitude in small increments (0.2-0.5 V) until 

benefits or side effects are observed76; this process is often called the monopolar review. If 

benefits without side effects are seen, the amplitude is further increased until side effects 

or the full amplitude range is explored. The contact with the lowest amplitude with clinical 

benefits and minimal side effects seen is selected. Cases where the monopolar review 

achieves unsatisfactory results, frequency, pulse width, bipolar electrode configurations, 

or a combination is attempted. For a more detailed discussion on DBS programming in the 

clinic, see Volkmann et al 2006. 
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 Monopolar review, described above, was created as a guideline for programming 

electrodes with 4 contacts. Recent development of electrodes with more than 4 contacts, 

including a recent FDA approval of a segmented electrode design, have increased the 

difficulty of DBS programming where the monopolar review may not be feasible. 

Automated parameter selection are in development and rely on biophysical models of the 

patient.77,78 In these algorithms, parameters are selected in a way to maximize the volume 

of tissue activated (VTA) of desired brain tissue while minimizing current spread to regions 

where side effects may occur.79–81 There is a gap in literature on PD motor sign’s response 

to these algorithms results. More work is needed for these algorithms to be adopted as the 

heterogeneity of brains could imply different areas may be more effective at treating 

symptoms. 

 

Adaptive Stimulation 
 

Clinicians are receiving more tools to help program DBS for PD. However, some 

PD patients will still experience difficulties. Stimulation induced side effects from 

stimulation can cause movement82–84, speech85, and mood changes.86,87 Battery life can be 

depleted at a faster rate if therapeutic settings, such as amplitude, is high.88,89 For these 

patients, turning on stimulation when needed or changing parameters if symptoms are 

worse may be beneficial. This stimulation strategy is commonly called adaptive DBS 

(aDBS). 

aDBS has been tested in PD patients during externalization, a brief period where 

the leads of the electrodes are exposed, and recordings are possible. One of the first 

algorithm for aDBS turned stimulation on and off when a threshold for LFP beta band 
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power was passed.90 When applying aDBS unilaterally in the STN, MDS-UPDRS score 

improved and stimulation time was reduced by 56% compared to conventional continuous 

DBS.90 The results were replicated by applying the aDBS algorithm bilaterally in the STN, 

improving MDS-UPDRS scores by 43%.91 In the unilateral and bilateral case, Parkinsonian 

medication was withdrawn overnight, but the effects of the aDBS algorithm may persist 

when paired with medication.91 Interestingly, this aDBS algorithm has also shown to 

reduce side effects related to speech.92 While this aDBS algorithm has shown good 

therapeutic effect immediately after implantation, it was unknown how well this algorithm 

would function months or years after implantation. Luckily, new pulse generators that can 

simultaneously stimulate, record, and be controlled externally have been approved.  

The approval of more advanced pulse generators has led to aDBS algorithms 

applied to DBS patients that are internalized. Algorithms for these devices have used LFP 

power as the biomarker, as seen in previous studies93–95, but other algorithms have used 

signals from external motor behavior measures.96 The aDBS algorithms based on 

controlling LFP power have reduced tremor and bradykinesia when controlling beta93,95, 

and reduced dyskinesia when controlling narrow gamma band (60-90 Hz).94 These data 

show that aDBS can be therapeutic after the initial implantation, but perhaps the most 

interesting result has come from the aDBS algorithm using an external measure.  

Cagnan et al. measured tremor in essential tremor patients in real-time to determine 

the appropriate time to deliver the stimulation pulses.96 The group built a phase response 

curve and empirically selected the phase that maximally reduced tremor, reaching up to 

87% tremor suppression. This study showed that external measures of motor behavior are 

viable signals to improve DBS efficacy and will be explored throughout this thesis. 



 

15 

 

Improving Deep Brain Stimulation in Parkinson's Disease Using 

Quantified Motor Behavior Outcomes 
 

The past 18 years since the FDA’s approval of DBS for PD has seen studies 

examine the mechanism of DBS, develop new tools, and new methods of stimulation. 

Taken together, the research has made DBS highly effect therapy for PD. However, current 

research to build tools or methods that further improve DBS efficacy need to be validated. 

Alternative approaches need to be studied. In this thesis I explore the use of quantified 

motor behavior outcomes to improve DBS efficacy in PD patients by developing patient-

specific therapy approaches and characterizing stimulation’s effect on gait. I first 

developed a parameter optimization approach using Bayesian optimization, real time 

measures of rigidity, and patient preference to automatically determine the best frequency 

to minimize rigidity (Chapter 2). Next, I developed a real time gait phase state dependent 

stimulation algorithm that selectively deliver short duration stimulation aimed to improve 

gait (Chapter 3). Lastly, I characterize gait’s response to stimulation to better develop 

future therapies for gait (Chapter 4). The ideas presented here provide a framework for 

future developments of DBS therapy that includes, or exclusively uses, quantified motor 

behavior outcomes.  
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Chapter 2 – Semi-Automated 

Approaches to Optimize Deep Brain 

Stimulation Parameters in Parkinson's 

Disease 
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SE. Semi-Automated Approaches to Optimize Deep Brain Stimulation Parameters in Parkinson’s 

Disease. IEEE Transactions in Neural Systems and Rehabilitation Engineering.  
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Introduction 
 

A prolonged clinical optimization phase follows implantation of the neural 

stimulator in PD patients. During optimization, stimulation settings that provide the best 

therapeutic effects and minimal side-effects are determined. The current generation of DBS 

stimulators have multiple electrodes (4 to 8 contacts) and a wide range of stimulation 

amplitudes (voltage or current), frequencies, and pulse widths. There are millions of 

possible setting combinations. 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.76,97 Nonetheless, 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 tuning.75 Following this process, 

improvements in Unified Parkinson's Disease Rating Scale (UPDRS) motor scores 

between 20-50% are often seen in individuals after the clinician has optimized 

parameters.31–33 However, it is still uncertain whether the clinician has identified the best 

stimulation settings using this tuning approach given that a large proportion of the 

parameter space remains untested. 

Selecting the optimum stimulation settings state is further limited by the 

subjectivity and poor resolution of the motor outcomes measures. The clinical standard to 

evaluate the efficacy of stimulation is through examination 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 
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measurement, because it is subjective and limited in scope. Methods have been developed 

for the quantitative assessment of rigidity98–101, bradykinesia102–108, tremor109, and gait110–

114, but these are rarely used to determine DBS settings.115,116 We posit that 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 outcome measure and removes potential bias. 

Several methods to increase the efficiency of DBS programming have previously 

been proposed. These include algorithms to select stimulation parameters based on iterative 

clinical assessments of benefits and side effects.76,97,117–119 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. Others have attempted to use biophysical models to 

determine settings that create a presumed ideal electrical field within a region of interest.77–

81 These electrical fields are modeled to selectively activate the desired brain tissue 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)120 or neural elements for 

symptomatic improvement. Finally, the most effective site for one symptom may be 

different from the best site for another121–123, and the best target may differ between 

patients. 

Here we propose a semi-automated Bayesian optimization approach to tune 

stimulation parameters using quantitative real-time measures of motor function. We also 

modeled the patient preference to stimulation parameters using a probit Gaussian Process 
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based on pairwise comparisons. The Bayesian optimization approach used here is semi-

automated as it depends on a clinician present to set parameters and to observe side effects. 

The potential advantage of this optimization approach is that it could provide a 

considerably more efficient method to converge on the most efficacious stimulation 

settings and could achieve more consistent DBS outcomes. Fast convergence could reduce 

costs by decreasing the duration of stimulation adjustment while also reducing the 

confounding effects of patient fatigue -- a significant factor when adjustments take hours 

to accomplish. Consistent outcomes potentially reduce bias from the clinician, reducing the 

variance in UPDRS motor score improvements. Optimization algorithms can also help 

optimally resample parameters of interest to improve accuracy and to assure that 

potentially good therapeutic settings have not been missed. 

For the purposes of proof-of-principle, we chose to optimize stimulation frequency 

using real-time measures of forearm rigidity, obtained from a robotic manipulandum.124 

Rigidity was chosen as the motor outcome based on evidence that it quickly responds to 

DBS67, reaching 75% of the total improvement seen in 5 minutes, thus providing a 

reasonable wash-in period to rapidly assess the effects of stimulation frequency. However, 

there has been recent studies that have suggested an faster detectable change within 

seconds.101 Additionally, rigidity response to frequency may not be monotonic. Lower 

frequencies have shown to yield little to no effect. Conversely, stimulation at higher 

frequencies (>60 Hz) can produce a rapid and marked reduction in rigidity.101,125 

There are two goals of this chapter, 1) develop a method for rapid and efficient 

semi-automated optimization of frequency to minimize rigidity, and 2) develop a method 

to determine an individual's preferred stimulation frequency. A comparison between 
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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 I) were tested, one with DBS targeting the internal 

segment of the globus pallidus and the other with DBS targeting the subthalamic nucleus. 

Both individuals showed significant improvements in motor sign severity (assessed using 

part III of the UPDRS) while on clinical stimulation settings compared 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 

participation. Testing was conducted in the off-medication state, with their last dose of 

Parkinson’s medication taken at least 16 hours 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.126 Throughout testing, DBS 

amplitude, pulse width, and electrode contacts settings were fixed to their clinically 

optimized settings. 
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Table I Participant Demographics for Chapter 2 
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Rigidity Measurement 
 

A custom-made robotic manipulandum (Entact, Toronto, CA) was used to quantify 

rigidity. The robotic manipulandum houses a handle attached to a servomotor allowing 

rotation about the supination-pronation axis of the forearm (Figure 3 A). 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 1 kHz, followed by a digital low pass filter with a 

cutoff frequency of 20 Hz using a 2 pole Butterworth filter (Figure 3 B). To estimate the 

force the participant imposes on the handle, the torque is rectified and integrated with 

respect to time, thus obtaining a measure of angular impulse.99 The slope (vs. time) of the 

angular impulse was taken as the Robotic Manipulandum Rigidity (RoMaR) value, as 

shown in Figure 3 C. This method of quantifying rigidity has been validated with PD 

patient's MDS-UPDRS Upper limb rigidity scores.124 
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Figure 3. Rigidity Measurement. A) Robotic manipulandum. A participant is instructed to 

hold onto the handle as a motor moves it in 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 20 Hz cutoff and measured over a 20 second trial after a five second 

warm-up. C) A patient's RoMaR value is calculated by measuring the slope of the impulse of 

the filtered torque signal (red line) 
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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 experiment, 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 relationship, 

as it has been shown to be efficient in terms of number of samples needed and useful when 

measurements are costly to obtain.127–131  

Our objective function for the semi-automated Bayesian optimization algorithm 

only includes a quantitative measure of rigidity. However, motor sign improvement and 

side effects are considered during clinical optimization. To include side effects into 

Bayesian optimization, a quantitative measure is needed. Side effects are difficult to 

quantify accurately, and rather than incorporating a coarse measurement into the objective 

function, a comparison approach can be taken. In conjunction with Bayesian optimization, 

pairwise comparisons between subsequent stimulation frequency are used to create a probit 

Gaussian process preference model at the end of the experiment. 

 

Bayesian Optimization 
 

Bayesian optimization's (BayesOpt's) efficiency in sampling arises from 

incorporating prior beliefs about the input space with observations to build a model using 

Bayes' theorem,  

𝑃( 𝑀 ∣ 𝐸 ) ∝ 𝑃( 𝐸 ∣ 𝑀 )𝑃(𝑀). 
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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) construction of a model from evidence, 2) estimate the mean and 

standard deviation at each frequency, 3) determine the utility of sampling at various 

frequencies, and 4) sample where utility is highest. 

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 tasks127. 

𝑓(𝑥) ∼ 𝒢𝒫(𝑚(𝑥), 𝑘(𝑥, 𝑥′)) 

A GP is a generalization of the Gaussian probability distribution and can be thought 

as a distribution over function132. 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 Matérn kernel133,134 as it offers flexibility between the smoothness of the input-

output response and is among the most common kernels for GPs131: 

𝑘(𝑥𝑖 , 𝑥𝑗) =
1

2ν−1Γ(ν)
(2√ν‖𝑥𝑖 − 𝑥𝑗‖)

ν
𝐻ν(2√ν‖𝑥𝑖 − 𝑥𝑗‖) 

where Γ(⋅) is the Gamma function, and 𝐻𝜈 is the Bessel function of order ν. Smoothness 

of the covariance function is balanced through the order parameter, ν, and the length-

constant l. For this study, ν = 3/2 as we expected to observe coarseness in the data but a 
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smooth trend, and estimated l using Matlab's hyperparameter optimization 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 frequency; this estimation is also called the 

predictive distribution. To calculate the predictive distribution, we incorporate all of our 

observations, 𝒟1:𝓃 = {𝑥𝑖, 𝑓(𝑥𝑖)}, with our GP model. Let us define a vector containing all 

values 𝐟1:𝑛 = [𝑓(𝑥1), … , 𝑓(𝑥𝑛)]. An expression for the predictive distribution can be 

derived as, 

𝑃( 𝑓𝑛+1 ∣∣ 𝒟1:𝓃, 𝑥𝑛+1 ) = 𝒩(μ𝑛(𝑥𝑛+1, σ𝑛+1
2 (𝑥𝑛+1)) 

where 

μ𝑛(𝑥𝑛+1) = 𝑘𝑇𝐾−1𝑓1:𝑛, 

σ𝑛
2 (𝑥𝑛+1) = 𝑘(𝑥𝑛+1, 𝑥𝑛+1) − 𝑘𝑇𝐾−1𝑘. 

We denote 𝑘 as a vector of covariance [𝑘(𝑥𝑛+1, 𝑥1), … , 𝑘(𝑥𝑛+1, 𝑥𝑛)], and 𝐾 as a matrix 

containing all covariance values where the 𝑖, 𝑗 entry is the covariance 𝑘(𝑥𝑖 , 𝑥𝑗). 

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: 

𝑓(𝑥) = {
(𝜇(𝑥) − 𝑓(𝑥−))Φ(𝑍) +  𝜎(𝑥)𝜙(𝑍), 𝑖𝑓 𝜎(𝑥) > 0

0, 𝑖𝑓 𝜎(𝑥) = 0
 

𝑍 =  
𝜇(𝑥) −  𝑓(𝑥−)

𝜎(𝑥)
 

where 𝑥− = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑖∈𝑥1:𝑛
𝑓(𝑥𝑖), Φ(⋅) is the cumulative density function of a standard 

normal distribution, and ϕ(⋅) is the probability density function of a standard normal 
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distribution. Sampling only where it is expected to improve the greatest can oversample an 

area of the input 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 MATLABS's expected 

improvement function and set an exploration ratio of 0.5. MATLAB returns the frequency 

with the largest utility to sample: 

𝑥𝑛+1 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥𝑛+1
𝑢( 𝑥𝑛+1 ∣∣ 𝒟1:n ). 

Sampling where the variance is greatest will provide new evidence and reduce the 

model uncertainty at that frequency, improving the GP model's estimation of the 

underlying 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 evidence from sampling was used to update the GP model. For more 

information regarding experimental protocol see Experimental 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 stimulation. 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 
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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 preference. Asking patients to provide ratings on a numerical 

scale is difficult for the patients, often inaccurate, and subject to cognitive biases.135,136 

However, humans excel at comparing options and expressing preference for one over the 

others.137 In applications requiring human judgment, preferences are often more accurate 

than numerical ratings.138,139 

In order to use binary preference data, we must reformulate 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 setting, but is a set of ranked pairs 𝒟 = {𝑎𝑖 ≻ 𝑏𝑖}𝑖=1
𝑚 , where ≻ indicates that a 

patient prefers setting 𝑎 to 𝑏. We use 𝑥1:𝑚 to denote the 𝑚 distinct comparisons in the 

training data, where 𝑎𝑖 and 𝑏𝑖 are two elements of 𝑥1:𝑚. 

We model the value function 𝑣(⋅) for any setting as 𝑣(⋅) = 𝑓(⋅)  +  ϵ, where ϵ ∼

𝒩(0, σ2) is normally distributed noise. The value function describes the value a patient 

derives from a given setting, with the noise term modeling uncertainty in the participant's 

preferences. Here, σ is set to 1, and is not learned. The challenge here is to learn 𝑓, where 

𝑓 = {𝑓(𝑥𝑖)}𝑖=1
𝑛  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 Figure 4. Using this model, the 

probability that item 𝑎 is preferred to 𝑏 can be calculated as: 
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𝑃(𝑎𝑖 ≻ 𝑏𝑖|𝑓(𝑎𝑖), 𝑓(𝑏𝑖)) = 𝑃(𝑣(𝑎𝑖) > 𝑣(𝑏𝑖)|𝑓(𝑎𝑖), 𝑓(𝑏𝑖))

= 𝑃(𝑓(𝑎𝑖) − 𝑓(𝑏𝑖) > ϵ𝑏 − ϵ𝑎) 

=  Φ (
𝑓(𝑎𝑖)  −  𝑓(𝑏𝑖)

√2𝜎
)     

 

where Φ(⋅) is the cumulative distribution function of the standard normal 

distribution. The probability that 𝑎 is preferred to 𝑏 is proportional to the difference 

between 𝑓(𝑎) and 𝑓(𝑏), divided by the magnitude of the noise, σ131. 
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Figure 4. Probit example. Example of the probit model inferring a 

GP from a set of preference data. The preference data is shown in the 

top left, with corresponding arrows. 
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Now, we can estimate the posterior distribution of the latent objective function. Our 

goal is to find the distribution 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 𝑓MAP. 

𝑓MAP = 𝑎𝑟𝑔𝑚𝑎𝑥𝑓𝑃(𝑓|𝒟) ∝ 𝑃(𝑓) ∏ 𝑃(𝑎𝑖 ≻ 𝑏𝑖|𝑓(𝑎𝑖), 𝑓(𝑏𝑖))

𝑛

𝑖=1

 

Newton-Raphson recursion is subject becoming stuck in local minima, so multiple restarts 

with random initial conditions (𝑁 = 25) was performed. 

After computing the model of the objective function, 𝑓MAP, we can derive the 

predictive distribution of 𝑃(𝑓𝑡+1|𝑓MAP, 𝒟): 

𝑃(𝑓𝑡+1|𝑓MAP, 𝒟) ∝ 𝒩(𝑘𝐾−1𝑓𝑀𝐴𝑃, 𝑘(𝑥𝑡+1, 𝑥𝑡+1) − 𝑘𝑇(𝐾 + 𝐶−1)−1𝑘), 

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

𝐶𝑚,𝑛 = −
∂2

∂𝑓(𝑥𝑚) ∂𝑓(𝑥𝑛)
∑

𝑀

𝑖=1

log Φ (𝑍𝑖) 

 

and 

𝑍𝑖 =
𝑓(𝑎𝑖) − 𝑓(𝑏𝑖)

√2σ
. 

As before, 𝑘 and 𝐾 are the vector and matrix of covariances between inputs 𝑥. 

Using the predictive distribution, we can then compute the utility and proceed with 

sampling as described in Bayesian Optimization. 
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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- 

185 Hz in increments of 5 Hz with two additional measures at the participant's clinical 

frequency. Frequencies that produced uncomfortable side effects were halted and all higher 

frequencies were not tested. On the second visit, RoMaR values was obtained at 30, 80, 

90, and 140 Hz prior to BayesOpt guided programming. These frequencies were selected 

prior to the first participant and served a seed values to the GP model. They were selected 

to span the range of frequencies that would be comfortable for most PD patients with two 

samples near where the transition between ineffective and suppressive stimulation 

frequencies occurs in most patients. After testing at these seed frequencies, BayesOpt 

selected the next frequency to test for 8 iterations and incorporated frequency boundaries 

discovered during the first visit. One hour was allocated to testing, 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 and 11 preference choices for each 

participant. The first rigidity measurement on each visit occurred after DBS has been 

turned off for one hour. 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 necessary (Figure 5). 
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Figure 5. Loop schematic and experiment flow chart. Visit 1 and 2 both measure MDS-UPDRS and is followed by 1 

hour 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. 
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Each rigidity measurement follows these steps: clinician sets stimulation frequency 

and monitors for side effects, four minutes of wash-in, custom software controlled 25 

seconds of passive movement imposed by the manipulandum 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 additional steps: update of the GP model with the 

calculated RoMaR value, BayesOpt determined next frequency to test, and prompt the 

participant for frequency preference. Specifically, preference was asked with the 

following: “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?” In total, 

the time between each rigidity measurement takes approximately 5 minutes with the 

majority of that time dedicated 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. Three metrics are 

derived from the GP models: 1) the optimal frequency, 2) Pearson's R correlation coefficient 

between the GP curves estimated from the two data sets, and 3) the frequency range considered 

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. 

We also compared the Pearson's R correlation coefficient between the two curves and frequency 

range estimated using the BayesOpt and brute-force sampling methods. We also simulated two 

other sampling methods from the brute-force data and estimated the accuracy of the different 
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approaches as we gathered data and compared the estimated curves to the final brute-force curve. 

One simulated approach was to sample at a fixed interval of 5 Hz, between 10 Hz and the maximum 

frequency each participant could tolerate. The second simulated approach randomly selected 

frequencies, with repeats allowed. Lastly, we analyzed the peak of the participant's stimulation 

frequency preference model to the optimal frequency of the BayesOpt GP model. 

 

Results 
 

The objective of the study was to test how a semi-automated BayesOpt algorithm's 

setting selection may identify the optimal DBS stimulation frequency for maximal rigidity 

reduction efficiently and reliably as compared to a brute-force methods as well as to 

estimate a participant's preferred stimulation frequency. 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 34 frequencies for Participant 2. For Participant 1, 

only stimulation frequencies at or below 155 Hz were tolerable. In total, visit 1 (brute-force 

method) testing took ~4 hours. In the second visit (BayesOpt approach), the rigidity 

response curve to stimulation frequencies tested were selected during 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 provide a value of each setting using a pGP. Visit 2 

testing (BayesOpt) took ~2.5 hours. 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) 
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evaluation of the efficiency in estimating the rigidity-frequency curve using BayesOpt, and 

(4) the participant's preference for stimulation frequency, as estimated using the pGP. 

In both participants we observed that stimulation frequency greater than 80 Hz was 

more effective at reducing rigidity than low frequency stimulation (Figure 6, Brute-force). 

Interestingly, 10 Hz in both participants reduced rigidity greater than 20-50 Hz stimulation. 

Rigidity did not follow a steady decrease after 50 Hz for Participant 2, where rigidity was 

higher between 130-155 Hz than frequencies around it. Participant 1 did show a steady 

decrease after 50 Hz, where their rigidity suppression was proportional to the stimulation 

frequency. 

Rigidity was minimized at the highest frequency tolerated, or tested, at 155 Hz for 

Participant 1 and 185 Hz for Participant 2 during their brute-force visit (Figure 6, Brute-

force Red dot). Their estimated optimal frequency from their BayesOpt visit matched the 

brute-force visit, and the GP models had comparable accuracy. The frequency range in the 

brute-force model for Participant 1 is 38 Hz wide and 96 Hz wide for Participant 2. 

Additionally, we measured the Pearson’s R score between a participant’s brute-force and 

BayesOpt sampled rigidity response curve. The two methods showed strong agreement 

with R scores of 0.98 and 0.94 for Participants 1 and 2 respectively. Participants 1’s 

BayesOpt rigidity response curve mirrored the brute-force method with fewer evaluations, 

despite the Participant exhibiting higher RoMaR values on their second visit (Figure 6, top 

row). The range over which there was a reduction in rigidity was smaller in Participant’s 2 

BayesOpt visit, but the decrease in rigidity above 50 Hz was preserved (Figure 6, bottom 

row). 
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Figure 6. GP fits for Brute-Force and Bayesian Optimization visits. Two PD participants (column) have had their 

rigidity response curve measured using two different sampling methods (row). Brute-force method tested all frequencies 

spaced by 5 Hz from 10-185 Hz, and sampled in pseudorandom order, top row. Bayesian optimization guided frequency 

testing for rigidity, bottom row. Black dashed lines indicate the participant's RoMaR value after 1 hour off stimulation. 

Red dot indicates the estimated frequency that minimizes rigidity. Shaded gray region indicates RoMaR values within μ 

± σ 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.  
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Efficiency of the BayesOpt algorithm was evaluated through comparison between 

two different sampling methods: equal spacing and random sampling of the frequency 

space. We then compared the curves from the GP fit to the sampled data to the final brute-

force curve using the Pearson's R coefficient. We also compared the frequency range 

around the minimum across the different sampling methods. 

Using only the initial sample frequencies (30, 80, 90, and 140 Hz), a GP fit model 

results in a curve very similar to the final brute-force measured curve with an R score of 

0.99 for Participant 1 and 0.97 for Participant 2 (Figure 7, top: blue circles). However, 

these initial frequencies were selected to be good starting points, but we do not expect the 

quality of the curve based on the 4 points to be very robust. Upon further sampling the 

participants curve using BayesOpt, the R scores decrease before returning to higher scores 

again. Equal spaced sampling achieves a reliable fit to the final curve around 15 samples, 

with some significant fluctuations in the model until then, while BayesOpt has similar 

performance much more reliably (Figure 7, top: purple squares). The performance of 

random sampling, which was simulated 50 times, was significantly worse than evenly 

spaced sampling or BayesOpt (Figure 7, top: orange triangle).  

The frequency range over which the rigidity was considered indistinguishable from 

the minimum was also compared across the different sampling methods. In this metric, the 

range decreased most rapidly using the random sampling and BayesOpt method, while 

even sampling had the worst performance (Figure 7, bottom: blue circles). In both patients, 

the range of the minimum rigidity was narrowed to its final range by 10 samples. 
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Figure 7. Bayesian Optimization Efficiency. Pearson's R correlation coefficient (top) and frequency range (bottom) 

after each iteration, or sample, of Bayesian optimization (blue circles) and two post-hoc frequency selection methods. 

The first post-hoc frequency selection method sampled every 5 Hz (purple squares). The second method randomly 

selected frequencies (orange triangles), and the shaded light orange region indicates the standard error of 50 simulations 

at each iteration. Pearson's R is calculated between the brute-force GP model and each selection method. 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. A zoomed in window of Pearson’s R correlation values allows for better 

comparison between sampling strategies (inset plots). 
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While testing different stimulation frequencies during Bayesian optimization, we 

asked patients to evaluate 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. Figure 8 shows the GP fit to the rigidity-

frequency and pGP fit for preference-frequency 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 70-110 Hz that were just high enough to have close to the maximal suppression 

of rigidity. Participant 1 strongest preference is at 70 Hz, and Participant 2 at 89 Hz. 
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Figure 8. 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. 
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Discussion 
 

Here I have demonstrated the feasibility of a semi-automated Bayesian 

optimization approach to model a Parkinson’s disease participant’s rigidity response by 

rapidly and efficiently exploring a single stimulation parameter (frequency). Additionally, 

I explored the difference between an individual's preference and response model. By using 

Bayesian optimization, the optimal frequency for maximum reduced rigidity was 

determined from fewer sampled frequencies than those using the brute-force estimation 

method. Bayesian optimization also reduced the frequency range quickly, improving the 

confidence that the optimal frequency was found. When compared to random sampling, 

equally spaced sampling, and BayesOpt methods, BayesOpt was able to more efficiently 

and reliably 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, I found that their preferred stimulation 

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’ preference revealed that both 

participants preferred stimulation frequencies that differed from the frequency that 

maximally reduced rigidity. The difference may be explained by the limitation of the 

RoMaR value to capture 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 changes86,87 may be 
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apparent only to the patient. Impairment of verbal fluency, induced at higher stimulation 

frequencies85, is another subtle symptom. Our probit Gaussian process findings indicated 

a stronger preference to frequencies lower than what maximally suppresses rigidity. Given 

the prompt that is asked to the patient, the preference they select may indicate a balance 

effects of multiple symptoms and side effects. How patients weigh the significance and 

severity of multiple 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. This was reflected in the high Pearson’s R score between the brute-

force and the BayesOpt frequency response curves. For these reasons, our findings may 

only be applicable 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.140,141 Accordingly, this semi-automated approach could be applied to optimize 

other motor signs that can be readily be quantified in real-time. 

The data set is limited, and the technique may not extend to other participants with 

varying disease history. Participants in this study were classified 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 disease duration prior to receiving DBS therapy is 13 

years.89 This duration is greater than Participant's 2 disease duration. Also, while tremor 

dominant subtype patients may not benefit from this approach, our findings indicate that 
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akinetic-rigid subtypes can benefit. Furthermore, our results also indicate that the BayesOpt 

approach can be effective regardless of stimulation target. Participant 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 similar 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 targets.33,39–41,142,143 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 duration 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.144 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 rigidity 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 scoring system. Nonetheless, despite changes in the 

mean in RoMaR values, the shape of the response curve was consistent for both the brute-

force and the BayesOpt measured curves. 

While this study focused on optimizing RoMaR values alone, total energy delivered 

(TEED) may also be considered145 when optimizing stimulation parameters. However, it 

has also been observed that TEED may not play as critical of a role as the frequency when 
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tuning stimulation parameters.146 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.117 Therefore, in our study, the TEED may have been below 

therapeutic levels with stimulation at low frequencies. Keeping TEED constant may be 

beneficial when optimizing for one stimulation parameter but may introduce difficult trade-

off considerations when optimizing over several parameters. For example, shortening the 

battery life to obtain the greatest reduction in motor signs. 

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 algorithm, 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 effect detection. A 

single metric of the parameter’s efficacy can be simple. For example, one could normalize 

all measures to the patient with their off-stimulation baseline, and simply sum the measures 

to create a single metric. 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 
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stimulators, currently limiting an automated approach, but in the future we expect more 

stimulators will be programmable. 

A fully automated closed-loop algorithm may also be built off of patient preference 

data, rather than quantified metrics of motor scores. A patient could test settings 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 opportunity to create better patient specific settings will be offset 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.67 Since our protocol allows for 4 minutes of wash-

in time, both motor signs can be evaluated after this period with additional time (1 minute) 

for each measurement. If measurements of gait are added, 1 hour of wash-in time is needed 

before evaluation.67 Approximately 30 steps are needed to measure gait, collected over 2 

minutes.147 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 
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evaluating patient preferences. BayesOpts provides a rigorous approach to efficiently and 

accurately determining 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 stimulation parameters and can 

be expanded to include additional motor signs and stimulation parameters. This is 

particularly important given the recent introduction of multi-segmented stimulation leads, 

and this approach may lead to improved patient outcomes. 
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Chapter 3 – Gait Phase Triggered 

Deep Brain Stimulation in 

Parkinson’s Disease 
 

 

 

 

The work presented in this chapter is being finalized for submission: Louie KH, Lu C, Netoff TI, 

and Cooper SE. Gait Phase Triggered Deep Brain Stimulation in Parkinson’s Disease. In 

Preparation for: IEEE Transaction on Neural Systems and Rehabilitation Engineering.  
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Introduction 
 

Gait disorder is one of the most disabling symptoms of Parkinson's disease (PD) 

and one of the most refractory to treatment. Following deep brain stimulation (DBS) 

therapy of the subthalamic nucleus (STN) or globus pallidus internus (GPi), spatial and 

temporal gait parameters can improve.148–157 Yet gait is not considered to be adequately 

treated.158 

Dissatisfaction with STN and GPi stimulation to treat PD gait led to interest in 

stimulation of the pedunculopontine nucleus (PPN).159–163 However, results of clinical 

trials targeting PPN have been mixed.164 Potential explanations of the varied results have 

included unoptimized programming and suboptimally located leads.164 Other approaches 

to improve gait outcomes of stimulation are needed. 

Two alternatives to conventional continuous DBS have been proposed to improve 

results: adaptive DBS (aDBS) and responsive DBS (rDBS). aDBS regularly changes 

stimulation parameter(s) whereas rDBS changes the timings of stimulation. Common 

between approaches is the necessity of a control signal. For aDBS, the predominant control 

signal has been power in the beta band (13-30 Hz) extracted from recorded local field 

potential. Control signals for rDBS will depend on what the stimulation is responding to. 

Only one study of rDBS has been reported and the control signal used was a motor behavior 

measure of tremor.96 Initial studies have shown beta band aDBS and motor behavior rDBS 

can achieve similar efficacy and increased efficiency as compared to conventional 

continuous DBS.90,91,93,94,165 Application of aDBS and rDBS primarily focuses on the motor 

signs of bradykinesia and tremor. Only one study has examined the effects on gait.166 

Although the study showed improved gait, it was in only one patient. More research into 
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aDBS or rDBS algorithms to treat gait is needed. Recent studies have indicated a 

relationship between a patient’s beta power and gait cycle that could be used as a control 

signal. 

Activity modulation with phases of gait has been shown with local field potential 

recordings in human PD patients. Oscillations in the theta-alpha (6-11Hz)167 and beta168,169 

band correlate with increases in power during early swing and stance phase, with slight 

decreases or no change in band power outside of these phases. However, conventional 

continuous DBS causes a sustained decrease in beta-band power.59,170,171 Suppressed beta-

band power throughout the gait cycle may suppress functionally useful modulation of beta. 

Thus, rDBS timed to gait events might allow or enhance useful beta modulation of the LFP, 

which could then improve gait. 

In this chapter, I develop an rDBS system to deliver short duration pulse trains at 

specific gait phases in real-time. To assess the accuracy of stimulation delivery, gait phases 

were aligned with stimulation artifacts collected from a surface EMG electrode on the neck. 

I also analyzed spatial and temporal gait metrics to determine the efficacy of the rDBS 

algorithm. This is the first study to explore this type of responsive gait phase stimulation 

to treat gait in PD patients. 

 

Methods 
 

Participants 
 

Twelve PD individuals with bilateral DBS leads (9 STN and 3 GPi) and Medtronic 

SC, PC, or RC implantable neural stimulators (INSs) (Medtronic Inc., Minneapolis, MN) 

participated in the study (Table II). Participants were tested after overnight withdrawal of 
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PD medication prior to the study. All participants gave informed consent according to a 

University of Minnesota Institutional Review Board approved protocol.  
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Table II Participant Demographics for Chapter 3 
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Experimental Protocol 
 

Gait was first assessed by having participants walk 20 ft in a hallway 12 times to 

determine individual overground walking speed while on DBS. Afterward, DBS was 

turned off and wireless sensors were placed on the participant for gait phase detection used 

to trigger stimulation. An additional wireless sensor was placed for stimulation delivery 

timing analysis. The sensors (Trigno, Delsys Inc., Natick, MA) included force sensitive 

resistors (FSR) on the soles of the feet, accelerometers on the shanks, and surface EMG 

sensors on the neck, to detect stimulation artifact. In a few cases, bipolar clinical settings 

were approximated by monopolar settings for better artifact detection. Clinical voltage 

amplitudes were converted to equivalent current amplitudes, and experimental stimulation 

was delivered in constant current mode. This allowed for possible short-term changes in 

impedance as stimulation was turned on and off. Once sensors were placed and after a 

minimum of 1-hour DBS washout, gait metrics were measured on the treadmill at three 

different walking speeds: 100, 85, and 75% of their baseline overground walking speed. 

For two participants, additional trials at 65% and 50% were done because 75% was too 

difficult. The fastest speed that the participant could tolerate was used for further testing.  

Then, participants performed one-minute trials of walking on the instrumented 

treadmill (C-Mill, Motek, Netherlands) under five stimulation conditions: off stimulation, 

continuous stimulation, brain stimulation triggered on ipsilateral heel-strike (IHS), brain 

stimulation triggered on contralateral heel-strike (CHS), and brain stimulation triggered on 

contralateral toe-off (CTO). There were 4 blocks of 5 conditions each (order randomized 

within blocks), giving 20 trials in total. One-minute seated rest was provided after each 

trial and five-minutes seated rest after every 10 trials. Participants wore a safety harness 
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attached to a sliding overhead support, which prevented falls but was not weight bearing 

during walking. 

 

Responsive Algorithm 
 

 

Gait Phase Detection 
 

Gait phase detection was performed in real-time using FSRs (DC:F01 and Trigno 

4-Channel FSR Adapter, Delsys Inc, Natick, MA) and accelerometers (Trigno, Delsys Inc, 

Natick, MA). FSRs were placed between the first and second metatarsal and on the heel to 

capture changes in ground reaction force (GRF).172 The change in GRF was converted to a 

voltage by the FSR ranging from -5 to 0 V. Accelerometers were placed on the shank over 

the tibialis anterior. Threshold for each FSR was set to 40% of the maximum voltage 

measured during a short walk on the treadmill. Heel-strike gait phases were detected by the 

rapid rising segments of the heel FSR voltage and negative acceleration measured on the 

shank. Toe-off gait phases were detected by the rapid falling segments of metatarsal FSR 

voltage. Examples of sensor placements, FSR voltage, shank accelerometry, and gait phase 

detection are illustrated in Figure 9.  
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Figure 9. Gait phase detection using force sensitive resistors (FSR) and accelerometers. A) FSRs are placed bilaterally 

with one sensor between the first and second metatarsal (circle), and the other sensor on the heel of the foot (square). B) 

Accelerometers were placed on top of the tibialis anterior. C and D), Toe-off gait phases are detected during the rapid 

falling segments of metatarsal FSR voltage as it crosses 40% of maximal voltage (dashed line). E and F) Heel-strike was 

detected during the rapid rising segments of heel FSR voltage as it crosses 40% of maximal voltage. G and H) To improve 

accuracy of heel-strike detection, acceleration measured on the shank must be negative at the time of FSR heel-strike 

detection. 
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Stimulation Delivery  
 

Following detection of a heel-strike or toe-off gait phases, a stimulation request was 

sent to the participant’s INS using the Nexus-D3 interface (Medtronic Inc., Minneapolis, 

MN) after a calculated controlled delay. The controlled delay was required to deliver 

stimulation at the proper phase of gait in the following gait cycle because of hardware, 

software, and communication system delays (Figure 10). The sum of delays was called the 

system delay, 𝐷 . To calculate the controlled delay, the system delay and the average gait 

cycle duration, �̅�, must be estimated. The system delays were given by the manufacturer 

or was measured to be: 390 ms for gait phase detection, 96 ms for wireless transmission 

from the sensors, and 110 ms for the participant’s INS to respond to the stimulation request. 

Average gait cycle duration was taken as a moving average of the 5 most recent gait cycle 

durations to average out fluctuations while allowing for gradual trends:  

�̅�𝑛  =  �̅�𝑛−1 (
1

5
(𝑋𝑛 − �̅�𝑛−1)) 

 

where 𝑋𝑛 is the current gait cycle duration and �̅�𝑛−1 is the current average gait 

cycle duration. From the known delays and average cycle duration, we calculated the 

controlled delay as: 

Xn
̅̅ ̅ (1 + ⌈

�̅�𝑛−𝐷

�̅�𝑛
⌉) −  𝐷. 

 

The stimulation request instructed the participant’s INS to deliver a short duration 

stimulation train lasting 125-135 ms in duration. 
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Figure 10. Responsive timing and prediction. A time interval is calculated to delay an INS request for stimulation, 

such that the short duration pulse trains occur at the next heel-strike or toe-off gait phase. Delays in the system originate 

from data collection time (96ms), gait phase detection time (300ms), and INS time to respond to a request (110ms). 
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Data Analysis 
 

Stimulation Delivery Accuracy 
 

Accuracy between stimulation and target gait phase was measured independently 

of the signals used for rDBS. Gait phases were estimated by the instrumented treadmill 

(see below: Gait Metrics), and stimulation delivery artifacts were measured using surface 

EMG sensors on the neck. Left heel-strike was chosen as the start of each gait cycle and 

was used to determine at what percent of the gait cycle a pulse train was delivered. Mean 

and standard deviation are reported for each phasic condition. Stimulation artifacts were 

not detectable with bipolar electrode configuration, therefore gait stimulation accuracy in 

this configuration was excluded from the analysis. 

 

Gait Metrics 
 

Software supplied by the instrument treadmill manufacturer computed heel-strike 

and toe-off gait phases from center-of-pressure data measured by a force platform 

underneath the treadmill belt. We exported time and location of the heel-strike and toe-off 

gait phases, along with a continuous measurement of the treadmill belt speed to calculate 

average stride length, stride time, stride width, and double support time using custom 

Python and MATLAB scripts. Each participant’s gait metric was expressed as percent 

change from the average of no stimulation trials. Analysis of stimulation’s effect on each 

gait metric was done using a separated repeated measures random intercept mixed model 

with the participant as a random effect. Post-hoc analysis compared off-stimulation to 

continuous and all phasic stimulation conditions using a t-test. Significance threshold was 

set at 95% for all analyses. The degree of freedom for all statistical analysis was estimated 
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using Kenward-Roger’s method. Dunnett’s adjustment for multiple comparisons was 

applied following post-hoc analysis. 

As our sample was heterogeneous with respect to stimulation target, but we only 

had 3 GPi participants, we present all participants’ data graphically, but focused our 

statistical analysis on STN participants. Participant 3 (STN) had misplaced leads as 

determined clinically and by imaging. Data from Participant 3 are presented graphically, 

in red, but excluded from the statistical analysis.  

PD participants may experience a progressive reduction in stride length (“sequence 

effect”)173,174 which is of particular interest because it may culminate in freezing of gait.175 

To examine this effect in our participants, we first fit a linear regression of stride length 

against gait cycle, and analyzed the regression slope as a measure of this phenomenon. 

 

Power Analysis 
 

To estimate the study size required to detect significant changes in gait caused by 

phasic stimulation, we performed a power analysis. We determined the sample size needed 

to achieve 0.8 statistical power, with an alpha value of 0.05. Power analysis was performed 

by calculating the percent of significant tests following 200 runs of Monte Carlo 

simulations for each gait metric and phasic condition. Only STN participants, excluding 

Participant 3, were considered. For each run, a data set was created by randomly sampling, 

with replacement, from the available participants’ data. Within each participant, four trials 

for each stimulation condition was randomly sampled with replacement. Post-hoc analysis 

of a repeated measures linear mixed effect model, with the participant as a random effect, 
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is used to assess the statistical power. If the power of the model does not reach the power 

threshold, the data set is increased. 

 

Results 
 

Accuracy of phasic stimulation 
 

Stimulation was delivered accurately during all phasic stimulation trials(Figure 11). 

Here we report the mean and standard deviation of stimulation delivery as a gait cycle 

percentage. IHS trials had a mean stimulation delivery occurring at -4.05±9.89% and 

52.01±12.56% of the gait cycle. CHS had similar accuracy, with stimulation delivered at -

0.38±11.03% and 52.51±11.43% of the gait cycle. CTO stimulation timings had similar 

spread as IHS and CHS, with stimulation occurring at 16.09±10.37% and 65.93±11.66% 

of the gait cycle. These percentages correspond with published values of heel-strike and 

toe-off gait phases.176 
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Figure 11. Pulse train delivery as a percentage of gait cycle. The time between the beginning of the pulse train and 

left heel-strike was calculated for each gait cycle. Polar histograms are shown with 0% indicating left heel-strike. 
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Phasic stimulation effect on gait 
 

Spatial Metrics 
 

The effect of stimulation condition was significant for both stride length (F(4, 145) = 

11.01; P < 0.01) and stride width (F(4, 144.88) = 3.51; P < 0.01). Post hoc analysis showed 

this was driven by the continuous stimulation condition. Compared to off stimulation, 

continuous DBS significantly affected these gait metrics with an average increase of 4.96% 

in stride length (t(144) = 5.44; P < 0.01) and decrease of -4.76% in stride width (t(144) = -

2.78; P = 0.02), as illustrated in Figure 12 a and b. IHS and CHS phasic stimulation had 

negligible effects on stride length and width, with an average change of less than 1%. CTO 

phasic stimulation effect on stride length was also negligible with an average decrease of -

0.13%. A larger effect was seen in stride width after CTO stimulation, increasing an 

average 1.18%. None of the phasic stimulation conditions were significantly different from 

trials where no stimulation was delivered. 

 

Temporal Metrics 
 

When analyzing temporal gait metrics, stimulation was significant for both stride 

time (F(4,144.9) = 8.45; P < 0.01) and double support time (F(4, 144.64) = 8.69; P < 0.01). 

Similar to spatial gait metrics, this was driven by continuous stimulation which 

significantly affected temporal gait metrics while phasic stimulation did not (Figure 12 c 

and d). For stride time, continuous stimulation increased the duration by an average of 

4.69% of the participant’s no stimulation trials (t(144) = 4.64; P < 0.01). IHS and CTO 

slightly increased duration (0.17-0.18%), and CHS decreased duration by -0.42%. These 

effects were not significant. Double support time increased when the participant’s received 



 

63 

 

continuous stimulation by 4.12% (t(144) = 5.00; P < 0.01). All phasic conditions increased 

double support time, but the effect was small (0.20-0.53%) and non-significant. 
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Figure 12. Change in spatial and temporal gait metrics. 9 STN and 3 GPi participants were tested under 5 stimulation 

conditions, with each condition tested 4 times. Stride length, stride time, stride width, and double support time was 

calculated for each condition and the percent change, relative to the average gait metric under no stimulation, are shown. 

Circles are STN participant and triangles are GPi participants. Vertical lines indicate within-subject standard error. Box 

plots shown are stimulation condition averages and between-subjects standard error of STN participants only. Individuals 

that responded poorly to continuous stimulation but positively to phasic stimulation are shown in red (Participant 3), 

blue (Participant 9), and green (Participant 10). 

 



 

65 

 

Sequence Effect 
 

Slope of stride length to gait cycle was significantly affected by stimulation (F(4, 

144.39) = 4.26; P < 0.003), shown in Figure 13. Results are similar to spatial and temporal 

gait metrics, with improved slope observed during continuous stimulation (t(144) = 2.83; P 

= 0.02), but not with phasic stimulation. Interestingly, IHS (t(144) = -0.18; P = 0.99) and 

CHS (t(145) = -0.58; P = 0.90) saw a decrease in slope, but increased stride length. 
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Figure 13. Change in gait cycle slope. The slope of a linear regression 

between stride length and gait cycle was calculated for each trial and 

participant. Parkinsonism causes a negative slope, so a positive change 

in slope means less parkinsonism. Continuous and phasic conditions 

slopes are shown with respect to no stimulation condition. Box plots 

represent the stimulation conditions averages and standard error of the 

mean. Dots and triangles, indicating stimulation target nuclei, 

represents the mean and standard error of the mean of a participant. 

Red dot indicates Participant 3, who was excluded from significance 

testing due to misplaced electrode. Colored data represents individuals 

that responded positively to phasic stimulation. 
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Positive responders to phasic stimulation 
 

Three of the participants, two STN and one GPi, showed a decreased stride length 

(0.5-24.7%) and time (0.2-24.6%), i.e. worsening of gait, while receiving continuous 

stimulation compared to when they received no stimulation (Participant 3, 9, and 10; Figure 

12). The same three participants had improved gait while receiving phasic stimulation, i.e. 

increase in stride length (0.6-4.1%) and time (0.7-4.0%). Double support time saw little 

change from continuous stimulation in Participants 9 and 10 but was greatly decreased in 

Participant 3. Stride width also saw small changes in Participant 9 and 10, but a large 

change in Participant 3 (53.9%). 

 

Power analysis and sample-size estimates 
 

Phasic stimulation caused non-significant changes in spatial and temporal gait 

metrics. Assuming these non-significant effects were real, we estimated the sample size 

(number of participants) to achieve 0.8 statistical power for an effect of the observed 

magnitude, for each gait metric and phasic condition (Table III). The lowest estimated 

sample size across all gait metrics and phases was approximately triple our sample size 

(26), while the highest was very large at 431 participants. Stride width did not reach 

significance under IHS phasic stimulation even after Monte Carlo sample sizes reached 

1000 participants. 
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Table III Sample Size Estimates for Gait Phase Modulated DBS 



 

69 

 

Discussion 
 

In this chapter, I demonstrate the feasibility and effect of responsive gait phase 

triggered DBS on gait in people with PD during treadmill walking. None of the phasic 

stimulation delivered at specific gait events showed significant changes on gait compared 

to off stimulation. As expected, I found that continuous DBS did improve all gait metrics 

measured when compared to gait during off stimulation. This finding allows us to reject 

the initial hypothesis, that phasic stimulation will be as or more effective than conventional 

continuous stimulation, and the sample size was large enough to reach this conclusion. If 

the effect of phasic stimulation at our chosen phases exist, it must be much smaller than 

the effect of continuous DBS. I estimated sample sizes required to demonstrate such a 

hypothetical effect, and the range, from best-case to worst-case scenario, was 24 to >1000 

participants. 

Participants in this study spanned a wide range of UPDRS motor scores, disease 

duration, and age. Phasic stimulation may only work in a subpopulation of these PD 

patients. Three participants showed decreased stride length following continuous 

stimulation, which is an antitherapeutic effect.148,149,151–154,177–180 Interestingly, in these 

participants we saw improved gait (increase in stride length) with phasic stimulation. Their 

UPDRS motor scores ranged from 12-80, disease duration from 6-14, and age from 50-63. 

Given the wide range of values, this finding suggests that these factors would be poor 

selectors of patients who would benefit from phasic stimulation. However, we cannot make 

any conclusions about these factors due to the limited sample size. An alternative approach 

to select patients for phasic stimulation could be based on whose gait is not improved or is 

worsened with continuous stimulation (e.g. because of suboptimal lead location). This is 
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particularly suggested by Participant 3, with sub-optimal lead in the internal capsule. 

Participants 9 and 10’s lead placements are unknown, but the leads may reside in a poor 

location to treat gait. Previous studies have shown anatomical connections from the dorsal 

STN to primary motor cortex, supplementary motor cortex and premotor cortex.9,181 This 

is the conventional optimal target for stimulation, although this may not be true for gait.180  

Placing and stimulating the dorsal STN may not be enough for our rDBS algorithm 

to perform well. The phase of stimulation may not be optimal for their neural circuitry. 

Local field potential recordings from externalized DBS patients, walking on a treadmill 

and stepping while seated, showed increases in the alpha-theta band (6-11 Hz)167 and beta 

band (13-25 Hz)168,169 power before and after toe-off and heel-strike gait events. Those 

studies did not assess inter-individual variation in timing of neural activity modulation 

during gait. If substantial variation exists, then, in our study, the optimal phase of 

stimulation might exhibit similar variation. Indeed, the stimulation phase that resulted in 

the largest increase in stride time and length for Participant 3, 9, and 10 was not the same. 

Optimal phase might need to be determined on an individual basis for each patient by 

generating a phase response curve for step or stride length. This method has already been 

implemented to develop an responsive algorithm to reduce tremor in PD patients.96  

A limitation in our study is the small sample size. However, it was more than 

adequate to detect the effect of continuous STN stimulation, and previous aDBS and rDBS 

studies had similar participant numbers. Another limitation was the small number of 

participants with GPi DBS, but we observed a similar response to phasic stimulation as in 

STN participants (that is, increased gait metrics when receiving continuous but not phasic 
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stimulation, and better response to phasic stimulation in continuous stimulation non-

responder). 

Another limitation of this study is the short trial durations. Phasic stimulation was 

only applied for about one minute before changing to another stimulation condition. Phasic 

stimulation might take longer to reach its full effect. In fact, it takes at least an hour to see 

the full effects of conventional continuous stimulation on axial symptoms.67 However, a 

previous aDBS algorithm study showed changes in beta band power within 100 ms after 

turning on stimulation, and our algorithm was motivated by endogenous beta modulation 

during gait. Since our rDBS algorithm relies on stimulation pulse trains lasting 125 ms, we 

would expect to see a similar effect on beta in our participants.  

Another limitation of this study is the amount of energy delivered to the 

participants. Previous aDBS studies have measured the reduction in total electrical energy 

delivered (TEED)145 to the participants. These studies have reported energy reduction 

between 38-57%.91,93,94 The approximate energy reduction in our study is between 77-83%, 

depending on the clinical frequency of the participant and given the duration of the 

stimulation pulse train. Such a large reduction in energy delivered may explain the small 

effect sizes we observe. Longer stimulus train durations might have produced larger 

effects, but would have sacrificed some degree of phase specificity. Also, in this initial 

study, not knowing what side effects might occur, we opted to err on the side of caution. 

In conclusion, we successfully implemented a gait phase triggered rDBS algorithm 

and demonstrated target engagement. Our results indicate that time-locked stimulation to 

heel-strike and toe-off gait phases did not improve gait parameters to the same degree as 

continuous stimulation. Stimulation at other phases may be more effective but were not 
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tested. In a finding that was suggestive, the benefit of phasic stimulation may be larger in 

patients for whom continuous stimulation is ineffective, e.g. when lead location is 

suboptimal by conventional criteria. 
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Chapter 4 – STN DBS Effects on 

Parkinsonian Gait are Detectable 

Without Prolonged Wash- in/out 
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Introduction 
 

Parkinson's disease (PD) deep brain stimulation (DBS) literature includes a large 

number of studies which assess the effects of stimulation by measuring symptoms in the 

ON- vs OFF-stimulation condition. It is known that subthalamic DBS effects on PD 

symptoms wash-in and out gradually.67,68 The wash in and out effects of pallidal 

stimulation on symptoms has not been studied, but have been assumed to be similar to 

subthalamic stimulation. This assumption was used in a major clinical trial design to allow 

at least 1 hour of wash in and out for both targets.40,182,183 A drawback of this long of a 

washout period is that, typically, only a single stimulation setting can be assessed in a visit: 

the patient's "clinical" stimulation settings, i.e. those established by the treating clinician 

and stable for months prior to the measurements. 

For studies that assess multiple settings, a wash-out period shorter than 1 hour is 

needed. For some motor symptoms a shorter wash-out period is well established. The 

influential paper of Temperli et al. is often cited to support the chosen wash-out period for 

the motor symptom under study.67 For the motor symptom of tremor and bradykinesia, the 

wash-out period can be as short as 30 minutes. Whereas axial symptoms were reported by 

Temperli et al. to take over an hour for stimulation to wash-out. Gait is an axial symptom, 

and studies that examine stimulation’s effect on gait should implement a wash-out period 

at least 1 hour in duration. In practice, this is often hard to achieve, and shorter intervals 

are common in the literature.180,184 Moreover, if the experiment implements a 1-hour 

washout period, stimulation cannot be turned on/off repeatedly in the same experiment day; 

such within-subject replication requires multiple days of experiments.  
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Recently, we conducted a series of experiments in which we compared the effects 

on gait of three different novel DBS settings (gait phase modulated DBS), with multiple 

within-subject replications. In addition to the novel DBS settings, we included two control 

settings: the participant’s clinical settings and a no stimulation setting. In order to make 

multiple gait measurements, we did one full wash-out at the beginning of the experiment, 

but between different settings we only provided 1-minute of wash-out time, which we term 

a "hyperacute" protocol. Results of the gait phase modulated stimulation are reported 

elsewhere, but the paper only evaluated the novel stimulation settings in the hyperacute 

protocol (Chapter 3 - Results). In short, the findings were that the novel DBS stimulation 

locked to gait were delivered accurately, but the stimulation did not improve gait. Despite 

the lack of wash- in/out, the therapeutic effects captured with the hyperacute protocol on 

multiple gait metrics were quite robust. This suggests that DBS gait effects can successfully 

be measured with a hyperacute protocol.  

The success of the hyperacute protocol was somewhat surprising in light of the 

reported slow wash- in/out of axial symptoms.67 It suggests that after DBS is turned off, 

some portion of the total therapeutic effect on gait disappears immediately, and the 

remainder washes out gradually, as we previously reported for bradykinesia.68 To assess if 

the immediate effect is comparable to the effect seen during a full wash-out period, we 

present previously unpublished data and analysis from the gait phase modulated DBS trial. 

The full wash-out period done prior to the hyperacute protocol measured gait at the start of 

the period, with stimulation ON, then again immediately after turning off stimulation 

(Acute OFF), and again after minimum 1 hour (Late OFF). We measure the effect of wash-

out time on gait, and then we compare the two time points to see how much of the total 
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therapeutic effect washes out immediately. Afterwards, the hyperacute effect, measured 

for the two control conditions, is compared to the total therapeutic effect observed at Late 

OFF in the wash-out period. Lastly, we estimate the minimal sample sizes for the 

hyperacute and wash-out protocol to detect an effect. 

First, we found that DBS gait effect measured in this way corresponded well to 

DBS gait effect measured in the hyperacute protocol, confirming that both protocols 

measured the same effect. Next, we found that, when comparing ON to Late OFF (full 

washout), DBS gait effect was consistently significant, whereas comparing ON to Acute 

OFF, the effect, though in the same direction, was weaker and did not consistently reach 

statistical significance. In agreement with this, a direct comparison of Acute OFF to Late 

OFF gait effect showed that the Acute OFF effect was about 49% smaller than the Late 

OFF effect, i.e. about 49% of the therapeutic effect disappeared immediately, leaving the 

remaining half to wash out gradually. Finally, we estimated a minimal sample size for the 

full-washout protocol and compared it to the required size for the hyperacute protocol. We 

found that the hyperacute protocol requires a lower sample size, compared to the full-

washout protocol, to detect stimulation’s effect on gait. 

 

Methods 
 

Participants 
 

Fourteen PD individuals with bilateral STN DBS leads and Medtronic SC, PC, or 

RC implantable neural stimulators (INSs) (Medtronic Inc., Minneapolis, MN) participated 

in the study (Table IV). A subset of the data was shown previously (Chapter 3 - Results). 

Participants were tested after overnight withdrawal of PD medication prior to the study. 
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All participants gave informed consent according to a University of Minnesota Institutional 

Review Board approved protocol. 
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Table IV Participant Demographics for Chapter 4 
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Experimental Protocol 
 
  

Gait was first measured overground 20 ft in a hallway 12 times at a self-selected 

speed. Gait was then measured on an instrumented treadmill (C-Mill, MotekforceLink, 

Netherlands) in two protocols: washout and hyperacute. The washout protocol was 

conducted prior to the hyperacute protocol and consisted of gait measurements ON-DBS, 

immediately after turning off DBS (Acute OFF), and after a minimum of 1 hour off DBS 

(Late OFF). Since we are measuring gait after at least 1-hour off stimulation and then in 

the hyperacute protocol, we considered the possibility that the participant would no longer 

be able to walk at their overground speed. In order to have at least one treadmill speed 

common throughout protocols, we tested three percentages of the participants overground 

speed at each time point in the washout protocol: 100, 85, and 75%. Two trials ON DBS at 

100% was tested to account for participants who have not been on a treadmill in a year. In 

three participants we also tested 65% of their overground speed, with one of these 

participants having an additional test at 50%. Participant 3 only tested at 65% of their 

overground speed during Late OFF as they had great difficulty walking on the treadmill at 

75%. Each trial lasted one minute. The fastest overground speed percentage that the 

participant could tolerate was set for all gait measurements during the hyperacute protocol.  

The testing procedure and changes to participant’s stimulation settings in the 

hyperacute protocol was previously described in Chapter 3 - Experimental Protocol.  

 

Data Analysis 
 
 

Gait Metrics 
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Software supplied by the instrument treadmill manufacturer computed heel-strike 

and toe-off gait phases from center-of-pressure data measured by a force platform 

underneath the treadmill belt. We exported time and location of the heel-strike and toe-off 

gait phases, along with a continuous measurement of the treadmill belt speed to calculate 

average stride length, stride time, stride width, double support time, and cadence using 

custom Python and MATLAB scripts. 

 

Statistical Analysis 
 

We examined the effects observed during the washout and hyperacute protocol 

through in three parts. First, we analyzed the effect of washout time on gait measured at all 

three time points during the washout protocol. This analysis grouped all participants 

together into a separated repeated measures random intercept mixed model with the time 

point (ON, Acute OFF, and Late OFF) and treadmill speed (100, 85, 75, 65, or 50% of ON-

overground speed) as categorical fixed effect and the participant as a random effect. The 

inclusion of all treadmill speeds was to make use of additional data. In addition to the linear 

model, a post-hoc analysis compared ON to Acute OFF and Late OFF using a t-test. 

Second, we directly compare the effect seen at Acute OFF and Late OFF. To start this 

analysis, a linear model was created for each participant with washout time point and 

treadmill speed as fixed factors. From this model we obtained the effect size and associated 

standard error at each time point for each participant. Then, the effect sizes at the two time 

points are entered into a linear regression, and the r-squared value and slope are reported. 

Third, we directly compare the effect at Late OFF to the effect seen during the hyperacute 

protocol. Analysis steps are identical to the second analysis, but the linear model and 
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regression replaces the Acute OFF data with the hyperacute data. Participant 3 was 

excluded from the third analysis because the speed tested during the hyperacute protocol 

was only tested at Late OFF in the washout protocol. Significance threshold was set at 95% 

for all analyses. The degree of freedom for all statistical analysis was estimated using 

Kenward-Roger’s method. Tukey’s adjustment for multiple comparisons was applied 

following post-hoc analysis. 

 

Power Analysis 
 

We performed a power analysis to estimate the study size required to detect 

significant changes in gait between ON to Late OFF DBS washout and hyperacute OFF to 

ON stimulation. We determined the sample size needed to achieve 0.8 statistical power, 

with an alpha value of 0.05. Power analysis was performed by calculating the percent of 

significant tests following 200 runs of Monte Carlo simulations for each gait metric. For 

each run, a data set was created by randomly sampling, with replacement, from the 

available participants’ data. Within each participant, two trials of ON DBS at 100% was 

randomly sampled with replacement when estimating the sample size between ON to Late 

OFF. All other time points and overground speed percentages were taken. Similarly, when 

estimating the sample size between hyperacute OFF to hyperacute ON four trials were 

randomly sampled with replacement. Post-hoc analysis of a repeated measures linear 

mixed effect model, with time point and treadmill speed as fixed effects and participants 

as a random effect, is used to assess the statistical power. If the power of the model does 

not reach the power threshold, the number of participants is increased. 
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Results 
 

Gait metrics were measured across two protocols: washout and hyperacute. The 

washout protocol measured gait metrics at three time points and at different percentages of 

the participant’s overground walking speed. The three time points during the washout 

protocol are at the beginning, with stimulation ON, immediately after turning off 

stimulation (Acute OFF), and after a minimum of 1 hour (Late OFF). At each time point 

the speed of the treadmill was set to 100, 85, and 75% of the participant’s overground 

walking speed. Three participants had additional speeds tested below 75%. The hyperacute 

protocol measured gait metrics under 5 stimulation conditions with very little wash-in or 

wash-out of DBS effects. Relevant to this paper, we analyzed only two control conditions 

from the hyperacute protocol, the participants’ clinical settings (hyperacute ON) and 

compared that to no stimulation delivered (hyperacute OFF). We report on the change in 

gait metric at different time points during the washout protocol, compare gait metric 

changes during washout, and compare gait changes at Late OFF to the hyperacute control 

conditions. 

 

Washout protocol gait effects 
 

Increases and decreases for all gait metrics are seen at Acute OFF (Figure 14). For 

most participants across most treadmill speeds, stride time, stride width, and double support 

time was decreased. Stride length and cadence did not show a favored response, with 

similar number of participants and treadmill speeds that increased and decreased. 

Following a minimum of 1-hour wash-out, Late OFF sees more participants and treadmill 

speeds that are decreased for stride length and stride time (Figure 15 A and B) and increased 
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cadence (Figure 15 E). These changes were detected in our linear mixed effect model, 

where the washout duration was a significant factor (Table V). Post-hoc analysis confirmed 

that Late OFF was the driving force for significance of stride length, stride time, and 

cadence.  
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Figure 14. Histogram of gait effects measured immediately after turning off stimulation. Stacked histograms of the 

change in gait metrics from ON DBS to Acute OFF. Each color represents the treadmill speed as a percentage of 

overground walking speed that a participant was tested under. Post-hoc p-values were calculated using a t-test on the 

results of the linear mixed effect models and are shown in each graph. No gait metric was significantly changed when 

measured at Acute OFF compared to ON-stimulation. 
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Figure 15. Histogram of gait effects measured after minimum 1-hour after turning off stimulation. Stacked 

histograms of the change in gait metrics from ON DBS to Late OFF. Each color represents the treadmill speed as a 

percentage of overground walking speed that a participant was tested under. Post-hoc p-values were calculated using a t-

test on the results of the linear mixed effect models and are shown in each graph. Significance was set to p<0.05 and is 

denoted by “*”. 
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Table V Statistical Analysis Results of Gait Effect in a Washout Protocol 
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Comparison between Acute OFF and Late OFF, using a linear model, indicates that 

stride length, stride time, stride width, and cadence are approximately linear. The r-squared 

values for these metrics are 0.694, 0.740, 0.614, and 0.612 for stride length, stride time, 

stride width, and cadence respectively (Figure 16 A, B, C, and E). Double support time is 

poorly approximated by a linear trend, obtaining an r-squared value of 0.381 (Figure 16 

D). The linear models shown here predicted the Acute OFF effect from the Late OFF effect. 

This means that the slopes of the linear models allow us to approximate, on average, how 

much of the effect size washes out immediately. Acute OFF’s effect on stride length, stride 

time, stride width, and cadence were approximately 52, 52, 58, and 51% of Late OFF effect, 

respectively. Double support time Acute OFF effect was smaller than other gait metrics, 

only reaching 34% of the Late OFF effect. Interestingly, a few participants Acute OFF gait 

effect was the same as their Late OFF effect. This is seen for all gait metrics and are the 

points that lie on the identity line (dashed line) in Figure 16. 
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Figure 16. Comparison between gait effects seen at Acute OFF and Late OFF. Scatterplots of Acute OFF and Late OFF 

gait effect. Points and bars indicate mean and standard error of a participant’s change in gait metric. Regression between 

Acute OFF and Late OFF is shown as the solid blue line. Dashed line indicates the identity line, where the effect on gait 

at Late OFF is the same as at Acute OFF. R-squared values are shown in the top left corner of each plot. Color indicates 

participants whose electrode configuration changed for the hyperacute protocol. 
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Hyperacute gait effects 
 

The gait effect relationship between Late OFF and the hyperacute interval is 

comparable to the relationship between Acute OFF and Late OFF. Stride length, stride 

time, and cadence are moderately linear, with r-squared values of 0.528, 0.506, and 0.440 

respectively (Figure 17 A, B, and E). However, stride width and double support time is 

poorly described by a linear approximation and is reflected in the low r-squared values 

(Figure 17 C and D). Although r-squared values were lower for all gait metrics, stride 

length, stride time, and cadence’s slope were similar to what was observed during the 

washout protocol. For these gait metrics, the slope was 46%, 43%, and 54%, respectively. 

This indicates that the hyperacute protocol captured approximately 48% of the Late OFF 

effect for these gait metrics, which is comparable to the effect seen at Acute OFF. Stride 

width and double support time, under the hyperacute protocol, was only able to capture 

35% and 29% of the Late OFF effect.  
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Figure 17. Comparison between gait effects measured with the hyperacute protocol and Late OFF (full washout). 

Scatterplots of comparing gait effect seen with the hyperacute protocol and Late OFF. Points and bars indicate mean and 

standard error of a participant’s change in gait metric. Filled and open circle indicate if the participant’s contacted were 

changed for the hyperacute protocol. Regression between hyperacute protocol and Late OFF is shown as the solid blue 

line. Dashed line indicates the identity line, where the effect on gait at Late OFF is the same as the hyperacute protocol. 

R-squared values are shown in the top left corner of each plot. 
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Power analysis and sample size estimates 
 

Significant effects on gait is seen after a minimum 1-hour washout. However, a 

non-significant change in gait is seen immediately turning off stimulation. The hyperacute 

protocol tested was able to capture gait effects that corresponds well to the immediate 

washout effect, indicating the hyperacute protocol is measuring the same effect. We 

estimated the number of participants to achieve 0.8 statistical power for each gait metric 

under a hyperacute protocol and washout protocol (Table VI). Sample size estimates for 

the hyperacute protocol ranged from 5-38 participants, while Late OFF ranged from 15-37 

participants. For a majority of the gait metrics measured, the estimated sample size needed 

to detect an effect was smaller than amount needed under the washout protocol. 
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Table VI Sample Size Estimates for a Washout and Hyperacute Protocol 



 

93 

 

Discussion 
 

In this chapter, I compare STN DBS effect on gait during treadmill walking in two 

protocols: full washout and hyperacute. In the full washout protocol, I found that when 

comparing ON stimulation to Late OFF, DBS gait effect was consistently statistically 

significant. However, when comparing ON to Acute OFF, the effect, though in the same 

direction at Late OFF, did not consistently reach statistical significance. In agreement with 

this, a direct comparison of Acute OFF to Late OFF gait effect showed that the Acute OFF 

effect was about 49% smaller than the Late OFF effect, i.e. about 49% of the therapeutic 

effect disappeared rapidly, leaving the remaining half to wash out gradually. This is an 

average over patients, but the proportion of rapidly-disappearing gait effect varied among 

patients, as seen in a previous study of DBS effects on bradykinesia.68 

When comparing the effect on gait in the hyperacute protocol to Late OFF, the 

effect seen in the hyperacute protocol was 41% smaller, but well-correlated with it. We 

estimated the number of participants (sample size) needed to detect an effect at Late OFF 

with hyperacute protocol and the full washout. Across a majority of gait metrics, fewer 

participants are needed to detect an effect in the hyperacute protocol compared to the full 

washout protocol. Even though the error was greater on a single trial using the hyperacute 

protocol, the repeated measures allowed the standard error to be smaller. This could reflect 

the close temporal proximity of the measurements compared in contrast to the washout 

protocol: the prolonged wait for washout may have introduced unmeasured confounders 

which functioned, collectively as noise or non-stationarity. The hyperacute protocol also 

reduced variance by replicating the DBS ON → OFF transition four times in each subject, 

whereas only a single transition was feasible in the washout protocol. 
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Temperli et al. measured changes in motor symptoms at various durations of 

washout.67 Their data showed axial symptoms require over an hour to reach  90% of 

maximum washout but this is rarely feasible and washout is often briefer in practice. 

Although they do not directly address this issue, figures suggest that washout of axial 

symptoms may be initially rapid (short time constant) followed by a slower washout 

(longer time constant), a pattern previously reported for bradykinesia.68 The axial subscore 

presented by Temperli et al. includes multiple symptoms, including gait, and it is currently 

unknown if gait contributes more to the initial fast, or to the later slow washout seen in 

their figures, or to both. Our data suggests both. Indeed, the percentage of total washout on 

gait at Acute OFF is similar to the 5-minute time point in their data. Regardless, our data 

replicated their finding that complete washout of gait effect requires least one hour. 

The presence of a fast and slow phase of gait washout may indicate differences in 

stimulation locations within the STN. In a previous study, we found return of bradykinesia 

after cessation of STN stimulation68 had both a fast and slow wash-out phase, and the 

location within the STN region determined their relative magnitudes. In the data presented 

in this study, some participants’ gait effect completely washed-out when measured at Acute 

OFF (Figure 16, points on the identity line), indicating that almost all the detectible effects 

of DBS washed out in the fast phase. While we do not know the location of the electrode 

relative to the STN in our participants, the finding from our previous study suggests that 

differences in DBS implant location may explain these differences. 

Our study uses data from experiments undertaken for a different experiment (to test 

gait phase modulated DBS). Consequently, A few of our participants whose clinical 

settings, in the washout protocol were bipolar, had their clinical settings approximated with 
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pseudomonopolar settings. This is previously described in Chapter 4 - Experimental 

Protocol. Nonetheless, stride time, stride width, double support time, and cadence were all 

well-correlated between hyperacute and washout protocols, and the participants changed 

to monopolar do not deviate from this pattern, except, possibly, for double support time. 

Another limitation related to our use of data from the gait phase modulated DBS 

study is that, in addition to the ON vs. OFF settings reported here, novel stimulation 

settings were also tested in the hyperacute protocol. Conceivably, the novel stimulation 

may have had some indirect, carry-over effect on the ON vs OFF stimulation gait effect we 

report here. If so, the effect was to amplify the effect of conventional stimulation, which 

would be remarkable. However, this is unlikely as the direct effect of the novel gait phase 

modulated stimulation was small and nonsignificant.  

Another limitation of the study is that the washout interval, though never shorter 

than one hour, did vary among participants. Five started the hyperacute protocol after 120-

minutes off stimulation, whereas all other participants started before 90-minutes had 

passed. It has been reported that axial symptoms do not significantly change after 90-

minutes of washout compared to 60-minutes, but 120-minutes is significantly different.67 

Moreover, the comparison between Acute OFF and Late OFF is similar to what has been 

seen previously.67 

In conclusion, the results in this chapter suggests both a fast and slow phase of 

stimulation washout in gait. The effects of stimulation on the hyperacute phase and the full-

washout are similar enough that the hyperacute phase may be used to test different settings.  

I propose that multiple testing of stimulation using a hyperacute protocol rather than a 
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single trial using the full washout may have higher sensitivity to stimulation setting effects 

and may achieve significant effects with fewer subjects for most motor symptoms.  
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Chapter 5 – Conclusions  
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The overall goal of this thesis is to investigate the use of quantified motor behavior 

to develop and improve deep brain stimulation (DBS) therapy for Parkinson’s disease (PD). 

Specifically, this work has provided a framework for using quantified motor behavior to 

advance DBS therapy by: 1) providing proof-of-principal evidence on the use of Bayesian 

optimization for stimulation parameter optimization; 2) demonstrating feasibility of state 

specific real-time stimulation based on gait to treat motor behavior; and 3) providing 

evidence that gait changes due to stimulation parameter changes measured during short 

duration wash-in and out of results in similar findings as when a full wash-out interval is 

used. This work demonstrates how quantified motor behavior enables closed-loop 

approaches to improve DBS therapy. 

 

Summary and Significance of Results 
 

 Deep brain stimulation is a therapy used to treat the motor signs of patients with 

Parkinson’s disease. Following lead implantation, stimulation parameter optimization is 

performed by a clinician using a trial-and-error process.76 This can take 50 or more hours 

before sufficient alleviation of motor signs and minimal side effects is achieved.75 Motor 

sign improvements between 20-50% are seen following parameter optimization.31–33 

However, gait is not considered to be adequately treated.158 In this thesis, I propose using 

quantified motor behavior to improve DBS outcomes. This approach has the potential to 

reduce time spent tuning stimulation parameter, improve therapeutic outcomes of 

stimulation, and improve study designs. 

 

Using Quantified Motor Behavior Outcomes to Optimize Stimulation for DBS 
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Quantified motor behavior could be used with currently available implantable 

neural stimulators in PD patients to optimize stimulation parameters. This approach was 

successfully used to quickly and accurately optimize frequency to reduce forearm rigidity 

in Chapter 2 – Semi-Automated Approaches to Optimize Deep Brain Stimulation 

Parameters in Parkinson's Disease. Other motor signs and stimulation parameters can be 

added easily to this method. Optimization time using a Bayesian optimization approach 

will increase as more factors are optimized, but the increase the time of optimization would 

be short compared to a trial-and-error approach. This is particularly true with the increasing 

availability of segmented electrode designs that increase the number of electrodes from 4 

to 8.  

It is likely that stimulation settings would need to be changed as the disease 

progresses. Re-optimizing stimulation parameters with this approach can account for this 

change. Instead of a assuming no prior information on the response of motor signs to 

stimulation parameters, the patient’s previous optimization data can be used as a priori 

information into the Bayesian optimization algorithm. This would allow for quick 

adjustments of stimulation parameters as the disease progresses. 

 

Using Quantified Motor Behavior Outcomes for Development of Novel 

Stimulation Approach 
  

Neural stimulators have been developed that can simultaneously record and 

stimulate. This sensing technology has been used to developed novel stimulation therapy 

approaches that continuously adjust the stimulation amplitude.90,91 There are many 
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advantages to these novel approaches: 1) they achieve similar or improved efficacy, 2) they 

reduce power consumption, and 3) reduce side effects associated with stimulation.  

In Chapter 3 – Gait Phase Triggered Deep Brain Stimulation in Parkinson’s 

Disease, a novel stimulation delivery approach to treat gait was proposed. The approach 

triggered stimulation, timed to heel-strike and toe-off gait phases, for 125-135 ms. 

Stimulation delivered at these gait phases was effective at improving gait for a small subset 

of the participants, providing evidence that using quantified motor behaviors to trigger 

stimulation can improve stimulation outcomes. For the other participants, the gait phases 

stimulation is triggered on may not be optimal. Instead of setting which gait phases to 

trigger stimulation, a phase response curve could be added to the approach that would 

determine the optimal gait phase to stimulate.  

 It is possible that the hyperacute protocol implemented in Chapter 3 – Gait Phase 

Triggered Deep Brain Stimulation in Parkinson’s Disease, i.e. 1-minute of wash-in and 

wash-out time between stimulation conditions, was not sufficiently long enough to see an 

effect of this novel stimulation approach. Chapter 4 –  examined the hyperacute protocol 

and compared stimulation’s effect on gait with a 1-hour wash-out protocol. This duration 

of washout is commonly implemented in studies examining stimulation’s effect on gait. I 

found that the effect measured using the hyperacute protocol was comparable to the 1-hour 

wash-out protocol. This implies that the hyperacute protocol can be used to test multiple 

stimulation settings in a single visit. Future studies that wish to examine multiple 

stimulation settings may implement the hyperacute protocol without significant loss of 

sensitivity. 
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Limitations 
 

Here I propose the use of quantified motor behavior outcomes to improve DBS for 

PD. However, there are number of potential issues when measuring motor behavior. 1) 

Specific placement of sensors was required to successfully implement the novel gait phase 

stimulation delivery approach. If the sensors were placed in suboptimal locations, the 

sensors would not have sensed the changes in foot pressure necessary to detect the 

beginning of heel-strike and toe-off. A study on foot pressure distributions during gait 

showed that peak pressure at the 4th and 5th metatarsal is less than half of what is seen 

between the 2nd metatarsal.172 Additionally, the study showed that pressure near the heel, 

towards the toes, does not show an immediate increase in pressure during heel-strike. 

Sensor placement is crucial to correctly quantify the motor behavior outcome under study. 

2) When quantifying a motor behavior outcome, other movements can influence the value. 

It has been reported by Powell et al. that contralateral movements increases rigidity in 

Parkinson’s disease in the off medication state.185 The same study showed that contralateral 

activation increased rigidity in the on medication state, but was it was not significant. It is 

unknown how other parkinsonian motor signs are affected with other movement. With 

regards to the stimulation parameter optimization approach suggested in this thesis, other 

movements that occurs while measuring rigidity would decrease sensitivity and therefore 

decrease the ability to optimize the settings. To account for this, additional tests at the 

stimulation setting could be conducted until other movements are averaged out. 3) Injury 

to the body could alter the motor behavior measurement. PD patients are at a higher risk 

for falls than other neurological conditions and are more likely to have recurrent falls.186,187 

If a PD patient experiences a fall, they may experience musculoskeletal pain and previous 
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studies have reported that musculoskeletal pain alters muscle activation and control.188 This 

suggests that the motor behavior measurements are not representative of only Parkinson’s 

pathology.  

 

Conclusion 
 

While there are many approaches to improve DBS outcomes in PD77–80,90,91,96, each 

technique need to be validated. Quantified motor behaviors offer an alternative approach 

to build tools and methods to improve DBS outcomes in PD. The approach generates a 

flexible signal that can be used in a variety of applications, such as parameter optimization 

or novel stimulation delivery. Furthermore, quantified motor behaviors can be used to 

justify future study design choices where multiple stimulation settings want to be tested in 

a short duration. The use of quantified motor behaviors to develop tools and methods has 

the potential to improve stimulation’s efficacy and thereby improving the patient’s quality 

of life. 
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