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Abstract
Tremor remains one of the most disabling symptoms of Parkinson’s disease (PD), often

leading to significant motor impairment and decreased quality of life (Kurtis et al., 2017).

Deep brain stimulation (DBS) is an effective therapy for managing motor symptoms. How-

ever, standard cDBS lacks the ability to adjust based on a patient’s current symptoms.

Furthermore, constant stimulation from cDBS leads to unnecessary power usage and ad-

verse side-effects (Neumann et al., 2023). To address these limitations, this thesis presents

novel real-time adaptive DBS (aDBS) strategies that couple multi-biomarker feedback with

wearable technology in a continuous closed-loop system to augment personalized aDBS

treatment.

This thesis introduces and evaluates two novel aDBS controllers: (1) a dual-input PID

controller that takes local field potential (LFP) beta power and raw accelerometer readings

from the wrist as inputs to update DBS stumulation (2) a tremor-adjusted PID controller

that modifies the setpoint of the PID control architecure based on a tremor-likelihood score.

These controllers were verified and released into a clinical trial on three PD participants

with a Medtronic RC+S implant.

Clinical results demonstrate that the novel aDBS controllers successfully reduce stimu-

lation energy consumption while maintaining non-inferior symptom control compared to

cDBS. Additionally, motion-based feedback was found to detect cases of breakthrough

tremor which would have been missed from LFP-controlled aDBS systems. Moreover, the

controllers were designed to operate outside of a controlled clinic setting and will eventually

be released for further testing outside of the clinic.

This study advances the next generation of aDBS by demonstrating the feasibility of

multi-input, real-time neuromodulation using commercially available wearable technology.

Future work will focus on further evaluating the aDBS controllers designed both in and out

of the clinic with participants.
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1. Introduction
Tremor represents one of the most prevalent and disabling symptoms of Parkinson’s

disease (PD). Approximately 79% of PD patients experience debilitating levels of motor

impairment which includes tremor (Kurtis et al., 2017). In 1997, Deep brain stimulation

(DBS) was first introduced. Since then, it has been established as a highly effective treat-

ment for PD symptoms. It provides symptomatic relief by delivering targeted electrical

stimulation to the basal ganglia (BG) (Benabid, 2003). Conventional continuous DBS

(cDBS) is a clinically proven and effective method of DBS. cDBS involves applying a con-

stant level of stimulation to a PD patient. However, cDBS fails to dynamically adapt to

patient-specific symptom fluctuations. cDBS also has numerous drawbacks which includes

unnecessary energy consumption, increased risk of side effects, and reduced long-term de-

vice viability (Neumann et al., 2023). To address these challenges, adaptive DBS (aDBS)

arose as a potential solution. aDBS offers real-time adjustments of stimulation which are

based on biomarker-driven feedback. The result is a more targeted and energy-efficient

therapy (Neumann et al., 2023).

Many aDBS strategies often look at local field potentials (LFP) for stimulation control.

The LFP signals are measured in the subthalamic nucleus (STN) or globus pallidus internus

(GPi). LFPs show beta-band oscillations (13-30 Hz) which have been found to correlate

with PD symptoms like bradykinesia and tremor (Little et al., 2013). Little et al., 2013

introduced an LFP-thresholding approach for aDBS, initiating DBS when beta power was

above a fixed value, greatly reducing stimulation time, all the while ensuring motor function

within acceptable limits in PD patients.Rosa et al., 2015 has built upon this concept using

proportional control (i.e., linear modulation of DBS amplitude with beta power). These

approaches were limited in their binary or linear control architectures and their assumption

that beta power is reliably indicative of motor impairment. Velisar et al., 2019 introduced

a dual-threshold algorithm to reduce rapid fluctuations in stimulation. While Velisar et al.,

2019 improved efficiency, their design lacked real-time adaptation beyond preset thresholds.

Moreover, these studies did not incorporate external motion sensors. Thus, they are sub-
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optimal for tremor management. In fact, beta oscillations often do not predict the severity

of tremor (Velisar et al., 2019).

Previous studies, such as those by Cagnan et al., 2017; Velisar et al., 2019, have demon-

strated the feasibility of aDBS using upper extremity accelerometry. However, both studies

had significant limitations.Cagnan et al., 2017 relied on controlled tremor-provoking pos-

tures. Additionally, their stimulation trials only lasted seconds for each trial. This approach

limited their real-world applicability. Velisar et al., 2019 used a threshold-based control al-

gorithm for tremor-driven aDBS but only tested subjects in a restricted 30-minute session.

Thus, their results cannot be generalized for daily tremor fluctuations. Furthermore, both

studies use custom hardware and external computing setups which restricts their applica-

bility in the real-world.

A major limitation of current aDBS systems is their reliance on a single biomarker. This

is because a single biomarkers may not fully encapsulate the complexity of Parkinson’s

disease (PD). Beta power reflects bradykinesia, while tremor is better tracked through

accelerometry (Little et al., 2013; Velisar et al., 2019). A single-biomarker approach limits

the system’s ability to address multiple symptoms simultaneously. For example, beta-based

aDBS can reduce bradykinesia, but it may not detect breakthrough tremor (BT), tremor

that persists despite low beta levels (Velisar et al., 2019). Velisar et al., 2019 showed that

such systems do not adequately respond to tremor when beta power is low. As a result, an

insufficient level of stimulation is applied to the patient. Using multiple biomarkers would

provide a broader symptom assessment. Thus, DBS therapy would be more targeted and

patient-specific.

1.1 Research Direction

To overcome these limitations, a novel aDBS system is presented that integrates both

neural and kinematic feedback. The system leverages a neurostimulator, a commercial Ap-

ple Watch, and an Arduino Nano. The following thesis features two distinct Proportional-

Integral-Derivative(PID) based aDBS controllers, each designed to target and supress tremor
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symptoms. (I) LFP and accelerometer-based PID control, in which stimulation amplitude

is modulated based on combined neural and kinematic biomarkers; (II) Tremor-based PID

control, which adjusts the stimulation setpoint based on probabilistic tremor severity es-

timation using a movement disorder API (Inc., 2024c). All PID control architectures are

based on proportional control methods derived from prior work (Schmidt et al., 2023). Un-

like prior research approaches, this work aims to create continuous real-time adaptation,

eliminates reliance on external computing devices, and integrates multi-sensor feedback.

Additionally, the system’s robust design and accessible devices make it applicable for real-

world use.

1.2 Contributions

The contributions of this work are three-fold: (i) To the best of our knowledge, this is

the first aDBS system to be clinically validated that uses commercially available wearable

technology, removing any requirement for proprietary sensor development; (ii) The aDBS

system enables multi-modal biomarker integration, allowing for multi-input, adaptive con-

trol; (iii) This work compares the performance of various PID-based control strategies

within a multi-input aDBS framework against standard DBS control strategies such as

cDBS as well as proven single-input adaptive strategies.
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2. System Design and Implementation

Figure 1: System architecture of the Medtronic RC+S adaptive DBS system. The
Surface Tablet runs the Summit Research and Development Kit (RDK), which

configures the Summit program and executes real-time adaptive control algorithms.
The CTM (Communication Transceiver Module) collects LFP readings from the IPG
(Implantable Pulse Generator) and transmits them to the Surface Tablet, where the

beta amplitude is computed. Simultaneously, physiological data is processed on the
Apple Watch, which transmits acceleration or tremor data to the Surface Tablet via a

Bluetooth Low Energy (BLE) Arduino interface. The Surface Tablet integrates
multi-biomarker feedback, processes the control algorithms, and updates the

stimulation parameters accordingly.

2.1 DBS Setup

The aDBS system is composed of four primary modules: data acquisition, communi-

cation, decision-making, and actuation. To facilitate testing of our aDBS controllers in

clinical trials, we utilized the Medtronic Summit RC+S system, a research-only platform

designed for real-time neuromodulation studies. The aDBS system’s architecture is depicted

in Figure 1. Medtronic provides the Summit Program, which includes an application pro-

gram interface (API) that enables dynamic adjustment of stimulation amplitude for the

implantable pulse generator (IPG) over time. This program is implemented using C#

within the .NET framework and was extended using the Summit Research Development

Kit (RDK) to develop our custom aDBS controllers. As a result, the program is designed

specifically for a Window-based system.

A Surface Tablet is used for running the aDBS controllers. The stimulation amplitude

supplied by the program is calculated and updated every two-seconds. Each update is

transmitted to the IPG via Bluetooth using Medtronic’s secure communication protocols.
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Concurrently, the IPG continuously relays LFP data collected from the BG, from which

the beta amplitude is extracted and used in control processing.

To stream tremor-related data, we incorporated an Apple Watch to collect external

biometric data. The watch captures motion data and tremor likelihood estimates, which

are then transmitted via Bluetooth Low Energy (BLE) to an Arduino interface. The Surface

Tablet processes this biometric data through port communication and synchronizes the data

with the LFP signals read in from the IPG to facilitate adaptive control.

2.2 Apple Watch IMU Setup

The Apple Watch was utilized to stream two distinct biometrics for real-time aDBS con-

trol: raw accelerometer data and a tremor likelihood score. The Apple Watch is equipped

with high-fidelity motion sensors, including a 3-axis gyroscope and accelerometer, which

enable continuous monitoring of movement dynamics (Inc., 2024a). To facilitate data col-

lection on the watch, we developed a custom Apple Watch application, depicted in Figure 2,

specifically designed to acquire the necessary biometrics for aDBS control.

Figure 2: Custom app developed for streaming and gathering biometric data specific
to our system design; (A) Play button: user selects to begin streaming or pausing data

collection; (B) Scroll bar selection: user selects whether to stream tremor (’tremor’)
data or raw accelerometer data (’accel’); (C) Show logs: this feature is specific for
developer debug purposes; (D) Connection status: displays whether the app is

successfully connected to the arduino via Bluetooth; (E) Packet count: displays how
many data packets have been sent to Arduino during a single streaming period.

Raw accelerometer data was collected using the Apple Core Motion API (Inc., 2024b).
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To allow for real-time recordings of movement patterns, the accelerometer sampled data at

a rate of 25 Hz. In an ideal environment, the system should sample at a constant 25 Hz.

However, testing revealed that while the average packet read frequency was around 25 Hz,

the sample rate fluctuated slightly. These minor fluctuations did not significantly impact

the system’s ability to predict movement magnitude. Figure 3 shows the fluctuations in

sampling frequency over a longer streaming period (about 3 hours). The fluctuations can

be attributed to packet loss and transmission delay impacts. Based on the distribution, the

standard deviation of the sampling rate is about 1 Hz. Our packet loss rate was around

0.1% . When designing the system, the packet loss allowance was determined to be 5%.

Thus, the actual packet loss is within the allowed range for this study.

Figure 3: Sampling frequency of accelerometer values over longtime stream.

In addition to raw motion data, the Apple Watch streamed a tremor likelihood score.

The score was computed using Apple’s Movement Disorder API (Inc., 2024d). This API

provides a power-efficient approach to monitoring tremor symptoms in Parkinson’s disease

by analyzing high-rate accelerometer data at 100 Hz.

Apple’s tremor likelihood model categorizes movement into six probability components:

percentUnknown + percentNone + percentSlight+

percentMild + percentModerate + percentStrong = 1.0 (2.1)
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Where:

• percentUnknown: Percentage of time when the algorithm was unable to classify the

movement pattern.

• percentNone: Percentage of time when no tremor was detected.

• percentSlight: Percentage of time when tremor was detected with a slight displace-

ment amplitude.

• percentMild: Percentage of time when tremor was detected with a mild displacement

amplitude.

• percentModerate: Percentage of time when tremor was detected with a moderate

displacement amplitude.

• percentStrong: Percentage of time when tremor was detected with a strong displace-

ment amplitude.

For our implementation, we derived a tremor score between 0 and 1, representing the

total proportion of time when tremor was likely within each minute sample. This tremor

score is computed using:

tremor_score = percentMild+ percentModerate+ percentStrong. (2.2)

One limitation of the Movement Disorder API is that it does not provide continu-

ous tremor likelihood estimates. As per Apple documentation, it periodically and oppor-

tunistically calculates tremor symptoms based on accumulated accelerometer samples (Inc.,

2024c). From experimental testing, we observed that tremor likelihood is computed, on av-

erage, every 5 minutes. For a 5 minute interval, a likelihood score is calculated for each

minute within the interval and then averaged over the 5-minute window. Figure 4 shows the

format of a single tremor packet that would be sent from the Apple Watch. Each tremor

packet contains the average tremor calculation for the 5-minute window as well as each

tremor likelihood score for each minute within the window used to calculate the average

score.
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Figure 4: The above string represents a single tremor packet that the system receives at
5-minute intervals. The data contained in F() represents the average tremor score over
the sampling window. This score is used to update the controller set point. Each value

contained in T() represents the tremor likelihood scores for each individual minute
within the 5-minute sampling window. These likelihood scores provide a

minute-by-minute breakdown of tremor activity leading up to the average tremor
score.

The following Figure 5 highlights our average tremor calculation over a two hour

clinic testing session. The following average calculation is compared to the FDA-approved

StrivePD platform, which displays tremor scores every minute. However, there is a 15-

minute delay between the calculated timestamp and when the score becomes available for

user viewing. All patients wear a watch during clinic and at-home with the StrivePD plat-

form downloaded in order to collect biometric data. However, the data from StrivePD is

not available in real-time, but requires additional processing time before results are avail-

able to the patient and clinician. Each minute is a summation of the percent mild, percent

moderate, and percent strong tremor likelihood detected by strivePD. As seen in the figure,

although tremor scores are updated only every five minutes, they effectively capture overall

tremor trends without significant information loss during periods without updates.

2.3 Biomarker Transmission

2.3.1 Cross-Platform Communication via Arduino

Since external biometric data is processed to control the Summit RC+S neurostimulator,

it must be transmitted in real-time from the Apple Watch to the Surface Tablet. A key

challenge in this setup is the incompatibility between the devices operating systems which

do not allow cross-communication between the two devices due to security protocols. The

Apple Watch is designed to run on a iOS operating system, however the Surface tablet runs

on a Windows operating system. As a result, directly transmitting data between the two

devices is not supported.
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Figure 5: The box plot represents the tremor likelihood score from StrivePD. The line
plot represents the average tremor likelihood score calculated by our custom watch

app.

To overcome this limitation, we implemented an Arduino Nano 33 IoT (Arduino, 2024)

as an intermediary to facilitate the transfer of data packets between the Apple Watch and

the Summit Program running on the Surface Tablet. The Arduino is equipped with Blue-

tooth Low Energy (BLE) communication and is attached to the port of the Surface Tablet

as seen in Figure 1. The Arduino is ported to the Surface because the Medtronic RDK

running on the table has specific security protocols that do not allow external hardware to

connect via Bluetooth. As a result, all data being transmitted from the Apple Watch to the

Arduino can be read-in to the Surface Tablet via port communication. As the Apple Watch

app samples data, it builds a string of each data point with a corresponding timestamp.

For raw accelerometer data, the watch builds a string with as many samples of ac-
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celerometer data as possible until the size of the packet reaches 512 KB. Once the packet

reaches the maximum packet size, it is transmitted from the Apple Watch via Bluetooth

to the Arduino. Figure 6 shows an example packet string and format that would be sent

to the Arduino. In the following packet, there are fourteen accelerometer samples, but

the sample number varies with each packet. 512 KB was chosen as the maximum packet

size because that was the largest size of packet that could be transmitted to the specific

Arduino hardware that was used (Arduino, 2024). For tremor data, the string containing

the tremor sample is immediately sent to the Arduino, regardless of packet size, due to the

lack of frequency between samples.

Figure 6: Example format and packet size for accelerometer data. The following format
is ’timestamp;A(x-axis measurement, y-axis measurement, z-axis measurement)|’

By utilizing the Arduino as a middle man, the Apple Watch is able to continuously send

biometric data to the Surface Tablet despite limitations in operating system compatibility

and security protocols. This addition to the system architecture is integral to creating

real-time external biomarker integration for aDBS.

2.3.2 System Delay

While adding an Arduino to the system was vital for our communication design, the

addition does add a delay that impedes on creating a completely real-time solution. For

the Dual-input PID controller, packet delay is crucial to system design since stimulation

updates occur every 2 seconds. However, in the tremor-adjusted PID, packet delay has a

minimal impact on system functionality because the updates are designed to occur over

longer periods. Thus, the following section focuses on the communication and processing

impact for raw accelerometer data packets.
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2.3.2.1 Transmission Delay

The delay of data transmission was on average around 352 ms with a standard deviation

of 48.61 ms as seen in Figure 7.

The calculation was obtained by using a network time protocol (NTP). For our use case,

we used a Google’s NTP service to synchronize time across devices. Both the Surface Pro-

gram and watch application access this NTP client before transmitting data. A time offset

is calculated between the local system time and the NTP-synchronized time. This offset

is then applied to adjust the timestamp of the packets sent from the watch as well as the

timestamp recorded by the Surface Program upon packet reception. Using this method en-

sures that the calculated delay does not contain inaccuracies from non-synchronized system

clocks.

Figure 7: Distribution of transmission delay between Apple Watch and Surface
Program.
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2.3.2.2 Packet Processing Architecture and Delay

There were numerous factors that influenced the software architecture for parsing and

gathering the data from the controller side. One constraint in the design was to efficiently

parse data while ensuring thread safety in order to prevent interference or stalling updates

on the main thread. Thus, a Producer-Consumer pattern was used for real-time BLE data

processing.

The Producer-Consumer pattern is ideal when multiple tasks are running simultaneously

with producers generating data and consumers processing it. Since producers and con-

sumers can operate independently, this allows for asynchronous processing of data (Ranas-

inghe, 2023). Using asynchronous processing prevents blocking operation, thus the main

thread will not stall.

For our implementation, the producer is a connection loop that continuously listens for

incoming data from the port and enqueues it. The consumer asynchronously reads from

the queue as soon as data becomes available. It extracts and stores all of the necessary

information from the packet. The advantage of this pattern is that multiple consumers can

be deployed to read and process the data in parallel. The queue is specifically a bounded

channel which acts as a thread-safe queue such that only one consumer processes each piece

of data. Additionally, the channel manages synchronization internally, thus explicit locks

are not needed. As a result, thread contention is reduced.

This pattern significantly improves the efficiency and reduces processing time. Further-

more, the design ensures that the system can handle high-frequency BLE data and makes

it well-suited for real-time applications.

The packet processing delay was calculated over a streaming period. The following

distribution of processing delay can be seen in Figure 8. This processing delay is based on

the processing time to extract and store accelerometer data packets as seen in Figure 6.

The mean processing delay is around 11 ms with a standard deviation of 10 ms. This delay

was measured by recording the time at which the packet was received and the time at which
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each accelerometer value from the packet was processed.

Figure 8: Distribution of processing delay of accelerometer packets.
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3. Controller Motivation and Design
3.1 PID Controller

Figure 9: PID Controller Presented in Schmidt et al., 2023

Proportional Integral Derivative (PID) control is a widely used closed-loop control strat-

egy that continuously adjusts system behavior based on error correction. A PID controller

calculates an error signal as the difference between a desired setpoint (SP) and a measured

process variable. The controller then applies corrections based on proportional, integral,

and derivative terms. The proportional term responds to the current error. The integral

term accounts for accumulated past errors. Lastly, the derivative term predicts future errors

to enhance stability.

To develop our novel adaptive DBS (aDBS) controllers, we evaluated various control

architectures and determined that a PID controller was the most suitable choice for our ap-

plication. This is because PID controllers possess functional simplicity yet provide optimal

control. This approach is based on prior work in Schmidt et al., 2023. Schmidt et al., 2023

successfully designed and implemented a PID controller for adaptive DBS amplitude mod-

ulation. Additionally, their work on testing and determining experimental variable values

for PID control was instrumental to accelerate our clinical controller evaluations since the

participant sample between the following study and our own are the same.

In Schmidt et al., 2023, the PID controller received real-time beta amplitude from a

single DBS lead and dynamically adjusted the stimulation amplitude across all four DBS
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leads. Figure 9 illustrates the original PID control architecture presented in Schmidt et al.,

2023. For their study, KD was set to 0, thus excluding the derivative function of a PID

controller. This architecture served as the foundation for our controller design.

3.2 Multi-biomarker Controllers

3.2.1 Dual Input: LFP and Accelerometer

Our controller design builds upon the PID framework proposed in Schmidt et al., 2023,

incorporating adjustments to integrate multiple biomarker data streams. The architecture,

depicted in Figure 10, represents a dual-input PID controller that combines LFP beta power

and Apple Watch-derived accelerometer power to dynamically adjust DBS amplitude.

Figure 10: Dual Input PID Controller Configuration

Both Apple Watch acceleration data and LFP recordings undergo band-pass filtering

to isolate relevant frequency components. A Fast Fourier Transform (FFT) is applied over

predefined time windows to extract biomarker power metrics, which are weighted based on

clinical and experimental considerations.

For tremor-related movement power, we compute the total external acceleration power

as:

Pexternal =
b

P2
x + P2

y + P2
z (3.1)

where Px, Py, and Pz represent the power of the acceleration signals along the three

spatial axes. This metric quantifies overall tremor severity based on movement intensity.
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Unlike traditional single-input PID controllers, this framework dynamically adjusts each

biomarker’s contribution using adaptive scaling factors (α1 for LFP and α2 for accelerometer

data in Figure 10). For clarity, throughout this paper, we define:

• αLFP for the LFP weighting factor

• αaccel for the accelerometer weighting factor

The error term et is computed for both LFP and accelerometer-derived power signals

by subtracting each biomarker’s power from its respective setpoint (SP). This ensures that

only positive deviations influence the control output, which is mathematically expressed as:

Pe f f ective = max(Praw ´ Psetpoint, 0) ˆ α (3.2)

where Praw represents the raw biomarker power, Psetpoint is the clinician-defined target,

and α adjusts the relative weighting of each biomarker. The ReLU activation function

applied to each error term ensures that only excess biomarker activity contributes to stim-

ulation adjustment.

In this controller design:

• qt1 (LFP contribution) and qt2 (accelerometer contribution) are separately computed

before summation.

• Their weighted sum qt is fed into a PID control loop that computes proportional (P),

integral (I). Similar to Schmidt et al., 2023 KD was set to zero. Amplitude is adjusted

based on the PID control loop output.

The PID controller updates stimulation every two seconds, dynamically modulating

DBS amplitude in response to symptom fluctuations. The final output is constrained within

a clinician-defined safety range to prevent abrupt or excessive stimulation changes.

3.2.2 Tremor-Adjusted PID Controller

The tremor-adjusted PID controller builds upon the PID controller design from Schmidt

et al., 2023, but introduces an adaptive thresholding mechanism. Unlike the dual-input

PID controller, this approach does not use tremor likelihood as a continuous input but
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instead modulates the PID setpoint (SP) based on a clinician-defined threshold. Figure 11

illustrates the setpoint modulation process used in this controller.

Figure 11: Tremor-Adjusted PID Controller Architecture

The Apple Watch tremor score is updated approximately every 5 minutes and is com-

pared against a clinician-defined range consisting of two thresholds:

• A good tremor threshold (Tgood) – representing a low tremor severity state.

• A bad tremor threshold (Tbad) – representing a high tremor severity state.

The setpoint adjustment process follows these rules:

• If the tremor score falls at or below Tgood, the setpoint is increased:

SPnew = SP + xs (3.3)

• If the tremor score meets or exceeds Tbad, the setpoint is decreased:

SPnew = SP ´ xs (3.4)

• If the tremor score lies between Tgood and Tbad, the setpoint remains unchanged.

Here, xs represents a clinician-defined step size for incrementing or decrementing the

setpoint. The updated setpoint (SPnew) is then passed into the PID controller, where it is

used alongside the LFP biomarker to determine the final DBS amplitude.

The controller ensures that stimulation levels dynamically adjust based on incremental

tremor assessments. Moreover, the design effectively targets tremor symptom suppression

while reducing unnecessary stimulation.
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4. Experimental Methods
We evaluated our novel aDBS controller in clinical trials involving three participants.

Each participant attends monthly clinic sessions where the following controller testing was

performed. While all participants experience Parkinson’s disease (PD) symptoms to varying

degrees, they all exhibit pronounced tremor. A detailed breakdown of participant symptoms

is provided in Appendix A.

All participants are implanted with the Medtronic RC+S system, with DBS electrodes

placed in both the subthalamic nucleus (STN) and the globus pallidus internus (GPi). LFPs

are recorded from the STN, while stimulation is delivered to both the STN and GPi. A

diagram illustrating the implant placement is provided in Figure 12.

Figure 12: Implant Diagram

All trials are conducted under the close supervision of a clinical expert. Additionally,

the controllers underwent rigorous approval processes under the Duke University Medical

Center IRB protocol and fully comply with the FDA Investigational Device Exemption

(IDE) G18028.

4.1 System Validation

4.1.1 Controller Validation

Before deployment in clinical trials, rigorous system testing is conducted in a controlled

laboratory environment. To simulate real-world conditions, a function generator produces
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sinusoidal waveforms that mimic LFP recordings. These simulated LFP signals are trans-

mitted to the IPG via a breadboard setup, where the IPG receives the LFP input on a

single electrode.

Each channel is independently measured using an oscilloscope to validate the stimulation

output based on the simulated LFP recordings. Before clinic testing with patients, all

patient settings are programmed in the controller and tested. This setup ensures that

the controller functions as expected before clinical implementation. The in-lab test bench

configuration is illustrated in Figure 13.

Figure 13: In-lab Test Bench Setup for Controller Validation

4.2 Clinical Evaluations

4.2.1 Tested Controllers

During clinical sessions, the novel controllers were systematically evaluated and com-

pared against multiple baseline and experimental configurations. All controllers tested

include:

• Conventional DBS (cDBS) at 100% stimulation

• Tremor-PID: Tremor-adjusted PID Controller

• Dual-input PID Controller with varying biomarker weightings:

– LFP-PID: LFP-only (αLFP = 1, αaccel = 0)

– Accel-PID: Accelerometer-only (αLFP = 0, αaccel = 1)

– Balanced-PID: Equal weighting of both inputs (αLFP = 0.5, αaccel = 0.5)
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To contextualize the performance of our novel controllers, two clinically established

DBS controllers were included for comparison. cDBS at 100% stimulation was selected as

a reference due to its proven efficacy in PD. Clinical trials have consistently demonstrated

that cDBS significantly reduces motor symptoms associated with PD (Deuschl et al., 2006;

Weaver et al., 2009).

Additionally, we included an LFP-PID controller (αLFP = 1, αaccel = 0) to benchmark

our dual-biomarker PID approach. This is because previous studies have demonstrated that

LFP-based adaptive DBS can effectively reduce symptoms while decreasing total stimula-

tion time (Schmidt et al., 2023). Furthermore, given that the architecture of the dual-input

PID is directly derived from the work in Schmidt et al., 2023, the LFP-PID controller is a

strong baseline for the performance of a dual-input versus single-input comparison for PID

control.

This evaluation framework provides a systematic way to compare novel adaptive control

strategies against clinically established methods. This is important to help assess whether

incorporating external biomarker feedback with LFP data enhances aDBS therapy (Gilron

et al., 2021).

4.2.2 Experimental Setup

Each Tremor-PID trial lasted 30 minutes to allow sufficient time for tremor estimations

to stabilize and update the controller setpoint. All other controllers were tested in multiple

5-minute trials.

During each session, four key performance metrics were tracked to evaluate the effec-

tiveness of each controller: the energy used by the IPG for stimulation, the mean beta

amplitude of the participant, the grasp frequencies of the hand that best correlates with

the PD symptom for the participant (see Appendix A for details), and participant satisfac-

tion rating. These metrics provide a quantitative and qualitative assessment of controller

performance.
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5. Results
Figure 14 summarizes the obtained results, supported by Tables 2 to 5. Additionally,

Table 1 documents the total duration each controller was tested in the clinic. To assess

statistical differences between controllers, the Wilcoxon rank sum test was conducted for all

controllers against cDBS. Given that these controllers represent independent measurements

from the same distribution, a p-value was derived for each comparison (Mann & Whitney,

1947).

The p-values for each controller and metric are reported in Tables 2 to 5. Based on

the Wilcoxon rank sum test, a p-value < 0.05 indicates a statistically significant difference,

while a p-value ě 0.05 suggests no significant difference between the distributions. This

statistical approach was used to evaluate and differentiate the results across four key metrics

that were gathered during clinical trials.

Figure 14: Summary of clinical evaluation results across all participants. P1:
Participant 1; P2: Participant 2; P3: Participant 3

The results indicate that the novel aDBS controllers developed in this study significantly
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Table 1: Overall time, in minutes, spent toward testing each type of controller in
clinical trials.

cDBS Tremor-PID LFP-PID Accel-PID Balanced-PID
P1 35 210 25 65 35
P2 15 90 20 30 30
P3 25 210 30 40 60

Table 2: Table 2: Stimulation Energy Wilcoxon Ranked Sum

LFP-PID Balanced-PID Accel-PID Tremor-PID
P1 0.02 0.02 0.0 0.0
P2 0.13 0.09 0.07 0.2
P3 0.0 0.0 0.0 0.0

reduce stimulation energy compared to cDBS. Most participants experienced a statistically

significant reduction in stimulation energy (p < 0.05). While Participant 2 (P2) did not

exhibit a statistically significant difference across any controller, including the standard

LFP-PID tested in Schmidt et al., 2023, this may be attributed to a smaller dataset for P2

compared to Participant 1 (P1) and Participant 3 (P3). Additional trials would be required

to obtain a more conclusive result. However, despite the lack of statistical significance, P2

still exhibited lower stimulation energy across all adaptive controllers relative to cDBS.

The effects of adaptive DBS controllers on mean beta amplitude varied across partici-

pants. No single controller consistently outperformed cDBS-100% in reducing beta power

across all participants. However, beta power alone does not always provide a complete

picture of tremor severity. In particular, breakthrough tremor presents a challenge for

LFP-based controllers, as it occurs when beta amplitude remains low despite the presence

of tremor.

To address this limitation, the Balanced-PID controller should effectively catch cases

of breakthrough tremor that would otherwise go unnoticed by just LFP-based aDBS. This

capability was evident in clinical trials. An example trial is shown in Figure 16. During

this specific trial, P1 experienced breakthrough tremor (highlighted in the green box). The
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Table 3: Table 3: Grasp Speed Wilcoxon Ranked Sum

LFP-PID Balanced-PID Accel-PID Tremor-PID
P1 0.97 0.93 0.30 0.18
P2 0.2 0.18 0.14 0.4
P3 0.0 0.71 0.66 0.0

Table 4: Table 4: Mean Beta Amplitude Wilcoxon Ranked Sum

LFP-PID Balanced-PID Accel-PID Tremor-PID
P1 0.11 0.03 0.02 0.68
P2 0.4 0.29 0.29 1
P3 0.06 0.01 0.04 0.02

following instance could be categorized as breakthrough tremor because while beta power

was low the motion sensors detected tremor onset. In this case, a LFP-based aDBS system

would have decreased stimulation. However, since both LFP and accelerometer data are

being tracked, the Balanced-PID controller maintained stimulation accordingly. In this

trial, the Balanced-PID controller received a participant rating of 10 from P1, indicating

strong patient satisfaction.

Grasp frequency remained largely unchanged across different controllers with no signif-

icant differences observed in most cases (p > 0.05). A minor effect was detected in P3, but

no clear trend emerged across participants.

Participant-reported ratings revealed no statistically significant differences between con-

trollers in most cases (p > 0.05). Thus, it can be claimed that patient satisfaction does not

decrease, despite a decrease in stimulation from that of cDBS.

Additionally, the Tremor-PID controller was designed to adjust stimulation based on

real-time tremor severity. Specifically, the controller was equipped to dynamically modify

the set point of the PID controller based on the severity of the tremor likelihood. In this

control mechanism, the stimulation gradually adapts based on longer-term trends in tremor.

Figure 15 illustrates an example of set point adaptation during a clinical trial. It can
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Table 5: Table 5: Patient Rating Wilcoxon Ranked Sum

LFP-PID Balanced-PID Accel-PID Tremor-PID
P1 0.50 1 0.14 0.19
P2 0.86 0.88 1 1
P3 1 0.66 0.91 0.83

be seen that as the participant’s tremor likelihood exceeded the pre-defined threshold Tbad,

the set point was decreased to compensate for the worsening symptoms. Conversely, when

tremor severity decreased at or below Tgood, the controller increased the set point, leading

to reduced stimulation.

Figure 15: Set Point Adjustment During a Clinical Trial Using the Tremor-PID
Controller

Overall, the results suggest that dual-input aDBS maintains comparable efficacy to

cDBS and decreases overall stimulation energy. The study also highlights that aDBS out-

comes are patient-specific, as seen by differences in statistical significance across all four

key metrics between participants. However, the availability of multiple aDBS configurations

that achieve comparable symptom control to cDBS provides opportunities for personalized

therapy optimization. In this way, DBS patients can have more available aDBS solutions

that work for their specific symptoms and satisfaction.
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Figure 16: Breakthrough Tremor in Clinical Trials

25



6. Conclusion
This study explores various aDBS architectures for tremor management in PD patients.

We successfully designed and validated two novel aDBS controllers: the dual-input PID con-

troller, which integrates both LFP and accelerometer biomarkers, and the Tremor-Adjusted

PID controller, which dynamically adjusts the PID set-point based on tremor severity.

The controllers were successfully launched in clinic and tested on three participants,

all who experience tremor as a symptom of their PD. The clinical trials showed promising

results in terms of reducing stimulation energy and maintained similar efficacy to clinically

validated methods of DBS such as cDBS. Furthermore, our findings highlight the need for

more personalized DBS strategies given the wide range of possible symptoms of PD and

patient response to DBS. DBS should not be a one-size-fits-all approach when it comes to

addressing PD symptoms.

This work advances the field of aDBS by demonstrating that customized, biomarker-

driven control strategies can provide more targeted and efficient symptom management.

6.1 Future Work

Future work will focus on continuing our ongoing clinical trials. Additionally, our novel

aDBS controllers will be released in the At-Home Program, an existing framework in our lab

that supports adaptive DBS experimentation outside of the clinic environment (Schmidt

et al., 2023). The experimental controllers are currently undergoing in-clinic validation.

The validation process requires that each controller be run for two continuous hours in-

clinic before being released in the At-Home. This two hour testing must be done for each

patient that is being released with the program. The current plan is to deploy the novel

controllers on the At-Home Program to two of our high-streaming participants, P1 and P3.

This release will allow for longer streaming periods outside of a controlled setting to not

only further evaluate the controller but to also test the feasibility of the controllers in the

real-world.

Moving forward, further research will focus on long-term evaluation of the controllers
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in the At-home Program implementation as well as in clinic evaluation.

Adaptive DBS should not be one-size fits all. Customized control strategies offer a more

precise, energy-efficient, and patient-aligned outlook for Parkinsons’ therapy.
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Appendix A.

Participant Characteristics

Participant1: Exhibits pronounced tremor, primarily in the hands. Right-hand grasp

correlates with left STN beta power. Typically takes 0.25–1 tablet of Sinemet 25mg/100mg

at 7:00 AM before clinic.

Participant2: Exhibits pronounced tremor, affecting the hands and jaw. Right-

hand grasp correlates with left STN beta power. Typically takes 2 tablets of Sinemet

25mg/100mg, the first dose at 6:30 AM before clinic and the second at 1:00 PM during

clinic sessions.

Participant3: Exhibits pronounced tremor, primarily in the hands, arm, and jaw. Right-

hand grasp correlates with left STN beta power. Typically takes 1 tablet of Sinemet

25mg/100mg at 7:00 AM before clinic.
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