
 
 

 

 

 

 

Characterizing response to patterned electrical stimulation to improve neuromodulation 

therapies 

 

Samantha H. Sun 

 

A dissertation 

submitted in partial fulfillment of the 

requirements for the degree of 

 

Doctor of Philosophy 

 

University of Washington 

2024 

 

Reading Committee: 

Rajesh Rao, Chair 

Eric Chudler 

Amy Orsborn 

 

Program Authorized to Offer Degree: 

Bioengineering  



© Copyright 2024 

Samantha H. Sun 

 

 

  



University of Washington 

 

Abstract 

 

Characterizing response to patterned electrical stimulation to improve neuromodulation 

therapies 

 

Samantha H. Sun 

 

Co-chairs of the Supervisory Committee: 

 

Jeffrey Ojemann 

Department of Neurological Surgery 

 

Rajesh Rao 

School of Computer Science and Engineering 

 

Neuromodulation therapies, such as deep brain stimulation (DBS), aim to modulate 

dysfunctional neural circuitry in patients with treatment-resistant neurological disorders for 

symptom alleviation. DBS applications extend from reducing motor impairments in Parkinson’s 

Disease, essential tremor, and dystonia, to improving mood-related symptoms in major 

depressive disorders, obsessive compulsive disorder, and bipolar disorder. Adaptive deep 

brain stimulation (aDBS) has become a critical advancement in neuromodulation, where 

stimulation therapy is adjusted based on current patient needs, and it has led to improved 

patient outcomes, reduced side-effects, and increased device battery life. Leveraging the 

unique opportunity of recording from invasive electroencephalography (iEEG) in humans, this 

thesis contributes to three distinct components of adaptive DBS: biomarker detection for 

brain-state estimation, characterizing stimulation response, and identifying candidate 

stimulation sites for effective neuromodulation. 

 

We first motivate the importance of brain-state estimation for adaptive neuromodulation and 

demonstrate two examples: an unsupervised sleep/wake classifier and a subject-specific pain 

state classifier. We first build an unsupervised sleep/wake classifier using a Hidden Semi-

Markov Model on several-hour long datasets. We showed that our model outperforms other 



unsupervised models and discuss how unsupervised models could be leveraged in situations 

where data are plenty, but labels are sparse. We also build a subject-specific pain state 

classifier and identify unique neural features and models that predict subject-reported pain 

levels. We identify that models performed better in some subjects and discuss how 

differences in subject-reported pain may contribute to model performance.  

 

Next, we characterize stimulation response by performing patterned electrical stimulation by 

varying stimulation amplitude and frequency and measuring the responses to stimulation at 

many recording channels. We identified in what channels stimulation response could be 

detected and to what extent different stimulation patterns were distinguishable. We found 

that most subjects had few, select channels that are capable of distinguishing between 

different stimulation patterns, and that some but not all stimulation patterns are separable. 

These results contribute to our foundational understanding of neuromodulation, suggesting 

directions for future work to continue towards building a general model for stimulation 

response.  

 

Finally, we present results establishing that single-pulse stimulation response can be used to 

predict a channel’s sensitivity to patterned stimulation, providing an efficient method to 

identify channels responsive to stimulation. We then leverage this idea and demonstrate an 

experimental paradigm to create stimulation response maps across many stimulation 

channels. Given a target site for neuromodulation, these stimulation response maps help 

identify candidate stimulation sites, which could be a helpful tool in identifying patient-

specific sites for neuromodulation. 
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1. Introduction 

1.1 Electrical stimulation as therapeutic neuromodulation 

Electrical stimulation is a powerful tool for targeted neurorehabilitation, with demonstrated 

utility in reducing tremor symptoms using deep brain stimulation (DBS) for Parkinson’s Disease 

and essential tremor1, interrupting seizure onset using responsive stimulation for epilepsy2, 

and recovering vital motor functions after spinal cord injury using spinal cord stimulation3.  

 

A growing area of interest for electrical stimulation research is adaptive or responsive 

stimulation, where stimulation is adjusted in real-time, informed by a neural biomarker, to 

reduce stimulation-induced side effects4,5 and/or improve stimulation outcomes6–8. While 

advancements have been made in decoding these neural biomarkers in promising applications 

such as for depression9 and obsessive-compulsive disorder10, in addition to advancements in 

adaptive decoding models that change as the brain learns11, less is known about the 

mechanisms of stimulation—the encoding process—and how stimulation interacts with 

underlying neural activity. As such, there is no existing model that informs how to adjust 

electrical stimulation in real-time to reach a desired neural or behavioral outcome.  

1.2 Challenges of stimulation work 

Lack of population-level models for predicting electrical stimulation response 

Development of adaptive electrical stimulation is limited by our lack of understanding of how 

electrical stimulation is processed in the brain. Electrical stimulation activates populations of 

neurons, up to hundreds of thousands near the site of stimulation, and response to 

stimulation is inextricably linked to the neuroanatomy surrounding the site of stimulation12. 

Therefore, generalizability of stimulation response is questionable across brain regions and 

even more so across individuals. In addition to static properties of structural anatomy, the 

dynamic nature of the brain and its ever-changing states can elicit different responses to 

electrical stimulation, even when the stimulation input remains identical13. The dependence 

of stimulation on its static location and the influence of ongoing temporal dynamics makes 

creating a general model of electrical stimulation at a population level difficult to attain. 

However, to build adaptive stimulation methods, there is a need for a model of electrical 
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stimulation and how it interacts with underlying activity to produce our recorded neural 

response.  

 

Existing models of electrical stimulation are limited in scale and are unable to inform 

adaptive stimulation in population-level effects. Biophysical neuron models, such as the 

Hodgkin-Huxley model14 and integrate and fire neuron model15, can explain firing rate changes 

in single neurons when given an injected current input. Mid-scale plasticity models, where 

learning rules such as Hebbian plasticity and spike-timing dependent plasticity16 can be 

incorporated with these single neuron models to reproduce stimulation experiments and 

explain how stimulation input can alter synaptic weight between neurons17. However, both 

the biophysical models and plasticity models are relatively small scale, such that modeling 

populations of neurons quickly becomes non-tractable. Network-level models are mostly 

limited to correlational relationships, where a pre-stimulation or during stimulation feature 

predicts stimulation outcome, and where these features are observational and not something 

we can easily control, such as pre-stimulation functional connectivity18–24, and during-

stimulation responses25.  

 

Same stimulation, different response 

Another complexity, already alluded to above, is that stimulation does not always produce 

the same effects, likely due to changes in underlying activity and interactions with underlying 

activity. As mentioned in the previous paragraph, stimulation response can be predicted 

based on a variety of non-stationary pre-stimulation features. Therefore, providing the same 

stimulation under different contexts produces different outcomes. In fact, stimulation is used 

to measure connectivity changes in different behavioral states and before and after 

stimulation entrainment26,27. Stimulation adaptation is also a known phenomenon where 

stimulation effects diminish with repeated exposures to stimulation28,29. Building effective 

stimulation protocols will likely require modeling this interaction between stimulation and 

underlying activity and characterizing how this interaction is influenced by different intrinsic 

states and by interactions with electrical stimulation. 
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Figure 1.1: (from Bjanes 2019) Summary of five stimulation parameters that were adjusted on 

a biphasic square wave pulse to explore responses across the stimulation parameter space. 

 

Vast, unexplored stimulation parameter space 

A final consideration is that the stimulation parameter space is vast, which provides many 

avenues of modulation but remains largely unexplored. Stimulation parameters that can be 

adjusted for individual pulses include pulse shape, pulse amplitude, and pulse width. For 

sequences of pulses, pulse frequency, number of pulses in a train, and train interval can also 

be adjusted (Figure 1.1). With these parameters, we can create varying, complex waveforms 

that change over time. Exploring the stimulation parameter space can potentially uncover 

more effective stimulation methods, for example in providing a greater range or more 

naturalistic touch percepts when stimulating the primary somatosensory cortex30–32. However, 

most existing stimulation protocols are either based on protocols that have worked in the past 

or are borrowed from other modalities, such as applying transcranial magnetic stimulation 

protocols in intracranial stimulation studies25,27. Prior groups have attempted strategic testing 

of this stimulation parameter space30,31,33, but the parameter space is far too large to 

effectively explore and not feasible when working with less obvious behavioral outcomes such 

as mood or pain. These strategic tests also assume that the same stimulation produces a 

relatively consistent response, which we know is not necessarily a valid assumption from prior 

literature. While my thesis work does not attempt to fully explore this parameter space, a 
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major aspect of my work includes varying stimulation parameters to investigate how changing 

these parameters changes the stimulation response. 

1.3 Emerging research for adaptive closed-loop stimulation  

In the last few years, several groups have had some success modeling this relationship 

between stimulation and neural response in rats34,35 and in monkeys36, where contributions 

include using a linear dynamical system model to explain the temporal relationship and 

interaction between intrinsic neural activity and stimulation input34,36, and demonstrating a 

framework of adaptive closed-loop stimulation35,36.  

 

Yang et al.36 were one of the first to create an explicit modeling relationship between 

electrical stimulation and neural activity by using a Gaussian linear dynamical system (GLDS) 

model. Using repeated sequences of intracortical electrical stimulation that varied in 

stimulation amplitude and frequency in non-human primates, they learned a GLDS that 

modeled neural responses to stimulation using inputs of stimulation amplitude and frequency. 

However, their model would predict the same neural response given the same stimulation 

input, where previous time steps of neural response were not considered when making 

forward predictions. In other words, their model only predicted the “deterministic” response 

to stimulation, with the understanding that model error included intrinsic dynamics not 

related to stimulation. Their work presented a proof-of-concept of how their GLDS model 

could be used to dynamically adjust stimulation to reach a specific neural behavioral target, 

but such demonstration in vivo has not been achieved in non-human primates or in humans.  

 

Bolus et al.34 applied optimal control theory to control the firing rate of a single neuron by 

adaptively adjusting the light intensity of optogenetic stimulation in rats. They similarly 

modeled their system as a GLDS fitted with experimental data of optical stimulation at 

various intensities. Then, they defined a constrained linear quadratic regulator cost function 

to learn the appropriate optical input to produce a set steady-state firing rate. Their 

combined GLDS model with optimal control was able to produce steady-state firing rates in 

vivo, demonstrating a closed-loop method to control neural firing rate. This work sought to 

control individual neural firing rate using a single degree of control (light intensity), and it 

remains unknown if the same optimal control methods can be applied once scaled up to 
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population-level dynamics in addition to adding multiple degrees of stimulation input control 

with electrical stimulation.  

 

Tafazoli et al.35 introduced a general framework for an adaptive closed-loop stimulation 

(ACLS) system where stimulation parameters are updated to reach a target neural state based 

on a model error function. In their work, they defined this error function as the Euclidean 

distance in a dimensionally reduced space between the current neural state and desired 

neural state, but they noted that any appropriate cost function can be used in place. A 

unique contribution from their work was using a “greedy” stochastic learning algorithm to 

learn the best stimulation parameters to drive the system towards a target state. In contrast 

to the previous two papers that created GLDS models of stimulation and neural response, this 

learning algorithm is model-free, where stimulation conditions are iteratively tested and 

selected to minimize the cost function, which was demonstrated to be robust to neural drift 

and stimulation adaptation in silico and in vivo in rats. While this model-free learning 

approach has clear benefits of being robust to neural drift and stimulation adaptation, it is 

entirely reliant on the defined cost function, requires a lot of training data, and may have 

limited utility in applications where ACLS requires fast time scales.  

1.4 Opportunities for improving adaptive closed-loop stimulation 

Brain state estimation for real-time feedback  

Building a closed-loop system requires a feedback mechanism to provide information about 

the current brain state. There have already been significant contributions in identifying 

indicators of current brain state, or biomarkers, in DBS applications, including in 

tremor4,5,37,38, depression9,39, chronic pain40, and obsessive-compulsive disorder10. These 

biomarkers can help indicate current symptom state—whether it is a desired or undesired 

state—and in turn help inform when stimulation therapy is needed. Moving towards patient-

specific biomarkers may be needed for applications such as mood disorders and pain, where 

neural representations of these more complex processes may vary between subjects.  

 

In addition to biomarkers that indicate current symptom state, biomarkers of other brain 

states, such as arousal or wakefulness, can be useful in informing stimulation therapies as 

well. Scangos et al.7 demonstrated that stimulation during different arousal states produced 
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opposite effects in mood elevation. Stimulation has also been shown to produce different 

responses based on wakefulness41,42, although it is unknown whether these different responses 

also translate to different behavioral outcomes. With examples from prior work, we predict 

that providing additional biomarker information of “relevant” brain states will improve 

closed-loop therapies. One challenge is identifying what brain states are relevant and can 

provide useful information that symptom-based biomarkers may miss. Ultimately, identifying 

biomarkers of brain state can build upon our current understanding of specific brain states, in 

addition to informing closed-loop systems for delivering effective stimulation therapy.  

 

Building stimulation response models  

With neural biomarkers that estimate current brain state to determine whether therapy is 

needed, the next step is to program stimulation therapy that drives neural activity from an 

undesirable state to a desirable state. In the previous section, we reviewed recent efforts in 

building stimulation response models in rats and non-human primates, where data-driven 

algorithms were used to adjust stimulation parameters. In humans, stimulation protocols have 

typically been constrained to threshold-based methods, where upon exceeding a biomarker 

threshold, stimulation is turned on until the biomarker returns below the threshold37,43. While 

this threshold-based method has been effective in reducing tremor8,37, there lacks an explicit 

relationship between stimulation input and biomarker activity. To our knowledge, there has 

only been one study to date in humans, where Velisar et al. discovered an almost linear 

relationship between stimulation amplitude and beta power in the subthalamic nucleus, such 

that modulating stimulation amplitude resulted in predictable changes in beta power43.  

 

Understanding how changing stimulation parameters may produce varying outcomes is needed 

for developing effective stimulation strategies, particularly in pain and mood disorders where 

stimulation-based treatment strategies have been variability effective between patients44,45. 

Being able to predict stimulation response allows researchers to more systematically test 

stimulation protocols to modulate neural activity towards a more desired state.  

 

Identification of effective stimulation regions 

In addition to determining effective stimulation inputs for driving neural activity, there are 

opportunities to identify effective stimulation regions for neuromodulation. Past methods 

used for determining stimulation sites include using known anatomical circuitry, lesion 
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studies46, functional neuroimaging and tractography47,48, and opportunistic discoveries from 

other pathologies49,50. Stimulation mapping has also been effective at identifying patient-

specific outcomes from stimulation9, where researchers test individual stimulation sites and 

patients will report any immediate behavioral changes, which can be a time-consuming task 

when there are many potential stimulation electrodes.  

 

Biomarker-informed stimulation mapping may be a more efficient approach, where we 

leverage known biomarkers to help identify stimulation sites that produce changes in 

biomarker activity. While changing biomarker activity does not guarantee a therapeutic 

behavioral response, we argue that this expedited process can allow for a more 

comprehensive initial screening of candidate stimulation regions.   

1.5 Contributions to neuromodulation research 

The primary contributions of this thesis are as follows: 

 

Review and comparison of stimulation artifact removal methods  

Stimulation artifact remains a large barrier to analyzing data during ongoing stimulation. In 

Chapter 3, we review existing methods used for stimulation artifact removal and identify 

removal methods that are most appropriate for our stimulation dataset. This work is a crucial 

prerequisite due to the impact of remnant stimulation artifact and its ability to bias our 

subsequent research findings.  

 

Building models for brain state estimation 

Brain state estimation is of particular importance in closed-loop therapies, where stimulation 

may only be needed during specific brain states. In Chapters 4 and 5, we demonstrate two 

examples of brain-state estimation approaches. In Chapter 4, we use an unsupervised semi-

hidden Markov model to learn sleep/wake states from several hour long human intracortical 

data. We show that our model outperforms other unsupervised models and discuss how 

unsupervised models could be leveraged in situations where data are plenty, but labels are 

sparse. In Chapter 5, we present efforts in identifying subject-specific biomarkers related to 

pain and discuss how subject pain reports may influence our ability to learn effective models 

for pain prediction.  
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Characterizing local field potential responses to patterned stimulation  

Building a stimulation response model first requires collecting stimulation responses and 

identifying features and regions that can distinguish between different stimulation inputs. In 

Chapter 6, we introduce an experimental paradigm in humans involving patterned 

stimulation, where the goal was to identify (1) in what regions did stimulation produce 

distinct responses and (2) to what extent were these responses distinguishable. We identify 

that most subjects had few, select channels that were capable of distinguishing between 

stimulation patterns and that some but not all stimulation patterns are separable. This work 

builds on our foundational understanding of neuromodulation. We make recommendations for 

future work to continue towards building a general model for stimulation response.  

 

Mapping regions responsive to neurostimulation 

Identification of effective stimulation channels is critical in current and emerging applications 

of deep brain stimulation. In Chapter 7, we demonstrate that single-pulse stimulation 

response can be used to predict channel sensitivity to stimulation patterns.  

We then propose and demonstrate an experimental paradigm that creates stimulation 

response mappings, which produces recommendations for stimulation pairs that would be 

good candidates for modulating a specified channel. 

 

We conclude in Chapter 8 how this work contributes to the broader goal of developing 

adaptive closed-loop stimulation therapies, and we discuss limitations of current work in 

addition to recommendations for future work and neuroethical considerations.  
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2. General methods 

2.1 Subjects 

Our subjects include patients with intractable epilepsy undergoing week-long seizure 

monitoring at Harborview Medical Center in Seattle, Washington, USA. As part of routine 

monitoring procedures, subjects were implanted with multiple intracranial electrodes, 

typically either stereo-electroencephalography (sEEG) depth electrodes (0.86mm diameter, 

Ad-Tech Med Instr Corp, USA) or electrocorticography (ECoG) surface electrodes (2.3mm 

diameter, Ad-Tech Med Instr Corp, USA). Implant regions were determined entirely for clinical 

monitoring purposes, and as a result, electrode placement varied between subjects. Data 

collection was approved by the Institutional Review Board of the University of Washington, 

and all subjects gave written, informed consent. 

2.2 Recordings and Data Acquisition 

Experimenter collected data 

Data were collected using the Tucker Davis Technologies (TDT) PZ5 Neurodigitizer Amplifier 

and RZ Bioamp Processor devices, enabling collection of up to 128 channels and up to 12 kHz 

sampling rate. Stimulation experiments were carried out using an additional Subject Interface 

Module (SIM) device, which connected to the TDT device and enabled simultaneous 

stimulation and recording.  

 

Clinically recorded data 

Clinical data were collected in 24-hour segments throughout the subject’s stay, using the 

Natus Quantum Amplifier device, recording up to 256 channels at 1 kHz sampling rate.  

2.3 Experimental protocol  

All experiments were performed and collected using the TDT. A brief overview of a typical 

experimental session can be seen in Figure 2.1. An initial resting state recording was 

performed to obtain baseline recordings and to help evaluate recording quality and noise 

levels. After determining stimulation channels, stimulation experiments were performed in 
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blocks, which included a resting state period, evoked potential measurement, and the 

stimulation experiment. Short breaks were taken between experimental blocks to minimize 

lingering effects of previous blocks.  

 

Figure 2.1: Typical experimental protocol during a research session.   

 

Stimulation waveform  

Bipolar, biphasic square wave pulses (Figure 1.1) were used as stimulation input with a fixed 

pulse width of 200 𝜇s/phase. Stimulation frequency and amplitude parameters were varied 

depending on the experiment, while strictly adhering to current safety limits of not exceeding 

a charge density of 30𝜇C/cm2/phase36.  

 

Stimulation electrode selection 

Electrodes near seizure onset regions were not considered for stimulation due to having an 

increased chance of triggering seizure-related activity. Stimulation electrodes were selected 

by performing a single-pulse stimulation sweep (amplitude=6 mA, frequency=0.5 Hz) across all 

available pairs of adjacent electrodes, and we identified stimulation electrodes that 

produced evoked potential responses across several other channels. The goal was to select a 

stimulation pair that already demonstrated effective connectivity with other regions, such 

that use of the stimulation pair in experiments would yield a higher chance of producing 

measurable responses. If there were multiple candidate electrode pairs, we would 

preferentially select electrodes that were previously used in earlier subjects.  

 

Evoked potential measurement 

Prior to any electrical stimulation experiments, we performed repeated single-pulse 

stimulation (amplitude=6 mA, frequency=0.5 Hz) at the selected stimulation site to obtain a 

measurement of effective connectivity26. In contrast to resting state connectivity, effective 
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connectivity is a connectivity measure specifically in the context of stimulation, and it has 

been used to predict outcomes in subsequent stimulation experiments26.  

 

Stimulation experiment 

Stimulation experiment details are explained in depth in their corresponding chapters.  

2.4 Signal processing  

Signal cleaning 

Channels that had unrecoverable signals due to visually excessive noise or artifacts were 

removed from analysis. Data preprocessing was performed in the Python environment. Our 

data cleaning pipeline included a 100 Hz low-pass filter, downsampling to 200 Hz for 

computational efficiency, a 1 Hz high-pass filter for removal of baseline drift, and a notch 

filter at 60 Hz to remove line noise. All filters used a zero-phase 2nd order Butterworth filter. 

In recordings where data during ongoing stimulation will be examined, additional notch filters 

were applied at stimulation frequencies and their harmonics.  

 

Data analysis 

Specific methods and features used will be reviewed in depth in their respective chapters.  

2.5 Cortical reconstruction  

A pre-operative MRI and post-operative CT brain scan were performed for each subject, and 

these images were aligned to localize electrodes onto patient brain anatomy. After 

alignment, we transformed electrode positions from subject space to a standardized brain 

space created by Montreal Neurological Institute known as “MNI” space51, which is an 

anatomical brain map that allows for making comparisons across subjects. The alignment and 

transformation were performed using the FreeSurfer software package52.  
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3. Evaluating stimulation artifact removal methods 

3.1 Introduction 

One of the biggest challenges in analyzing neural electrophysiology during ongoing stimulation 

is dealing with stimulation artifact. Stimulation artifacts are often orders of magnitudes 

larger than underlying neural activity, with a larger presence in recording electrodes closer to 

the stimulation site. Removing stimulation artifact is required to perform both time-based 

and frequency-based analysis, as artifact can introduce non-neurological effects that can bias 

or obscure neural activity. Several methods of removing stimulation artifact have been 

proposed, but there has not been an adopted standardized method, likely due to the 

requirement of bespoke solutions for each research group’s unique devices, electrodes, 

experimental design, and research questions. 

 

This chapter includes a literature review on artifact removal methods and a case study where 

we compare artifact removal methods and identify which method is the most appropriate for 

our dataset.  

3.2 Background 

Electrical stimulation is a powerful tool for studying the brain, allowing researchers to 

activate, suppress, map, and probe neural circuits via activation of neural populations. With 

numerous clinical applications, including mapping functional regions for more precise tissue 

removal in patients with medial temporal lobe epilepsy, and deep brain stimulation (DBS) for 

alleviating tremor symptoms in Parkinson’s Disease and in essential tremor, electrical 

stimulation as a tool has been demonstrated to improve patient outcome, and there is 

growing interest in improving electrical stimulation methods in addition to exploring its use in 

different clinical applications. To work towards these research goals, there is an effort to 

model the effects of stimulation to understand its mechanisms and ways in which we can 

improve current methods. 

 

To support this type of research, advances in neural recording devices have enabled 

concurrent sensing and stimulation; however, one of the primary challenges of studying the 
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effects of stimulation is that it introduces non-biological artifact into recordings. The 

stimulation artifact is often magnitudes larger than the underlying signal and may distort both 

or either the temporal or spectral properties of the signal, making removal of this artifact a 

priority for performing accurate analysis. There are both on-device methods, such as signal 

blanking, and post-processing approaches to remove or minimize the effect of stimulation 

artifact on the recorded signal. This review will focus on post-processing methods of 

stimulation artifact removal that have been used across literature. 

3.3 Categories of stimulation artifact removal methods 

There are three general approaches to stimulation artifact removal. This chapter seeks to 

review each method in detail and identify an approach that aligns best with our needs. We 

provide examples and use cases of stimulation artifact removal methods. A combination of 

artifact removal methods is also used in some of the referenced papers. 

 

(1) Signal replacement - detecting a spike artifact window and replacing the window using 

interpolation methods53,54, or with the local field potential (LFP) signal immediately before 

and after the artifact window to preserve LFP qualities36,55. 

(2) Template subtraction - building a template of the stimulation artifact shape and 

subtracting the template from the signal during stimulation artifact windows56–62. 

(3) Filtering/outlier methods - using notch filters at stimulation frequencies63, Hampel 

filtering for spectral outliers64, low pass filtering65. 

 

Signal replacement methods 

Signal replacement methods seek to identify and replace stimulation artifact spikes with 

another signal, depending on analysis needs. The simplest method is to replace the artifact 

window with zeros or a mean/median value, which is similar to on-device signal blanking. To 

add a layer of complexity, linear interpolation53 or cubic spline interpolation54 methods have 

also been used. Another approach is to replace the artifact window with a median-filtered 

version of the signal, which effectively removes the spike outlier from the signal66. In all of 

these cases, the spike presence is completely removed from the signal; however, these 

methods should only be applied with time-domain analysis, such as in cortico-cortical evoked 
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potential (CCEP) analysis since these methods will often introduce distortions in the spectral 

domain61. 

 

To preserve the spectral properties of the signal, another signal replacement method involves 

replacing the artifact window with a signal that has similar spectral properties as the ongoing 

signal. One method is reversing and concatenating the signal immediately before and after 

the artifact window36,55, which preserves the LFP spectral properties while also preventing 

sudden discontinuities or jumps in the signal, which would also result in spectral artifacts. 

 

Template subtraction methods 

Template subtraction methods involve empirically creating a stimulation artifact template 

and subtracting the template from each stimulation artifact occurrence. This method relies 

on a key assumption that stimulation pulses, with identical parameters and at the same 

recording electrode, are very similar or identical in shape. Another requirement for template 

subtraction methods is that the sampling frequency must be high enough to effectively 

capture the stimulation pulse shape, where under-sampling will be an issue in both template 

formation and subtraction steps59. The benefit of template subtraction is that when done 

effectively, it can potentially recover the underlying LFP signal during the stimulation pulse. 

 

Average template subtraction, where an average of stimulation pulses is computed for each 

channel and subtracted from each stimulation occurrence, has been performed for 

downstream spike analysis56,57 and CCEP analysis58, where downstream methods took place in 

the time domain. Templates have also been created using function fitting methods57 and 

biophysical models60. In cases of under-sampling the stimulation pulse shape, a moving 

average template method has been shown to outperform a stationary average template59. 

Similar template creation methods using a weighted average of the surrounding pulses have 

also been used62. 

 

A more flexible template subtraction method involves building a dictionary of templates 

instead of a single average template, which allows for use of multiple stimulation parameters 

and performs automatic template matching and subtraction61. 
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Filtering or outlier methods 

Filtering methods in the frequency domain are also used for removing stimulation artifact, 

leveraging known information about the stimulation frequency. Notch filters at stimulation 

frequency + harmonics63,65 and Hampel filters64,65 to detect and remove frequency domain 

spikes related to stimulation artifact have been demonstrated. For stimulation at frequencies 

higher than the frequency range of interest, for instance, in 130 Hz DBS stimulation with an 

interest in the 1-100 Hz frequency range, a simple low-pass filter has been used65. The 

limitation of these methods is that signal analysis at or near frequencies contaminated by 

stimulation artifact may no longer be valid. 

 

In the following sections, we perform a case study that compares the effectiveness of several 

artifact removal methods on real and simulated human intracranial data with stimulation 

artifact.  

3.4 Methods 

Human intracranial dataset  

Collection of human intracranial data and general experimental protocols are detailed in 

Chapter 2: General Methods. We used subject S5 for this case study, where stimulation 

occurred in electrodes LOF 7-8, which corresponded to the left frontal orbital cortex, with 6 

unique stimulation parameters and 10 sequence repetitions (Figure 3.1, Table 3.1). Since 

different stimulation parameters were used, the stimulation pulse artifact shape varied.  

Specific to this case study, the only preprocessing step we performed was a high pass filter at 

1 Hz used to remove signal drift, which was necessary for several artifact removal methods, 

particularly median and template subtraction methods, to minimize spike DC offset. No 

additional filtering or down-sampling was performed prior to artifact removal. A final low 

pass filter at 200 Hz was used after artifact removal to reduce high frequency noise. 
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Figure 3.1: (left) Electrode placement in subject S5 with red indicators for stimulation 

channels (LOF 7-8). (right) stimulation design involved creating a sequence of stimulation 

inputs that varied in amplitude and frequency, where each input was presented for a fixed 

duration of 5-seconds. This stimulation sequence was repeated over time, and the stimulation 

artifact can be seen in the example recorded signal.  

 

Table 3.1: Details of stimulation parameters and simulated sine wave responses from the 

simulated dataset.  

 

Generating simulated dataset 

One limitation of the human dataset is that the ground truth cannot be completely verified. 

Therefore, a simulated dataset was generated to mimic neural data from a single channel 

with stimulation artifact added onto the signal. In addition, we generated artificial 

stimulation responses, which were increases in predefined frequency bands time-locked to 

specific stimulation presentations. This simulated dataset was generated using the same data 

format and experimental design as the human intracranial dataset (Figure 3.2).  
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The neural data were generated by first using a 60-second period of resting state activity 

prior to the stimulation experiment. This resting state activity was verified to not include any 

significant shifts in frequency dynamics. The stimulation artifact was modeled using a 

reference channel from subject S5, where stimulation pulse timing and its peak value were 

identified and added to the resting state signal.  

 

 

Figure 3.2: Generating simulated dataset using resting state data from subject S5. (left) 

Resting state power spectral density (PSD) reveals classic 1/f curve with a 60 Hz peak 

resulting from line noise. (center) Artificial dynamics time-locked to specific stimulation 

parameters were added to the signal and they appear as distinct peaks in the power 

spectrum. (right) Stimulation artifact pulses added to the signal create large distortions in the 

power spectrum.  

 

To mimic a response to stimulation, we added sine waves at pre-defined frequencies with 

noise during stimulation presentations, such that each sine wave response would only appear 

during its assigned stimulation pattern (Table 3.1). Frequencies were selected to avoid 10 Hz 

harmonics, since we won’t be able to verify activity at 10 Hz harmonics due to stimulation 

occurring at that frequency. Amplitudes were selected such that visible peaks were seen in 

the power spectral density PSD plot following addition of the response signal.  

 

We performed spike detection on a reference channel (LOF3) to identify the timing and 

amplitude of the stimulation spikes, and we added individual, single sample spikes to the 

resting state data. Note that the spike shape of actual stimulation pulse comprises more than 

a single data point, and this method only detects the highest, positive spike component, and 

does not identify or model the negative peak component of the spike. When we initially 

added the negative component of the spike, the artifact-related power in the PSD 

unexpectedly decreased. To best mimic the PSD behavior of the original dataset, we 
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continued to use only the single positive spike peak. This method was selected to best 

resemble the variations between stimulation pulses, such that the methods we used to 

remove stimulation artifact would perform similarly as with the real stimulation data. 

 

Artifact removal methods 

Several artifact methods were implemented to compare their effectiveness at removing 

artifact presence.  

 

Signal replacement with median value: a threshold-based spike detection method was used to 

identify timing of stimulation pulses (Figure 3.3, top left). We identified that a window of 20 

samples centered on the detected spike was sufficient in capturing the entire spike signal. 

This window was replaced with the median signal value (Figure 3.3, top right).  

 

Average template subtraction: average templates were created by grouping stimulation 

pulses by the same stimulation input, using the same 20-sample window identified from spike 

detection (Figure 3.3, bottom). The average template was then subtracted from each 

stimulation pulse of the appropriate group. From initial visualization, we already observed 

that there were remaining spike artifacts after template subtraction.  

 

Dictionary-based template subtraction (Caldwell method61): in contrast to average template 

subtraction, this dictionary-based method groups stimulation pulses by shape, creates an 

average template from identified groups, and then performs template subtraction.  

 

Notch filtering to stimulation frequencies: notch filters were created using 2nd order 

Butterworth filters with a filter width of 2 Hz centered around stimulation frequencies [10, 

50, 100] and their harmonics, which ended up being all multiples of 10 Hz. 
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Figure 3.3: Stimulation artifact removal methods. Demonstration of stimulation spike 

detection (top left), where the total spike count is displayed and the spikes are color coded 

by stimulation parameter. Signal replacement with median value (top right) was performed 

using a window size of 20 samples, or approximately 1.6 ms, which was sufficient to remove 

the entire spike shape. For average template subtraction (bottom), individual templates were 

created for each stimulation parameter. Spike artifacts are still observed after template 

subtraction, especially in stimulation conditions C and F.   

 

Evaluating signal recovery  

Visualization of the time-signal, PSD, and time-frequency spectrogram provided multiple ways 

to evaluate the signal quality in comparison to the unfiltered dataset. PSD was calculated 

using Welch’s method67 with a Hanning window, and spectrograms were calculated using a 

Tukey window of 500 ms and 1/4th overlap. The resulting spectrogram had a time resolution 

of approximately 434 ms at frequency intervals of 2 Hz.  

 

We also visualized our datasets after performing dimensionality reduction across the 

frequency space, as these methods were included in the downstream analysis pipeline. 

Visualizations were examined for visual discrepancies.  
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Since we have the ground truth data with the simulated dataset, we additionally reported 

mean-squared error of the PSD between the filtered data and the ground truth.  

3.5 Results 

Unfiltered data displayed typical stimulation artifact characteristics 

In the unfiltered data, the time signal contained stimulation artifact pulses that were 

magnitudes greater than the underlying neural signal (Figure 3.4), and these pulses were still 

present after performing low pass filtering at 200 Hz (Figure 3.5, top row). We noted that the 

stimulation pulses were not consistent in size, where the first few pulses seemed to have 

larger amplitudes than the rest of the pulses within a stimulation condition. In addition, the 

stimulation pulses seemed to be asymmetrical in shape, where in some conditions, the 

positive peak was at a larger magnitude than the negative peak. This asymmetry is more 

easily visualized after performing low pass filtering.  Finally, we observed that the peak-to-

peak amplitude of the stimulation pulses seemed to increase over time, notably increasing in 

the negative peak component.  

 

The PSD included peaks at 10 Hz and harmonics, with elevated peaks at 50 Hz and 100 Hz that 

seemed to distort the local 1/f characteristic curve. The spectrogram reflected the temporal 

structure of the stimulation artifact, where some segments with large 50 Hz artifact seemed 

to contaminate the entire 40-60 Hz range. Similarly, stimulation at 100 Hz seemed to begin 

signal contamination at 85 Hz, when compared with the no stimulation condition. Other 

segments of time displayed dark horizontal bands at 10 Hz increments, which indicated power 

increases and was aligned with 10 Hz stimulation timing. 

 

 

Figure 3.4: Time signal (left), PSD (center), and spectrogram (right) of unfiltered data.  
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Figure 3.5: Time plot comparisons after artifact removal methods (left) and an additional low 

pass filter at 200 Hz (right) to remove high frequency noise.  
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Signal replacement with median value recovered 1/f curve shape 

After performing signal replacement with the median value, the underlying time signal 

seemed to have vertical displacements occurring every 5-seconds, which matched the timing 

of stimulation presentation. These vertical displacements may be related to the pulse shapes 

being asymmetrical. In the PSD, peaks at 10 Hz increments were still present but at lowered 

amplitudes. The PSD shape more closely resembled the characteristic 1/f curve, with much 

less distortion around 50 Hz and 100 Hz. The spectrogram still had increased power occurring 

at stimulation frequencies but dramatically improved overall. 

 

Average template subtraction does not handle changing pulse shapes 

We observed interesting behavior in the time signal after average template subtraction, 

where there seemed to be a linear decrease in pulse amplitude centered around zero. This 

behavior can be explained using our previous observation where the stimulation pulse 

amplitudes seemed to increase throughout the experiment. Since an average was taken across 

time for each stimulation condition, the earlier pulses with smaller amplitudes and later 

pulses with larger amplitudes had poor fits to the average template. The template was most 

effective towards the middle of the stimulation experiment, and these effects were less 

pronounced after performing a 200 Hz low pass filter (Figure 3.5, row 3).  

 

Spike artifacts additionally remained, specifically at the beginning of each stimulation 

presentation. We identified that these remaining artifacts reflected the initial pulses for each 

stimulation condition that had larger amplitudes than the rest of the stimulation period, 

where an average template would not be successful.  

 

The 1/f curve in the PSD seemed to improve, although the distortion around the 40-60 Hz 

range was larger than in median signal replacement. 10 Hz bands in the spectrogram also 

remained present. 

 

Unsupervised clustering of pulse shapes improved spike suppression 

In Figure 3.6, we demonstrated a data-driven method of building average templates by 

clustering pulse shapes using k-means clustering. We showed that while not perfect, this 

data-driven clustering method had significantly reduced spike artifacts compared to the 

average template subtraction method. There were nine distinct spike groups that were 
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identified, likely reflecting the nine stimulation repetitions performed. Spike shapes after 

performing template subtraction using the k-means identified clusters produced a resulting 

spike dataset with much smaller peak magnitudes than in average template subtraction, 

where spikes may not have been suppressed fully but were significantly improved.  

 

Figure 3.6: Demonstration of k-means clustering on spike shapes to identify clusters for 

template subtraction. Original spike data (left) and average template subtraction spike data 

(center) were color-coded based on identified grouping from k-means clustering. Clustering 

was performed on original spike data only, and plotting cluster results on spikes after average 

template subtraction helped to better visualize the distinction between spike shapes. 

Identification of groupings (top right) revealed nine distinct clusters, reflecting the nine 

stimulation repetitions performed. Spikes after k-means template subtraction had improved 

spike suppression compared to average template subtraction (bottom right).  
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Dictionary-learning template subtraction largely removed stimulation spikes 

Data-driven learning methods can be leveraged to improve upon average template 

subtraction, where instead of assuming that all stimulation pulses are the same shape, pulse 

shapes are grouped together based on similarity, and these groups form data-driven 

templates.  

 

In the time signal, large amplitude spikes still remained in the recording, but after performing 

low pass filtering, these large amplitude spikes were removed. In addition, the resulting time 

signal did not have the vertical displacement behavior seen in the median replacement and 

average template subtraction methods.  

 

When observing the PSD and spectrogram, the increases in power at 10 Hz increments were 

still present but at a noticeably decreased power, and there also seemed to be less distortion 

surrounding the 50 Hz stimulation artifact.  

 

Notch filtering aggressively removed power in stimulation-related frequencies 

Due to our signal of interest residing in the 0-100 Hz range, we performed notch filtering up 

to 100 Hz, which meant that power in all stimulation-related frequencies from 100 Hz to our 

sampling rate of 12 kHz was still present and reflected in the time signal. A 200 Hz low pass 

filter was required to properly visualize the time signal after notch filtering (Figure 3.5).  

The time signal was largely recovered, although some stimulation conditions seemed to have 

different amplitudes of activity compared to others. Spikes at stimulation transitions were 

observed, and we believe that these are produced due to a change in stimulation charge 

delivered. These spikes are similarly seen in the other artifact removal conditions but are less 

obvious. In subsequent analysis, we removed a 0.5 - 1 second window surrounding stimulation 

transitions to remove this behavior.  

 

The PSD plot displayed sharp negative peaks at 10 Hz increments, reflecting the notch filters 

performed on the dataset. The 1/f curve did not seem to be restored, with a large increase in 

power surrounding 50 Hz and 100 Hz. The spectrogram displayed very little presence of 

stimulation artifact, where faint white lines ran across the spectrogram at 10 Hz increments 

reflecting the notch-filtered stimulation frequencies.  

 



36 
 

 

Dimensionality reduction revealed effects of still-present stimulation artifact  

Dimensionality reduction using PCA was the subsequent procedure in our typical analysis 

pipeline, therefore, we compared the results from dimensionality reduction across the 

artifact removal methods used (Figure 3.7). In the unfiltered data, we clearly observed 

distinct groupings of stimulation response, where these groupings become less distinguishable 

depending on the artifact removal method used, indicating that the first two PC components 

represented the variance explained by stimulation artifact. Of the artifact removal methods, 

notch filtering and the dictionary template method seemed to reduce stimulation group 

distinguishability the most, which could be attributed to their effectiveness at removing 

stimulation artifacts. Notch filtering visually appeared the most different, and we attributed 

this difference to notch filtering being the most aggressive filtering method and removing a 

significant portion of frequency data from the dataset.  

 
Figure 3.7: Comparison of stimulation responses distributions after each artifact removal 

method in independent PC spaces, including the original, unfiltered data. Unfiltered data 

displayed distinct clusters of responses if no stimulation artifact removal was performed. 

Median replacement and template subtraction had visibly separable clusters of responses, 

which we posit are a result of the remnant presence of stimulation artifact. Caldwell method 
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and notch filtering, which had the least presence of stimulation artifact, seemed to have the 

most overlap in stimulation response across groups.  

 

Artifact removal methods in simulated dataset perform similarly to real dataset 

Due to there being no ground truth for this dataset, it is difficult to know at what point the 

stimulation artifact has been removed where it no longer influences our analysis to a 

significant extent. We created a simulated dataset using resting state data and artificial 

stimulation response to create a ground truth, on which we added stimulation artifact. We 

then tested each stimulation artifact removal method using this new dataset and compared 

how closely the PSD resembled the ground truth (Figure 3.8, 3.9).  

 

 
Figure 3.8: Artifact removal methods compared across simulated dataset.  
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Figure 3.9: Artifact removal PSD comparisons using simulated dataset. Reported mean-

squared error (MSE) indicated that median replacement most closely fit the ground truth. In 

the bottom plot, power information was removed at stimulation frequencies as data at those 

frequencies would not be used for subsequent analysis. In this scenario, average template 

subtraction had the lowest MSE compared to the other artifact removal methods.  

Median replacement outperformed average template subtraction and notch filtering at 

restoring the PSD, due to average template subtraction having similar challenges with 

variable stimulation artifact amplitudes, and notch filtering’s large distortion of the PSD 

(Figure 3.9, top). Since stimulation frequencies would not be included in analysis, we 

additionally clipped a 2 Hz window surrounding stimulation frequencies and removed this data 

from analysis (Figure 3.9, bottom). In this context, we observed that average template 
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subtraction outperformed median replacement and notch filtering with having the lowest MSE 

compared to ground truth.  

3.6 Discussion 

Removal of stimulation artifact is crucial in recovering the underlying activity and is an 

important step in enabling closed-loop response neurostimulation therapies. 

Similar to signal processing, one important consideration is that the more aggressive the 

stimulation removal method is, the more at risk we are at distorting the dataset, which may 

have potential downstream consequences if not used carefully. A critical decision is 

determining at what point the filtering and artifact removal is sufficient for our needs. In our 

case, we saw that stimulation artifact did create an artificial separability between our 

stimulation conditions, due to our classifiers learning the behavior of the artifact itself. Our 

goal was then to minimize stimulation artifact, such that the magnitude of neural behavior 

response to stimulation was greater than the magnitude of stimulation artifact itself. Since 

we have yet to identify a ground truth in neural behavioral response, it remains a challenge of 

whether the differences in responses we observe are due to stimulation artifact or due to 

legitimate response. 

 

To address these challenges, we created a simulated dataset with known behavioral responses 

and added stimulation artifact from recorded data to simulate our dataset. Using a simulated 

dataset allowed us to measure differences between ground truth and signals after stimulation 

artifact removal techniques were used. In addition, we recommend that avoiding data at or 

near stimulation frequencies would assist in determining the best artifact removal method, as 

stimulation-related frequencies should be removed from downstream analysis entirely.  

 

The most effective artifact removal method may depend on the downstream features 

intended for use. Cortico-cortical evoked potentials (CCEPs) are commonly characterized by 

time-domain features, such as peak-to-peak amplitude and latencies for specific CCEP 

components. Artifact removal methods for CCEP work may focus more on preserving time-

domain features and less on preserving or minimizing distortion in the spectral domain. For 

example, interpolation methods may introduce spectral domain artifacts and will likely not 

match the spectral qualities of the surrounding neural LFP signal, and subsequent spectral 
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analysis may result in bleeding of this artifact. In contrast, power-in-band analysis involves 

spectral domain features, such that the artifact removal method may focus on minimizing 

distortion in the spectral domain. 

 

For our dataset, we identified that the most aggressive method, notch filtering, would likely 

be the best candidate for our subsequent analysis due to our over-cautiousness of ensuring 

minimal influence of stimulation artifact. However, due to the continued distortion present at 

50 Hz and above, we also constrained our frequency analysis to only include frequencies up to 

40 Hz.  
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4. Unsupervised detection of sleep/wake states  

Stimulation therapies are known to produce variable results during different brain states, and 

particularly between sleep and wake states41,42. Sleep and wake are of particular interest to 

closed-loop therapies, where therapies may not be needed during sleep. This chapter 

demonstrates an example of leveraging machine learning models to predict brain states. 

 

The chapter includes the published work as cited below and was supported by the National 

Science Foundation (1630178 and EEC-1028725) and the University of Washington Big Data for 

Genomics and Neuroscience Training Grant (1T32CA206089-01A1).  

 

[published IEEE EMBC 2020] Sun S*, Jiang LP*, Peterson SM, Herron JA, Weaver K, Ko A, 

Ojemann J, Rao RPN; Sleep/wake classification using a sequential state space model. 

4.1 Introduction 

Sleep remains an elusive topic in neuroscience, having intricate relationships with learning 

and memory consolidation68. Disturbances of normal sleep patterns frequently emerge and 

interact with other medical conditions, such as epilepsy69,70 and many mental disorders71, and 

the reasons and effects are poorly understood. Studying the dynamic interactions between 

sleep and neurological impairments can aid towards building a comprehensive understanding 

of the disorders and improve patient outcomes. 

 

To study sleep, researchers commonly perform overnight electroencephalography (EEG), and 

trained technicians label the different sleep stages: N1, N2, N3, and REM72. Manual sleep 

staging involves visually examining 30-second segments of neural data and labeling each 

segment based on established sleep scoring rules. These rules include decision based logic and 

identifying specific neural features. A key challenge for sleep staging is that some rules are 

subject to interpretation, leading to labeling differences between technicians73. These rules 

were also developed based on healthy adult subjects, allowing little extrapolation to other 

age groups or to those with atypical sleep patterns. 
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With rapid developments in machine learning, automated sleep staging can resolve these 

issues by mitigating human bias and providing flexibility to variable sleep patterns. Current 

efforts in automation primarily use EEG in combination with supervised or unsupervised 

machine learning models74–76. However, little work has been done with electrocorticography 

(ECoG), with increased spatial resolution and signal-to-noise ratio to capture and reveal 

subtle brain dynamics related to sleep. Kremen et al.76 demonstrated using a single 

intracranial electrode to classify Wake, N2, and N3 stages with 94% accuracy. Their 

unsupervised model used decision trees with numerical thresholds that required tuning from 

pre-existing sleep stage-labeled data, which may not always be available. Questions remain 

regarding whether a threshold-based approach is generalizable to variable sleep patterns. We 

believe that leveraging sequence-based methods can overcome these limitations and 

contribute to automation tools for sleep staging. 

 

One nuance is that our ECoG recordings are of patients with intractable epilepsy, a 

neurological disease known to have complex reciprocal interactions with sleep and often 

presents with disrupted sleep patterns69. Successful development of a sleep stage classifier in 

these patients must be robust towards variable sleep dynamics between subjects. An 

unsupervised approach is ideal due to self-learning of features with high distinguishing 

properties, providing flexibility to differences in sleep patterns or electrode placement. 

Unsupervised methods also alleviate the impracticality of labeling sleep stages in every 

patient for model training. 

 

In this paper, we built an unsupervised hidden semi-Markov model (HSMM) to label sleep and 

wake states in epilepsy patients, using spectral power features from a single ECoG electrode. 

We show that HSMMs produce higher labeling accuracy and fewer extraneous transitions than 

k-means clustering and hidden Markov models. Our results provide initial confirmation of 

HSMM as an effective tool for automated sleep staging, and motivate future applications of 

HSMM to neural behavioral state classification. 
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4.2 Methods 

Data Collection 

Our data consist of continuous neural recordings from patients at Harborview Medical Center 

(Seattle, Washington) undergoing clinical monitoring for intractable epilepsy. As part of their 

monitoring procedure, an 8x8 electrocorticography (ECoG) grid (2.3 mm exposed diameter, 

Ad-tech Medical, Racine, WI, USA) was implanted on the patient’s cortical surface, providing 

24-hour continuous ECoG data. Data collection was approved by the Institutional Review 

Board of the University of Washington, and all subjects gave written, informed consent. We 

sampled approximately 4-14 hour continuous segments of ECoG data from two patients over 

three days and one day from two additional patients, ensuring that there was no seizure 

activity during the recording. Sleep and wake labels were coarsely annotated based on 

patient room video monitoring and synchronized to neural data using timestamp information. 

 

Our signal processing pipeline is summarized in Figure 4.1. We minimally processed the ECoG 

signal to remove noise and baseline drift, including band-pass filtering 1-200Hz, notch 

filtering at noise harmonics (60Hz, 120Hz, 180Hz), and down-sampling to 500Hz. Electrodes 

with excessive noise or signal artifacts were removed from analysis. We selected the first grid 

channel, typically near the superior frontal gyrus, across patients for clustering to minimize 

computational cost. We split the continuous data into 14-second epochs with their 

corresponding sleep/wake labels. Total sleep and wake times are summarized in Table 4.1.

 
Figure 4.1:  Data processing pipeline: ECoG data were pre-processed (bandpassed 1-200Hz, 

notch filtered at noise harmonics, downsampled to 500 Hz), and a single channel was used for 

sleep/wake clustering. Data from this channel were epoched to 14-second segments with 

corresponding sleep/wake labels. Spectral power of each epoch (1-40Hz) was used as input to 
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the HSMM shown on the right. HSMM Architecture (adopted from Johnson et al.)77: β is drawn 

from GEM(γ), α and β define the Dirichlet process (DP) prior, π represents the transition 

probability drawn from DP(α,β), λ represents a uniform Gaussian prior for observations, and D 

represents a Poisson prior for duration states. x and y represent the states and observations. 

See text for details. 

 

Table 4.1: Subject sleep/wake total times, with total number of epochs (t=14s) also reported. 

 

Feature Selection 

Neural analysis commonly involves decomposing the time-series signal into its frequency 

components due to the association between specific frequency bands and neural activity78. 

Sleep and its progression through different sleep stages are often characterized by shifting 

towards more low frequency rhythms. For the purpose of sleep/wake clustering, we used 

frequencies 1–40 Hz to capture a broadband range of frequencies, which we believe is 

sufficient for distinguishing between wake and sleep. We calculated the spectral power from 

each integer frequency within that range using Welch’s method67 across epochs. These 

vectors of length 40 were the inputs to our unsupervised models. 

 

Model Architecture 

Sleep has sequential staging with distinct spectral properties, so computational models that 

leverage sequential properties may better model sleep patterns. We propose an unsupervised 

implementation of hidden semi-Markov models79 (HSMMs) as seen in Figure 4. Compared to 

hidden Markov models (HMMs), HSMMs allow hidden states to have various lengths instead of 

single-unit transitions in HMMs. Given that individual sleep stages can range from minutes to 

almost an hour, and sleep and wake periods commonly last for extended periods of time, we 

believe HSMMs are most suitable for our sleep/wake classification task. We additionally 

implemented K-means clustering and HMMs to compare across other unsupervised methods. 

 

To determine the prediction label of each cluster, we followed the purity measure80 of 

clustering performance – each cluster was assigned the label having the most counts within 
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that cluster. We evaluated and reported accuracy across our unsupervised methods and across 

subjects. 

 

1) K-means Clustering: We first ignored the sequential nature of the data and used the 

performance of k-means clustering as a baseline. k-means finds the best k points that 

minimize the overall Euclidean distance between our data and the corresponding centroids, 

and in our case, we set there to be two centroids to represent the clustering of sleep and 

wake epochs. 

 

2) Hidden Markov Model: Our HMM was initialized with two states (sleep, wake) with 

transition probabilities of 0.9 (self) and 0.1 (change). Emission probabilities were set as a 

multivariate Gaussian, and transition and emission parameters were updated using 

expectation-maximization (EM). We used Viterbi inference81 to produce the best state 

sequence for the expectation step, and maximum likelihood estimation (MLE) to update 

parameter values for the maximization step, iterating until convergence. We ran Viterbi 

inference one final time to produce the predicted sleep/wake sequence. 

 

3) Hidden Semi-Markov Model: We followed a Bayesian non-parametric approach77 and used a 

Dirichlet process (DP) prior for sampling the transition probability between states and a 

Poisson prior for the state duration length. Figure 4.1 shows a graphical representation of the 

model. To keep the computational time tractable, we limited the maximum number of states 

the model can use to four while allowing the model to select the ideal number of states. We 

set the conjugate prior to Gamma(1000,5) for inferring the Poisson state duration. We used γ 

= 0.6, α = 0.6 for Dirichlet process priors. The parameters were estimated through posterior 

samples from Gibbs sampling82 for 150 iterations. While we did not define a convergence 

criterion, the model converged after an average of 110 re-samplings. 

4.3 Results 

Figure 4.2 summarizes sleep/wake clustering performance across our three unsupervised 

models on one day of data from Subjects 1 and 2. As expected, k-means clustering resulted in 

the lowest classification accuracy of 59.6% (Subject 1) and 57.4% (Subject 2). HMM performed 

better with an accuracy of 87.3% (Subject 1) and 75.1% (Subject 2). The HSMM performed best 
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out of the three, with an accuracy of 90.4% (Subject 1) and 75.5% (Subject 2). While the 

HSMM accuracy was only slightly higher than the HMM accuracy for Subject 2, the HSMM 

visually provided more accurate transitions between sleep and wake states. We attributed 

these infrequent transitions to the additional duration component in the HSMM, which seemed 

to create more strict requirements for transitions to occur. However, these stricter guidelines 

may explain why the HSMM did not capture some short-duration wake states. 

 

 

Figure 4.2: Subject 1, 2 sleep/wake true labels and clustering comparison across three 

methods over one 24-hour day, starting at approximately 8am. Model accuracy for Subject 1 

and 2 are shown in parentheses next to the model used. HSMM produced the highest accuracy 

across models and minimized unnecessary transitions. 

 

When comparing model performance across all days for all subjects (Table 4.2), HSMM 

produced the best accuracy except in Subject 4. All models tended to perform worse for 

Subjects 3 and 4. Visualizing the HSMM performance across subjects (Figure 4.3), we noticed 

that while the HSMM captured the general pattern of Subjects 1 and 2, albeit missing some 

short duration transitions, it poorly matched the pattern for Subjects 3 and 4. One 

explanation for variable performance across subjects is that we froze model parameters, and 

these parameters may perform better in subjects with longer state durations than in others. 

These results suggest that generating subject-specific parameters is necessary to better 

handle variable sleep patterns. 
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Figure 4.3: Intersubject comparison of HSMM performance in classifying sleep/wake states 

over one 24-hour day, starting at various times. Performance varies across subjects, capturing 

major sleep/wake transitions but failing to capture some short-duration states. 

 

Table 4.2: Accuracy of unsupervised models across individual subjects and overall (weighted 

on subject data length) 

 
 

To determine if electrode selection was critical in HSMM performance, we ran the model for 

one day of Subject 1 using each electrode individually and reported model accuracy (Figure 

4.4). Accuracy ranged from 60.2% to 97.5%, with more than half the electrodes having greater 

than 90% accuracy. The lesser performing electrodes were located along or just superior to 

the Sylvian fissure, which suggests a regional dependence of whether the electrode is a good 

candidate for model input. 
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Figure 4.4: Comparison of HSMM performance when using different ECoG electrodes (1-64) in 

Subject 1. Color bar denotes prediction accuracy. Most electrodes produced an accuracy 

greater than 90%, while a smaller set in the center-right produced lower accuracies. 

Electrode 37 was omitted due to excessive signal artifacts. 

4.4 Discussion 

We demonstrated a Bayesian non-parametric HSMM approach for unsupervised labeling of 

sleep and wake states while incorporating smooth state transitions. While HSMM performance 

varied among subjects, HSMM consistently performed best across the unsupervised methods. 

We also showed that in one subject, HSMM accuracy remained consistent when using different 

electrodes, noting that electrode location had considerable importance to model performance 

and should be further explored. These results serve as a benchmark of using a Bayesian non-

parametric approach for unsupervised classification of behavioral states in ECoG. 

 

One limitation of using advanced machine learning models is that the abstraction tends to 

shift away from biological interpretability. The benefit of HSMM is that it explicitly models a 

duration distribution, which enables us to provide prior knowledge for the duration of sleep 

and wake segments. Such an approach is highly interpretable in terms of biological 

significance but may require modification to account for variability in sleep patterns for 

successful state classification across a variety of people. 
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With the goal of automating sleep staging in ECoG, future work will employ this HSMM on data 

with sleep stage labels. The next step would be to stratify the sleep states for further 

clustering into sleep stages. Since this dataset is uniquely from epilepsy patients, additional 

seizure state identification is critical to ensure seizure events are classified separately. Due 

to the high comorbidity between epilepsy and impaired sleep, labeling both sleep stages and 

seizure events could provide new insights into the interplay between sleep and epilepsy and 

translate clinically as a tool for seizure labeling, prediction, and localization. Improving tools 

in automated behavioral state classification will allow broader application to other 

neurological states and impairments and will open possibilities in characterizing a range of 

behavioral states and their interactions. 

 

In the context of building adaptive stimulation therapies, we envision that this unsupervised 

sleep/wake model could provide useful brain state estimates that inform stimulation 

programming. A simple use case could be using this model to ensure that stimulation therapy 

remains off during sleep in tremor patients, when active stimulation therapy may not be 

needed. Another use case could be for epilepsy patients, where in some cases, seizures are 

more likely to occur during different stages of sleep69. Since this model predicts a general 

behavioral state rather than a symptom-related state, its current model accuracy range of 

67% - 89% between subjects may be sufficient in providing contextual information to the 

model. Due to the model’s current performance, additional safeguards should be put in place 

to prevent potential repercussions caused by inaccurate predictions, such as turning off 

therapeutic stimulation due to false detection of sleep. Similar unsupervised models have 

achieved prediction in other potentially relevant behavioral states, such as movement and 

speech in naturalistic human iEEG83, and next steps include identifying how these behavioral 

states may influence stimulation outcomes in addition to how we may leverage these 

contextual biomarkers to improve clinical outcomes.    
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5. Biomarker identification of acute pain in humans 

In the previous chapter, we discussed building models to predict current brain state due to its 

pertinence to stimulation therapies. In this chapter, we focus instead on predicting symptom 

state, where a model can serve as a real-time indicator of a specific symptom. We specifically 

seek to identify patient-specific neural biomarkers of pain, as pain has been characterized as 

having multiregional interactions84, and there is growing interest in neuromodulation 

applications for chronic pain85. Identifying neural biomarkers of symptom state can provide 

valuable insight into underlying mechanisms in addition to informing adaptive stimulation 

therapies of when therapy is needed.  

 

In this chapter, we summarize work completed in collaboration with Timmy Vu Pham. The 

work presented here is a subset of the total work completed by Timmy as part of his master’s 

thesis86. My contributions to this work included project conception, planning, and overseeing 

progression. Timmy completed the analysis and figure making. All text in this chapter was 

written by me.  

5.1 Introduction  

Pain is an important, complex process that alerts individuals to physical or perceived harm, 

where the IASP definition of pain87 is “an unpleasant sensory and emotional experience 

associated with, or resembling that associated with, actual or potential tissue damage.” 

Prolonged pain that transitions into chronic pain can be debilitating to one’s quality of life, 

and ongoing research seeks to identify effective treatments for chronic pain.  

 

Functional imaging has revealed a pain matrix84, or a collection of brain regions involved in 

pain processing including sensory, motor, and cognitive processing areas. It is known that pain 

is not only a physical, sensory experience, but also an emotional experience, which translates 

to several brain regions acting in parallel to produce the conscious experience of pain.  

 

Current treatments for pain are not sensitive to the complexity and multidimensionality 

aspects of pain. While effective, pharmacological treatments such as opioids have high rates 

of misuse and addiction88. There has been growing interest in applying neurostimulation 
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interventions such as deep brain stimulation (DBS) for treatment of chronic pain, with some 

initial success in well-selected patients where pain mechanisms were known44. Closed-loop 

DBS for pain has been proposed as a feedback-based treatment option, where estimating 

current pain state using biomarkers can inform treatment strategies89. Shirvalkar et al 

examined long term pain biomarkers in chronic pain patients and identified promising 

biomarkers in the orbitofrontal cortex40. Our research extends this initial work in humans, 

where we leverage the widespread electrode coverage in epilepsy patients undergoing seizure 

monitoring to conduct a more comprehensive search for pain-related biomarkers.    

 

We aimed to identify subject-specific biomarkers of pain and to evaluate biomarker 

performance in the context of acute pain. Our dataset included week-long intracranial 

encephalography (iEEG) recordings from five epilepsy patients, in addition to subject-

reported pain levels on a 0-10 visual analog scale (VAS). Neural features, including power-in-

band and connectivity features, were used as input for model trainings, where an array of 

models was evaluated for pain classification performance. Due to variable intracranial 

electrode coverage across our five subjects, we identified variability in regions identified as 

effective biomarkers. In addition, we identified variability in model performance across 

subjects, and we hypothesize this variability is due to the quantity and range of pain reports 

we were able to gather. This work in identifying subject-specific biomarkers of pain can help 

broaden our understanding of pain mechanisms from an electrophysiology perspective and 

inform future pain management therapies by providing real-time estimation of a patient’s 

pain levels.  

5.2 Methods 

Subjects 

Collection of human intracranial data is detailed in Chapter 2: General Methods. Data from 

five subjects were analyzed. Subject demographics can be found in Table 5.1. 

 

Neural data acquisition 

Clinical data were collected as described in Chapter 2: General Methods. Data spanned 5-7 

days, and visualizations of subject electrode placement can be found in Figure 5.1.  
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Figure 5.1: Electrode coverage across five subjects. Subjects 1, 4 had stereo-

electroencephalography (sEEG) electrodes, and subjects 2, 3, 5 had electrocorticography 

(ECoG) electrodes.  

 

Visual analog scale pain reports  

As part of routine clinical care, subjects are asked to report a verbal pain score from 0-10 

based on a visual analog scale (VAS). Subjects are typically asked to report their pain several 

times a day throughout their week-long stay at the hospital, and the number of total pain 

reports for each subject is reported in Table 5.1. Distributions of subject pain reports are 

provided in Figure 5.3a.  

 

To define a high versus low pain state, we calculated the median pain score for each subject 

and used the median value as the dividing threshold. This method had been used previously85 

and promoted even group sizes for a binary classification task.   

 

Table 5.1: Subject demographics. 
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Data processing  

The data processing pipeline is presented in Figure 5.2. After time-aligning neural data with 

the VAS reports, five-minute windows of neural data centered around the time of the pain 

report was extracted. Our primary assumption here was that the subject’s pain experience 

did not change significantly during the five-minute window. Each window was further 

segmented into 30-second time segments for data augmentation.  

 

Neural data were preprocessed using notch filters at 60 Hz and harmonics, and we applied a 

5th order 200 Hz Butterworth low pass filter to remove high-frequency noise. Channels were 

visually inspected and removed if excessive noise or artifact remained present.  

 

Neural features calculated included power-in-band, Spearman’s correlation coefficient, and 

coherence. Power-in-band of canonical frequency bands (delta (0.1–4 Hz), theta (4–8 Hz), 

alpha (8–12 Hz), beta (12–30 Hz), gamma (30–55 Hz), and high gamma (65–200 Hz)) were 

calculated by summing the square of the analytical signal, which was obtained by bandpass 

filtering and performing a Hilbert transform. Correlation coefficient was calculated in the 

time domain between all channel pairs. Coherence was calculated between all channel pairs 

for each canonical frequency band.  

 

Model selection and training 

For all classification models, we trained on 70% of the data and evaluated model performance 

on the held-out 30%. 

 

Single-channel classification: Each single-channel feature was used to train an independent 

model to predict subject pain levels. This process allowed us to identify specific channel and 

frequency band features that were most predictive of subject pain levels. For predicting 

binarized high vs. low pain levels, we fit a logistic regression model and evaluated model 

accuracy on the held-out dataset. For predicting discrete VAS reports, we fit a linear 

regression model and reported R-squared values.  

 

Multi-channel classification: The top 10 performing channels identified in the single-channel 

binary classification task were used to construct a pain network, where correlation and 
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coherence features were calculated across the 10 identified channels. All features—individual 

channel power-in-band, and multi-channel correlation and coherence features—where used as 

input for model training. Models used for multi-channel classification included logistic 

regression, decision tree, random forest, and linear discriminant analysis. Model accuracies 

were reported for both binary and discrete classification tasks.  

 

 
Figure 5.2: Overview of pain model pipeline. Neural activity was recorded using intracranial 

electroencephalography (iEEG) in epilepsy patients. Five-minute windows of neural activity 

centered around VAS pain reports were extracted and used to calculate neural features such 

as power-in-band (PIB) and connectivity metrics. These input features were used to train a 

pain classification model using a set of model architectures. There were two classification 

goals: predicting binary high vs. low pain state and predicting discrete VAS scores.  

5.3 Results 

Best performing pain classification features vary between subjects  

All channel and power-in-band combinations were evaluated across subjects to identify best 

performing channel and frequency band pair, and results are displayed in Figure 5.3. For the 

binary classification task, top performing features across subjects ranged from a 68% 

prediction accuracy in Subject 5 to a 99% prediction accuracy in Subject 2, where chance 

prediction was 50%. Beta, gamma, and high-gamma bands were included in the top 

performing features, while regions varied.  

 

Top performing features for fitting a linear model overall performed poorly across subjects, 

with R-squared values of 0.15 – 0.27 across four of the five subjects and 0.71 in Subject 2. 
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Except in Subject 5, none of the subjects shared the same region between the binary 

classification task and the linear model fit.  

 

 

Figure 5.3: Best performing single-channel pain classification models across subjects. (a) 

Distribution of pain scores across the five subjects. The red dotted line indicates median pain 

score, which we used to define high and low pain states. (b) Best performing single channel 

and frequency band for binary low vs. high pain classification task with prediction accuracy 

reported. (c) Best performing single channel and frequency band in fitting a linear model to 

reported pain scores. FP – frontal pole; IFGpo – inferior frontal gyrus pars opercularis; PG – 

precentral gyrus; LHH – left hippocampal head; LOCsd – lateral occipital cortex superior 

division; SFG – superior frontal gyrus, MFG – middle frontal gyrus; IFG – inferior frontal gyrus; 

LHT – left hippocampal tail. 

 

Random forest model outperformed in multivariate prediction 

The top 10 performing channels in the univariate binary classification task was used to create 

a pain network, where only features within the network were included in model training and 

evaluation. Supplemental Table 5.1 includes all channels included in subject-specific pain 

networks. Tables 5.2 and 5.3 summarize the results across subjects and models tested in 

binary and discrete classification tasks respectively. In both binary and discrete classification, 

the random forest model outperformed all other models in all subjects, except in the discrete 

classification task in Subject 4, where all models performed poorly in comparison to the other 
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subjects. Averaging across subjects, the random forest model had prediction accuracies of 

80% and 65% in the binary and discrete classification tasks respectively.  

 

We observed that inter-subject variability of model accuracies was high in comparison to 

inter-model variability. Notably, Subject 2 had the highest model performance across all 

classification tasks, and we hypothesize that the bimodal shape of their pain report 

distribution contributed to the model’s ability to learn effective features for pain prediction. 

In contrast, Subject 4 tended to have the lowest model performance, in addition to having 

the smallest range of pain reports (VAS~ [3, 6]).  

 

Table 5.2: Multi-channel binary VAS prediction accuracies across models and subjects.  

 

 

Table 5.3: Multi-channel discrete VAS prediction accuracies across models and subjects.  
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5.4 Discussion 

In this chapter, we identified subject-specific pain biomarkers using both single channel 

features and multi-channel features across five subjects. With single feature logistic 

regression models, we identified specific regions and frequency bands that were capable of 

distinguishing between high versus low pain states at 68% - 99% percent accuracy. Using multi-

channel features, we additionally compared several models and found that a random forest 

model was most effective at predicting both high vs. low pain state and predicting discrete 

VAS values across all subjects. These results contribute towards building patient-specific 

models of pain, which can help us better understand the diversity of pain experiences in 

addition to informing biofeedback therapies such as adaptive neurostimulation.  

 

We demonstrated using both single-channel and multi-channel models, where multi-channel 

models included features from multiple regions. Due to the known multiregional changes that 

occur with pain, we hypothesized that models that included multiregional features performed 

better than single-channel models; however, we observed that both model types performed 

similarly in classification tasks. One explanation is that the relevant multi-channel features 

may have been highly correlated with the best performing single-channel feature, which 

would not have improved model performance. We believe that a larger dataset with more 

observations of pain reports would help evaluate the efficacy of using multi-channel models 

over single-channel models in predicting subject pain.  

 

Our pain predictors were likely representative of acute head pain that our subjects were 

experiencing post-surgery. Further work is needed to determine whether these subject-

specific biomarkers can be extended to chronic pain, which is of particular interest in 

adaptive neurostimulation applications.  

 

We identified variability in model performance across subjects, and we hypothesize that the 

quantity and variability of pain reports are primary contributors to model performance. Our 

data is limited to the seven-day stay of these epilepsy patients, where clinicians gather 

patient pain reports anywhere from 3-8 times a day. We expect that our models would have 

improved prediction accuracies with data over a longer period. In addition, we observed that 

the distribution of pain reports varied among subjects, where some subjects utilized the full 
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range from 0-10, while others had a more limited range. This difference could be due to 

differences in how patients report pain or simply that some patients had more monotone 

experiences of pain. As we observed that our models performed worse in subjects with a 

smaller reported distribution of pain, there may be strategies to improve the pain labels, such 

as using more comprehensive pain reports90. Ultimately, our models rely on there being 

meaningful variability in patient experiences and reports of pain in order to identify pain-

related biomarkers.  

 

Pain was categorized as low vs. high using a median value threshold, but in practice, a clinical 

assessment would be needed to identify an appropriate threshold for the subject. 

Determining this pain threshold would be a necessary step towards building a feedback-based 

pain management strategy, and there has already been interest in using neurostimulation 

applications for chronic pain, including in spinal cord stimulation (SCS) and deep brain 

stimulation (DBS). Incorporating a real-time pain biomarker could improve current stimulation 

therapies by administering therapy only when needed, preventing overtreatment, and 

extending device battery life.  

 

Careful considerations must be made when incorporating these real-time biomarkers in 

standard clinical care, especially when relying on biomarkers to know when to administer 

pain treatment. We currently lack information about the risk for addiction to these 

stimulation-based treatments and should be wary especially due to the high risk of addiction 

from current pain medications. Finally, when considering the use of automated devices that 

administer therapy only when needed, we must understand how the patient interacts with the 

device and whether there are better clinical outcomes when the device is fully automatic 

versus if the patient also has the option to control their treatment.  
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5.5 Supplemental Figures 

Supplemental Table 5.1 Top ten performing channel-frequency bin models for pain network 

selection. 

Subject Region Channel Band 
Logistic Regression 

Accuracy 

1 Middle frontal gyrus MFG15 high-gamma 0.741 

 Paracingulate gyrus PG23 high-gamma 0.741 

 Frontal pole FP7 gamma 0.741 

 Cingulate gyrus CGad4 alpha 0.728 

 Postcentral gyrus PG11 high-gamma 0.728 

 Precentral gyrus PG6 high-gamma 0.728 

 Middle temporal gyrus MTGpd9 gamma 0.716 

 Cingulate gyrus CGad3 gamma 0.716 

 Postcentral gyrus PG12 beta 0.716 

 Frontal pole FP13 high-gamma 0.704 

2 Inferior frontal gyrus IFGpo1 beta 0.991 

 Temporal pole TP10 beta 0.973 

 Precentral gyrus PG11 gamma 0.973 

 Middle frontal gyrus MFG9 beta 0.973 

 Inferior frontal gyrus IFGpt2 gamma 0.973 

 Temporal pole TP11 beta 0.964 

 Frontal orbital cortex FOC2 beta 0.964 

 Supramarginal gyrus SGad2 beta 0.955 

 Central opercular cortex COC1 gamma 0.955 

 Precentral gyrus PG1 beta 0.955 

3 Precentral gyrus PG7 beta 0.815 

 Middle frontal gyrus MFG7 alpha 0.804 

 Middle frontal gyrus MFG15 theta 0.792 

 Superior temporal gyrus STG6 high-gamma 0.792 

 Inferior frontal gyrus IFG7 beta 0.792 

 Inferior frontal gyrus IFG6 theta 0.792 

 Inferior frontal gyrus IFG5 alpha 0.792 
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 Middle frontal gyrus MFG14 theta 0.786 

 Superior temporal gyrus STG1 high-gamma 0.786 

 Middle frontal gyrus MFG2 gamma 0.786 

4 Hippocampus RHH8 delta 0.775 

 Occipital frontal ROF6 high-gamma 0.775 

 Hippocampus LHH6 gamma 0.775 

 Posterior cingulate cortex RPCC16 high-gamma 0.766 

 Hippocampus RHH6 delta 0.766 

 Occipital frontal LOF6 beta 0.766 

 Amygdala RA12 theta 0.757 

 Amygdala RA7 alpha 0.757 

 Anterior cingulate cortex RACC8 alpha 0.757 

 Anterior cingulate cortex LACCS6 gamma 0.757 

5 Occipital cortex LOCsd2 high-gamma 0.683 

 Occipital cortex LOCsd6 theta 0.678 

 Occipital cortex LOCsd1 beta 0.667 

 Supramarginal gyrus SGpd2 theta 0.661 

 Angular gyrus AG4 alpha 0.656 

 Angular gyrus AG1 theta 0.656 

 Occipital cortex LOCid9 theta 0.639 

 Occipital cortex LOCid8 gamma 0.633 

 Inferior temporal gyrus ITGpd1 theta 0.633 

 Inferior temporal gyrus ITGpd4 gamma 0.628 
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6. Characterizing local field potential responses to 

patterned stimulation  

The primary motivation for this work is to build an understanding of what measurable 

responses can be detected from stimulation. An electrical stimulation input will activate the 

population of neurons in the near vicinity and prompt an electrochemical response, and 

where we are able to record that response is largely correlated with what regions this neural 

population is connected to. Due to the interconnectedness and redundancy present in neural 

systems, in addition to ongoing neural activity, the response may not necessarily be obvious 

or easily measurable.  

 

An added layer of complexity is that there is a vast parameter space of stimulation 

parameters that can be used for neuromodulation, and there are ongoing efforts in fine-

tuning parameters or discovering new parameter combinations that will be more effective in 

stimulation-based therapies. While it is well established that different stimulation parameters 

produce different outcomes, there is less understanding or precedent on whether we can 

measure those differences.  

 

Most neuromodulation work revolves around a target neurological condition or specific circuit, 

whereas this work takes a more generalized approach to neuromodulation. Our patient 

population tends to have either unilaterally or bilaterally distributed electrode implants, 

allowing us the unique opportunity to investigate a wider spatial range of stimulation 

responses across brain regions.  

 

This chapter describes work that seeks to quantify measurable effects of stimulation using an 

experimental paradigm adapted from Yang et al.36 An initial conference paper on this work 

was published in IEEE SMC 2022 and the following chapter is an extension of the work with 

updated methods.  

 

[published IEEE SMC 2022] Sun S, Levinson LH, Paschall CJ, Herron JA, Weaver K, Hauptman J, 

Ko A, Ojemann J, Rao RPN; Neural responses to different stimulation conditions are separable 

in a low-dimensional subspace 
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[in preparation] Sun S, Levinson LH, Weaver K, Ko A, Grannan B, Hauptman J, Tsai J, Herron 

JA, Rao RPN, Ojemann J; A generalized approach of measuring neural response separability 

under varying stimulation inputs 

6.1 Introduction 

Electrical stimulation has emerged as a powerful tool for treating neurological conditions. By 

delivering targeted electrical pulses to specific regions, neural activity and circuitry can be 

modulated to promote symptom reduction. Specifically, deep brain stimulation (DBS) has 

become a well-established treatment for Parkinson's disease and essential tremor91,92 and 

ongoing research seeks to expand DBS application to other treatment-resistant pathologies 

including in depression93,94, obsessive compulsive disorder95, bipolar disorder96, and epilepsy97. 

 

Adaptive DBS is a rapidly growing area of research to improve and personalize stimulation 

therapies. Unlike traditional methods that use open-loop stimulation at fixed parameter 

settings, adaptive DBS adjusts stimulation settings based on real-time patient-specific needs– 

turning stimulation on and off and potentially even calibrating therapy dosage– for improved 

patient outcomes. To accomplish this, neural biomarkers that reflect symptom state can be 

monitored and leveraged in a closed-loop system. There have already been effective 

demonstrations of adaptive stimulation using neural biomarkers, where beta-power in the 

hand area of the primary motor cortex has been used to turn on and off stimulation for 

tremor management in essential tremor4,5, and cortical gamma power and beta power in the 

subthalamic nucleus have been used to adjust stimulation amplitude for improved symptom 

management in Parkinson’s disease37,98. Adaptive therapies have been shown to perform as 

well as open-loop stimulation while reducing side-effects and extending device battery 

life4,37,38.  

 

While significant advancements have been made in identifying neural biomarkers related to 

symptom state, methods for adjusting stimulation or selecting effective stimulation sites to 

modulate target biomarkers is less understood. In some cases, stimulation can be applied 

directly to the biomarker region to modulate its activity and reduce symptom state98, but in 

other cases, the effective stimulation site is away from the biomarker site4,5,9,37,39. Pre-
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stimulation activity18,21,25 and resting state connectivity20,22 have been used to help predict 

stimulation outcomes, but ultimately, we have poor understanding of how electrical 

stimulation affects neural electrophysiology in real-time and how the effects propagate to 

other regions. This lack of knowledge limits our ability to determine real-time optimal 

stimulation parameters and regions to achieve desired patient outcomes.  

 

A growing body of work has been focused on modeling and predicting the real-time 

relationship between stimulation and neural response for adaptive therapies. Bolus et. al.34 

used optimal control theory to modulate stimulation intensity to control neural firing rates in 

rats, and Yang et. al36 predicted stimulation-induced local field potential activity in monkeys 

using a state-space model and simulated closed-loop stimulation for alleviating mood 

symptoms. Translating these methods to humans requires much additional work. Another 

consideration is that the brain is a complex, dynamic system, and using the same stimulation 

input can often produce varying responses depending on current brain states42,99. Long-term 

electrical stimulation has also been shown to promote neural plasticity and adaptation100, 

potentially requiring modified stimulation dosage to maintain effectiveness. These complex 

interactions have contributed to the challenge of building effective stimulation models. 

 

To build a more comprehensive understanding of how stimulation interacts with the brain, 

one approach is to measure and map neural responses to different stimulation inputs over 

time. By characterizing stimulation responses, we gain crucial insights into (1) what 

stimulation parameters can modulate region activity and by how much, (2) what regions can 

be modulated with stimulation input, and (3) the stability of stimulation response over a 

period of time. By understanding the intricate relationship between stimulation and response, 

we strongly believe that these efforts will help improve and personalize future stimulation 

methods for adaptive closed-loop therapies.  

 

Our research aim was to determine whether varying electrical stimulation inputs produced 

distinct, measurable changes in neural electrophysiology. Given the varied, subject-specific 

electrode coverage, our secondary aim was to develop a data-driven method of identifying 

regions sensitive to changes in stimulation that was agnostic to stimulation site, electrode 

coverage, and pre-existing knowledge of region-specific circuitry. Our paper contributes to 

efforts of characterizing the effects of stimulation interventions– specifically the spatial reach 
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of stimulation effect and the range of possible biomarker outcomes we expect from 

stimulation. 

6.2 Methods 

Subjects 

Our subjects (n=9) comprise of patients with intractable epilepsy undergoing seizure 

monitoring at Harborview Medical Center in Seattle, Washington, USA. As part of routine 

monitoring procedures, subjects were implanted with multiple stereo-electroencephalography 

(sEEG) electrodes (0.86mm diameter, Ad-Tech Med Instr Corp, USA), and implant regions were 

determined entirely for clinical monitoring purposes. Electrode placement varied between 

subjects. Data collection was approved by the Institutional Review Board of the University of 

Washington, and all subjects gave written, informed consent. Subject demographics can be 

found in Table 6.1, and visualizations of individual electrode placement can be found in 

Supplemental Figure 1.  

 

Table 6.1: Subject Demographics 

 
 

Data Acquisition 

Data were collected using the Tucker Davis Technologies (TDT) as described in Chapter 2: 

General methods.  

 

Stimulation protocol 

Stimulation waveform and electrode selection were performed as described in Chapter 2: 

General methods.  
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Stimulation experiment 

Our stimulation input consisted of a repeating sequence of stimulation that varied in 

amplitude and frequency at fixed, 5-second intervals (Figure 6.1A). By default, a sequence 

comprised all combinations of stimulation frequencies [10,50,100 Hz] and amplitudes [2,4 

mA] and included a no-stimulation condition. Each stimulation presentation was individually 

tested prior to the experiment and either removed if ictal activity was observed after 

stimulation presentation or the amplitude was decreased to sub-perceptual threshold in the 

case of subject perception of stimulation (Subject S2). 

 

Stimulation conditions were presented in a random sequence at 5-second intervals, and this 

sequence was repeated over time, ranging from 4-14 total repetitions (See Table 6.2 for 

subject-specific details). These fixed-sequence repetitions allowed for measuring changes in 

stimulation response over time, controlling for potential neural drift and stimulation ordering 

effects. 

 

A pre-experiment resting state (140-350 s) was performed to establish a baseline 

measurement. While not initially considered in our research design, we also analyzed the 

post-experiment resting state (4-135 s) for any residual effects from the stimulation 

experiment (Figure 6.1B).  

 

Our stimulation experiment was adapted from Yang et. al36, where researchers designed a 

repeating stimulation sequence to measure and predict stimulation response given only the 

stimulation parameters. Their experiment was performed in non-human primates, allowing 

them to run stimulation experiments for longer durations of time. Due to the nature of 

working in a human epilepsy patient population, it was necessary to modify the experiment 

such that the time-in-room duration did not exceed three hours, as defined in our IRB 

research protocol. Design decisions for the number of stimulation parameters and number of 

repetitions were largely influenced by this time constraint.  
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Table 6.2: Stimulation experiment details by subject, including number of recording channels 

after removing channels with poor signal quality, stimulation channels, stimulation 

parameters, and sequence repetitions. 

 

 

Data processing 

Preprocessing methods 

Channels that had unrecoverable signals due to visually excessive noise or artifacts were 

removed from analysis. Data preprocessing was performed in the Python environment. Our 

data cleaning pipeline included a 100 Hz low-pass filter, down-sampling to 200 Hz for 

computational efficiency, a 1 Hz high-pass filter for removal of baseline drift, and a notch 

filter at 60 Hz to remove line noise. All filters used a zero-phase 2nd order Butterworth filter. 

For handling stimulation artifacts, we performed a comprehensive evaluation of artifact 

removal methods in Chapter 3 and selected notch filtering as it was the most aggressive 

filtering approach. Notch filters were applied at stimulation frequencies [10, 50, 100 Hz] and 

their harmonics, and these frequencies were removed from analysis. We observed additional 

artifacts time-locked to stimulation transitions, and in response we removed 500-1000 ms of 

signal at the beginning and end of each stimulation presentation. 

 

Frequency analysis 

Power spectral densities were calculated by using Welch’s method67 with a Hanning window.  

We calculated the time-frequency spectrogram with a Tukey window of 250 ms and 1/8th 

overlap (Figure 6.1C). The resulting spectrogram had a time resolution of approximately 217 
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ms and frequency intervals of 2 Hz. Power values were transformed into log space. We 

additionally removed all frequency bins that overlapped with stimulation frequencies and 

their harmonics.  

 

We performed outlier removal by identifying power values 10 times greater than the 

interquartile range of each frequency interval and setting it to the median value. Baseline 

correction was performed by calculating the average log power during the pre-experiment 

resting period and subtracting the resting state power from experimental power values. 

 

Dimensionality reduction  

Our resulting dataset was spectrogram data across all recording channels (time x frequency x 

channels). For each channel, we performed dimensionality reduction via principal component 

analysis (PCA), compressing the frequency space (dimensions = 41). We note that other papers 

perform dimensionality reduction across channels, while selecting a single frequency band of 

interest101. Our method allowed us to leverage using multiple frequency band features at the 

computational cost of performing this task across all channels. Using a grid search method 

during hyperparameter testing, we selected a data dimensionality of 10 to use for our 

prediction tasks. When splitting the data into training and validation sets, we fitted the PCA 

model on the training set only to ensure that there was no biasing from the validation set.  

 

Supervised learning approach 

Our primary task involved measuring the separability between stimulation responses. We used 

a support vector machine (SVM) model and evaluated its performance on a validation dataset 

using k-fold cross validation. The folds were defined as individual 5-second stimulation 

presentations, such that the training set did not include any data from validation epochs to 

avoid bias102. The number of folds was equal to the number of stimulation repetitions 

performed, which differed among subjects. 

 

We performed permutation testing on scrambled labels to generate a null hypothesis 

distribution and measure the statistical significance of our test accuracies. Permutation 

testing is a non-parametric method to control for family-wise error rate103.  
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Group-level vs. pairwise classification 

We performed two types of classification tasks: group-level and pairwise classification (Figure 

6.1D). Group-level or one-vs-all classification is a multiclass classification task, where a 

support vector learns to separate a class from all the other classes, and a complete model 

includes a support vector for each class. Pairwise classification, or one-vs-one classification, 

is a binary classification task between a pair of stimulation responses. We performed pairwise 

classification for all combinations of stimulation pairs to obtain a more granular 

understanding of which stimulation responses are more separable than others.  

 

Separability vs. sensitivity 

We define separability as the model accuracy of a trained supervised model in predicting 

distinct responses to distinct stimulation inputs. Separability can be measured among a group 

of stimulation inputs and between pairs of stimulation inputs. While group-level separability 

effectively describes how distinct each stimulation response was with respect to all other 

responses, pairwise separability only compares pairs of stimulation responses, allowing a more 

granular description of which pairs are more easily separable than others. To summarize 

pairwise separability as a single metric, we define sensitivity as the percentage of separable 

stimulation pairs in a given region. Our sensitivity metric tells us how many combinations of 

stimulation input pairs produce distinct responses. In this chapter, we use separability in a 

group-level descriptor and sensitivity as a pairwise descriptor. Both metrics can inform us of 

regions that could be good candidates for capturing distinct stimulation responses. 

 



69 
 

 

 

Figure 6.1: Overview of stimulation experiment and data analysis methods. A: Electrical 

stimulation design involved selecting from a set of stimulation amplitudes and frequencies, 

including a no-stim condition, to create a randomized input sequence. Each stimulation 



70 
 

 

condition had a fixed duration of 5-seconds. B: Experimental design included a pre-

experiment resting state to record baseline activity, the stimulation experiment which 

involved repeating sequences of stimulation, and a post-experiment resting state to measure 

any potential experiment-induced effects. C: Data were collected from up to 128 electrodes 

from custom patient montages. After signal preprocessing and cleaning (not shown), time-

frequency spectrograms were generated for each channel. Each stimulation response could be 

mapped to an N-dimensional frequency space, and dimensionality reduction was performed to 

compress the frequency dimension. D: For each channel, one-vs-all and pairwise classification 

was performed using support vector machine (SVM) models to evaluate the separability of 

stimulation response to differing inputs. Permutation testing was used to evaluate model 

performance, and the accuracies were mapped to patient electrodes for visualization. 

Specific to pairwise classification, each stimulation pair combination trained an SVM model, 

and a sensitivity metric was defined as a summary metric across all stimulation pairs, which 

was also mapped to patient electrodes.   
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6.3 Results 

Identification of channels with separability better than chance in all subjects 

In all subjects, we identified a set of recording channels that performed better than chance 

at separating stimulation conditions with a one-vs-all SVM classifier (Figure 6.2A). Chance 

performance was defined with permutation testing and depended on the number of 

stimulation conditions presented per subject. The percentage of channels that had better-

than-change performance ranged between subjects, and we hypothesize that this wide range 

is largely dependent on both the stimulation channels used in addition to the patient-specific 

location of the recording channels. 

 

While the percentage of channels performing better than chance varied across subjects, the 

accuracy values themselves ranged from 28% to 60% across the best performing channels 

across subjects, noting that the values for chance accuracy and p-value cutoff changed 

depending on the number of stimulation parameters.  

 

When examining individual channel performance for subject S6, we discovered that top 

performing channels created visually separable clusters of stimulation response, while the 

majority of statistically significant channels seemed to only pull out a single stimulation 

condition, in this case, the inter-stim rest condition (Figure 6.2B). Furthermore, we observed 

that the first PC in channel LANT4 seemed to pull out the variance possible for a binary stim 

vs. rest classification task, indicating that the largest contribution to the variance for this 

channel comes from the differing responses between stimulation and rest. These results help 

define that better-than-chance performance could vary from being successful at a rest versus 

stim task, to being successful at separating all stimulation conditions. Additional plots of the 

top performing channels for each subject can be found in Supplemental Figure 2.  
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Figure 6.2: Group-level separability results. A: Subjects ranged in percentage of channel 

performing better than chance at a group-level classification task, which we hypothesize is 

related to stimulation channel selection and subject-specific channel placement (left). 

Accuracy benchmarks aggregated across channels, including the best performing channel, the 

p-value cutoff at the 95th percentile, and the average chance accuracy is shown (right). B: 

Example separability results for a single subject (S6), highlighting two channels with varying 

separability accuracies. While both channels reported accuracies significantly greater than 

chance, channel RPCC1 had improved performance, with a test accuracy of 59% and visibly 

separable stimulation clusters, whereas channel LANT4 had a test accuracy of 32%, where 

only stimulation condition D (inter-stim rest condition) was separable.  

 

Pairwise prediction revealed stimulation inputs more separable than others 

Figure 6.3 summarizes pairwise classification results for subject S5, demonstrating that some 

stimulation inputs were separable while others were not. For channel LOF6, two particular 
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pairwise classification results are highlighted: stimulation condition A vs. D (68% model 

accuracy) and stimulation condition C vs. D (95% model accuracy). This particular set of 

comparisons is exemplary in demonstrating the benefits of pairwise classification as it 

provides additional information of which specific stimulation pairs are separable compared to 

group-level classification, where all stimulation conditions are considered as a whole.  

 

 
Figure 6.3: Pairwise classification results in subject S5. Visualization of stimulation response 

pairs (left) in an example channel LOF6 revealed that some stimulation responses were more 

easily separable than others. Here, stimulation A vs. D (68% model accuracy) had relatively 

poor separability in comparison to stimulation C vs. D (95% model accuracy). A sorted heat 

map visualization of pairwise classification accuracy aggregated across all recording channels 

(right). The above bar plot summarizes the average separability for each stimulation pair 

across channels, giving a ranking of most to least separable stimulation pairs. The left bar 

plot represents channel sensitivity, or the percentage of stimulation pairs with SVM 

classification accuracies at the 95% significance level defined with permutation testing.  

 

Another observation is that the inter-stim rest condition (stimulation condition B, red), had 

high separability from the rest of the active stimulation conditions. When ranking stimulation 
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pairs from most to least separable across channels, we observed that the top five stimulation 

pairs included this inter-stim rest period. This result indicates that out of all the stimulation 

conditions, the inter-stim rest condition is the most easily distinguished when compared to 

any of the other stimulation conditions. Similar findings were observed in many of the other 

subjects, and additional plots of stimulation pair rankings for each subject can be found in 

Supplemental Figure 3.  

 

In addition to aggregating results across all channels, we calculated and ranked each 

channel’s sensitivity metric, which summarizes the percentage of stimulation pairs that were 

separable at the 95% significance level. The best performing channels may not necessarily be 

able to separate all pairs of stimulation input, but for the pairs that are separable, they are 

ideal candidates for distinguishing between stimulation inputs. 

 

Separability and sensitivity metrics are highly correlated across subjects 

Here, we characterized the relationship between group-level separability and pairwise 

classification results (Figure 6.4A). In example subject S7, we observed a strong positive 

correlation between channel separability and sensitivity, with a Pearson correlation 

coefficient value of 0.9115. Intuitively this result makes sense, where channels that have high 

group-level separability results also will have high pairwise separability, leading to high 

sensitivity. We observed the same trend across all subjects (Supplemental Figure 4). The 

reported p-values test whether the slope is statistically significant from zero, which is the 

case for subject S7 and for all other subjects.  
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Figure 6.4: Relationships between group-level separability, pairwise sensitivity, and distance 

from stimulation electrodes using a linear regression fit in example subject S7. A: Subject S7 

reported a high correlation (Pearson’s correlation coefficient = 0.9115) between separability 

and sensitivity across channels. The reported p-value indicated that the slope is statistically 

significant from zero. A visualization of electrodes projected onto an MNI brain displays color-

normalized values of group-level separability accuracy and pairwise sensitivity respectively. 

B: An inverse correlation between our results and the square-root of electrode distance from 

stimulation electrodes was observed, indicating that electrodes closer to the stimulation 

region tended to perform better in predicting stimulation response.  
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Distance from stimulation electrode inversely correlated with separability and sensitivity 

We additionally evaluated whether distance from the stimulation channels was correlated 

with channel separability and sensitivity. We calculated the Euclidean distance from each 

channel to a point between the stimulation channels and initially observed an inverse 

exponential relationship between distance and our metrics (1/	𝑟!	), which is similar to the 

relationship between distance and spatial charge spread. As a result, we instead used the 

square root distance to fit linear regression models with our metrics (Figure 6.4B). Both 

separability and sensitivity metrics were inversely correlated with channel distance from 

stimulation electrodes, indicating that channels closer to the stimulation site tended towards 

higher separability and sensitivity values.  

 

Stimulation amplitude positively correlated with pairwise separability 

To better understand why some stimulation pairs were more separable than others, we 

investigated the potential relationship between pairwise classification accuracy and 

stimulation parameters (Figure 6.5). In example subject S5, we identified that stimulation 

amplitude had a positive linear relationship with classification accuracy, with a slope that was 

statistically significant from 0 at the 95% confidence level. Stimulation frequency and total 

charge delivered did not have a statistically significant correlation with pairwise classification 

accuracy. These results indicate that stimulation amplitude had the most impact in producing 

separable stimulation responses. Results aggregated across all subjects can be found in 

Supplemental Figure 5.  
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Figure 6.5: Linear relationship between stimulation parameters and pairwise classification 

results in example subject S5. Pairwise classification accuracies averaged across channels 

(top) or of best performing channel (bottom) were used to model linear relationships with 

stimulation amplitude (left), frequency (center), and charge delivered (right). Stimulation 

amplitude had a positive correlation with accuracy and was the only stimulation parameter 

that had a slope parameter that was statistically significant from 0 at the 95% significance 

level. Stimulation frequency and total charge delivered did not have a statistically significant 

relationship with pairwise accuracy.  

 

Frequency response to stimulation remained stable throughout experiment 

Given the novel patterned stimulation protocol, in addition to each subject having potentially 

different stimulation parameters and sequences, we evaluated whether there were changes in 

the response to stimulation over time, due to potentially several sources including stimulation 

adaptation or compounding effects from sequenced stimulation. For the duration of the 

experiment, we observed little to no change in stimulation response, specifically that the 

frequency response had little change across stim repetitions (Figure 6.6). This result indicates 
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that the response to stimulation remained stable throughout the duration of our experiment, 

which allowed us to perform our classification tasks under the assumption that responses 

were stationary and did not dynamically change over time. 

 

 
Figure 6.6: Frequency response to stimulation remained stable throughout experiment in 

example subject S2. Top: PSD plots displaying frequency response across all trials and 

stimulation conditions, in aggregate (left) and color-coded by stimulation condition (right). 

Bottom: PSD plots separated by stimulation condition demonstrated trial stability across all 

stimulation conditions.  
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6.4 Discussion 

This chapter presented the results of characterizing human electrophysiology response to 

varying stimulation conditions. By employing an experimental paradigm involving repeating 

sequences of varying stimulation conditions, we measured responses to different stimulation 

inputs over time. We identified stimulation conditions that produced separable responses, in 

addition to identifying channels that were most effective in detecting these separable 

responses.  

 

While overall group-level classification performance was low, we identified key channels, 

primarily those adjacent to stimulation channels that were capable of distinguishing between 

most stimulation inputs. More channels were capable of distinguishing between stimulation 

and rest but could not tell apart the different stimulation conditions. These results indicated 

that there was overlap in responses between stimulation inputs, meaning that not all 

stimulation inputs produced measurable, separable responses. Pairwise classification 

produced further evidence that only some stimulation pairs were separable, where we 

identified cases of both overlapping and non-overlapping stimulation responses.  

 

Differences in stimulation amplitudes seemed to have the largest effect on separability. We 

identified a strong positive correlation between stimulation amplitude and pairwise 

classification accuracy, while stimulation frequency and total charge delivered seemed to 

have a slight negative correlation but no statistical significance. In other words, it’s more 

likely for stimulation pairs to be separable if they have a large difference in stimulation 

amplitude, and it’s unclear if a similar relationship exists for stimulation frequency and total 

charge delivered. In the case of non-separable stimulation pairs, it’s possible that the 

difference in stimulation amplitude was not sufficient to produce distinct responses. One 

could re-attempt this experiment using a larger range of stimulation parameters, while also 

balancing that low amplitude stimulation runs the risk of producing smaller, harder to detect 

responses. Another consideration is that there is likely a limit to how much a region can be 

perturbed due to anatomical and biological constraints. While performing a comprehensive 

parameter search was not in the scope of this project, future work involves investigating the 

minimum required parameter alteration needed to produce a separable response. These 
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alterations could include stimulation amplitude, frequency, and potentially other stimulation 

parameters, or total charge delivered.  

 

The variance of stimulation response contributed to response overlap, which increased the 

difficulty of our separability task. Having variance in response is expected, due to the ongoing 

activity that is separate from the stimulation experiment. Averaging the stimulation responses 

over a number of repetitions, we assumed that this underlying activity would not selectively 

confound stimulation responses and considered it as noise. We did not provide specific 

instructions for our subjects, and subject behaviors ranged from watching TV, reading on 

their phone, or chatting with someone in the room. These naturalistic behaviors can be useful 

for our experiment, where we can evaluate the stability of stimulation response on top of 

ongoing, undirected behaviors, but the drawback is that these behaviors may have introduced 

additional variance to our stimulation responses. It’s possible that asking subjects to engage 

in a specific task throughout the experiment would reduce the response variance; however, 

it’s unclear how the task may affect stimulation response. Current research efforts exist that 

aim to understand these dynamic interactions between electrical stimulation interventions 

and ongoing neural behavior35,36. 

 

Finally, due to the nature of working with our human patient population, our total research 

time was limited such that our experiment length and number of repetitions may not have 

been sufficient to reduce the level of variance and effectively capture stimulation response. 

 

Channels that were able to detect separable stimulation responses tended to be in close 

proximity to stimulation channels, in most cases, being directly adjacent to the channels. We 

additionally observed that there was an exponentially decreasing relationship between 

channel distance from the stimulation electrodes and channel separability and sensitivity 

performance. These results are consistent with known properties of spatial charge spread 

following an exponential decrease in power. However, this relationship does not include 

potential underlying functional connectivity relationships, where functionally connected but 

distal channels from stimulation electrodes could have been activated. Future work could 

involve either examining known connectivity relationships related to stimulation regions or 

looking at potential outliers in the linear fit relationship to start to investigate the 

contributions of existing connectivity to stimulation response.  
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For the duration of our experiment, stimulation responses were variable but remained stable, 

where there was no observation of drift or compounding effects from continued stimulation. 

Since the duration of our experiment did not exceed 10 minutes, it’s likely that there were no 

significant state changes occurring in the subject that could contribute to response stability. 

It’s been documented in prior research that response to single pulse stimulation in addition to 

effectiveness of stimulation intervention varies based on brain state18,26,42,99. Additional work 

is required to document how these stimulation responses differ based on brain state or other 

contextual differences, such as order of stimulation presentation or potentially shortening the 

stimulation windows.  

 

Identifying and measuring stimulation separability is an important step towards building 

adaptive stimulation tools. Achieving separability means that there exist stimulation patterns 

that can modulate neural activity in potentially different directions, which allows for greater 

control of modulating specific activity. While we made initial steps of identifying relationships 

between stimulation parameters and separability, additional work is needed to identify a 

relationship between stimulation parameters and response to better understand how changing 

stimulation parameters changes outcomes. Upon building this forward model, one strategy is 

to reverse the model to determine what stimulation parameters are needed to produce a 

defined outcome. This modeling strategy has been demonstrated in non-human primates36, 

and this chapter lays groundwork for enabling this work in human populations.   
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6.5 Supplemental Figures  

 

Supplemental Figure 6.1: Electrode montages for all subjects. All subjects possessed more 

electrodes than could be recorded by our TDT device, so only a subset of electrodes 

annotated in blue were included in data recordings, and channels left out are annotated in 

gray. Red electrodes indicate stimulation electrodes for each subject.  
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Supplemental Figure 6.2: Best performing channels for each subject in group-level 

classification task. Best performing channels are highlighted, and its corresponding 
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stimulation response in PC space is displayed, reporting test accuracy and color-coded by 

stimulation condition. Note that stimulation conditions may vary between subjects.  

 

 

Supplemental Figure 6.3: Stimulation pairs ranked by average separability across channels for 

each subject.  
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Supplemental Figure 6.4: High correlation between group-level separability and pairwise 

sensitivity across subjects, with Pearson correlation coefficient values ranging from 0.8064 to 

0.9363 with the exception of subject S11 with a correlation coefficient of 0.5992. Reported p-

values test whether the slope is statistically significant from zero, which is the case for all 

subjects.  
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Supplemental Figure 6.5: Linear relationship between pairwise classification accuracies and 

stimulation parameters aggregated across all subjects.  
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Supplemental Figure 6.6: Pre-experimental rest, inter-stim rest, and post-experimental rest 

are comparable in frequency behavior in example Subject S7. A non-parametric Mann Whitney 

U test was performed between rest conditions, and no significant p-values were reported, 

indicating that these distributions were not statistically significant from each other.  
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7. Where to stimulate: Mapping regions responsive 

to neurostimulation 

This chapter is based on the following paper in preparation. 

 

[in preparation] Samantha H Sun, Lila H Levinson, Kurt Weaver, Andrew Ko, Ben Grannan, 

Jason Hauptman, Jeff Tsai, Jeffrey A Herron, Rajesh PN Rao, Jeffrey G Ojemann; 

Responsiveness to high-frequency electrical stimulation can be predicted using single-pulse 

stimulation response. 

7.1 Introduction 

Stimulation therapies rely on selection of optimal stimulation electrodes that produce 

desirable downstream effects, often improvements in symptom state. Recent work has 

focused on identifying biomarkers associated with symptom state9,93,104, which can provide 

feedback on therapy effectiveness and also be incorporated into closed loop systems to adjust 

stimulation depending on biomarker state9. However, fewer advancements have been made in 

identifying which target stimulation regions are most effective in improving symptom state.  

 

Identification of stimulation sites for deep brain stimulation has typically relied on a 

combination of known anatomy and circuitry, lesion studies46, functional neuroimaging, 

tractography47,48, and opportunistic discoveries in related pathologies49,50. Despite best efforts 

in identifying candidate stimulation sites, there remains patient heterogeneity in response to 

stimulation therapies, particularly in mood disorders96,105,106. Patient-specific adjustment of 

stimulation site and stimulation parameters may be needed to provide sufficient therapy 

across patients.  

 

In addition, while DBS for tremor suppression tends to provide immediate feedback in terms 

of stimulation efficacy, DBS for mood disorders may not provide that same feedback and may 

require the use of neural biomarkers or other indicators to determine stimulation efficacy. 

With current DBS applications and as new potential applications emerge, methods to identify 

candidate electrodes for stimulation are needed.  
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In the previous chapter, we demonstrated a method to identify intracranial electrodes that 

are sensitive to changes in stimulation input at a particular site. In most cases, only a select 

few electrodes per subject were sensitive to changes in stimulation. Being able to quickly 

identify these stimulation-responsive channels will help expedite the decision on whether the 

stimulation site is effective at modulating symptom-related biomarkers.  

 

In this chapter, we provide evidence that single-pulse stimulation response can predict 

electrode responsiveness to continuous neurostimulation. We also demonstrate an 

experimental design to create maps of stimulation response, which can subsequently be used 

to select stimulation sites based on target regions of interest.  

7.2 Methods 

Subjects 

Subjects and subject demographics were detailed in Chapter 6. Subject S11 was removed due 

to not having a sufficient number of stimulation trials required to reliably measure an evoked 

response107.  

 

Data Acquisition 

Data acquisition was performed as outlined in Chapter 2: General methods.  

 

Stimulation protocol 

Stimulation waveform design and electrode selection were performed as outlined in Chapter 

2: General methods. Stimulation experiments were detailed in Chapter 6.  

 

Single pulse stimulation  

We performed repeated, single-pulse stimulation (amplitude=6 mA, frequency=0.5-1 Hz, 

variable jitter) at the selected stimulation site to obtain a measurement of evoked effective 

connectivity26. Individual subject stimulation channels and stimulation details are listed in 

Table 7.1. Jitter was used in some experiments to prevent potential entrainment effects.  
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Table 7.1: Subject-specific stimulation details for evoked potential experiment. 

 
 

Data processing 

Preprocessing methods were performed as outlined in Chapter 2.  

 

Evoked potential amplitude  

Evoked potentials (EPs) were averaged across repetitions, and a peak-to-peak amplitude 

measurement was made using the most positive and most negative point between a window 

defined as 10 - 80 ms after stimulation (Figure 7.1). Responses were visually inspected to 

ensure the window effectively captured the early components of the evoked response. After 

amplitudes were calculated across all channels, the values were min-max normalized such 

that they were between 0 and 1. Normalized amplitudes were log transformed as doing so 

helped the dataset have a more normal distribution.  
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Figure 7.1: Evoked potential amplitudes averaged across repetitions in example subject S5. 

Stimulation electrodes are shown in red, and a demonstration of calculating the average 

evoked potential response in a nearby channel is shown on the top right. This process was 

repeated across all channels, which allowed identification of sites that demonstrated 

effective connectivity with the stimulation site.  

 

Separability measurements 

Separability measurements were calculated with the same methods in Chapter 6.  

 

Distance measurements  

For each channel, its Euclidean distance to the point between the stimulation channels was 

calculated. Due to known properties of charge spread in electrical stimulation, where power 
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is inversely related to the squared distance12, we additionally calculated the square root of 

the Euclidean distance.  

 

Coherence measurements  

To establish a benchmark for using EP amplitude as a predictor of channel sensitivity, we 

included a resting state connectivity metric to our analysis. This metric allowed us to examine 

potential differences between resting state connectivity and effective connectivity and 

motivate the use of EP amplitude over non-stimulation predictors.  

 

Resting-state data were collected prior to stimulation experiments. Coherence at canonical 

frequency bands (delta [0.1-3 Hz], theta [4-7 Hz], alpha [8-12 Hz], beta [13-30 Hz], low 

gamma [30-55 Hz], high gamma [65-100 Hz]) was calculated for between individual recording 

channels and the stimulation channel pair using Welch’s method.  

 

Linear modeling and prediction 

Each predictor, EP amplitude, distance, and coherence, was fit to a linear model using 

separability as the dependent variable. To assess the model fit, we calculated Pearson 

correlation coefficient (r) and a p-value to test if the model slope was significantly different 

than zero, indicating no correlation. Combinations of predictors were also fit for comparison. 

In addition, a null model using EP amplitude as a predictor but where training labels were 

scrambled was used as a benchmark. 

 

To compare the prediction performance of these models, we compared mean squared error 

across our models. We performed an 80/20 train/test split on the dataset, where the linear 

model was fit on the training dataset only and evaluation was performed on the test data 

only. This process was repeated 100 times, where the training and test set were randomly 

reassigned, and the outcome was a distribution of MSE values for each model. A student’s t-

test was performed to evaluate significance in MSE distributions across models.  
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7.3 Results 

EP amplitude and distance from stimulation are strongly correlated to separability 

We observed strong linear relationships between EP amplitude, distance from stimulation 

channels, and channel separability (Figure 7.2). EP amplitude had a strong positive 

correlation with separability, and electrode distance had a strong negative correlation with 

separability. EP amplitude and electrode distance had a strong negative relationship, where 

electrodes farther from the stimulation pair tended to have smaller EP amplitudes. This 

observation is in alignment with prior work18, but it does ignore any potential long-distance 

synaptic connections between the stimulation site and other regions.  

 

 

Figure 7.2: Linear relationships between EP amplitude, distance from stimulation channels, 

and channel separability in example subject S2.  

 

EP amplitude predicts stimulation separability in individual electrodes 

While both distance and EP amplitude had strong correlations with separability, in 5 of 8 

subjects, EP amplitude outperformed our distance metric in predicting channel separability 

(Figure 7.3). This important finding indicates that distance alone is not sufficient in modeling 

a channel’s responsiveness to stimulation, and it’s likely that EP amplitude contains 

additional information about the effective, stimulation-relevant connectivity that gives it its 

improved model performance.  
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Figure 7.3: Comparison of linear model predictors of stimulation separability across subjects. 

In five of eight subjects, the EP amplitude model yielded significantly lower errors compared 

to using distance as a predictor alone. Models all performed better than a null model, except 

in subject S9.  

 

Combining EP amplitude and distance features yielded similar MSE values to EP amplitude 

alone in all subjects except in subject S6, where the combined metrics produced significantly 

lowered MSE values (p-value < 0.05). With this observation, we would recommend continued 

use of this combined model approach.   

 

EP amplitude outperforms resting state coherence  

Coherence measurements perform better than chance in all frequency bands except in the 

high-gamma band but are outperformed by EP amplitude in predicting separability (Figure 

7.4). This result motivates that resting state connectivity alone is also not sufficient in 

predicting stimulation separability. EP amplitude additionally outperformed combined linear 

models with coherence and distance metrics, further providing evidence that the most 

effective predictor of channel separability relies on effective connectivity information.  
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Figure 7.4: Coherence predictors example in subject S2. Coherence in most frequency bands 

produced an MSE significantly lower than chance, although none had an MSE lower than the 

EP amplitude model. An example of a combined model, using beta coherence and our 

distance metric, is still outperformed by EP amplitude.  

 

Mapping stimulation responsive electrodes: an experimental design  

As we demonstrated that EP amplitudes were the best predictor of electrodes that were 

sensitive to changes in stimulation at a given stimulation site, we designed an experimental 

protocol to build stimulation responsive electrode maps across many stimulation sites. These 

resulting stimulation maps seek to answer and provide visualizations for the following two 

questions:  

 

1. Divergent map: Given a stimulation site, what electrodes are predicted to be sensitive 

to changes in stimulation? 

2. Convergent map: Given a target region, what stimulation sites are candidates for 

modulating this region’s behavior? 

 

The first question was already addressed in the prior results, where EP amplitude 

measurements could be used to identify stimulation responsive electrodes. The second 
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question may be more relevant for applications in neuromodulation, where a target 

biomarker has already been identified, and an ideal stimulation site has yet to be selected. 

 

The suggested protocol is as follows: 

 

Single-pulse stimulation experiment: perform single-pulse stimulation at multiple stimulation 

sites at clinically safe stimulation amplitudes, at minimum 10 pulses107-per stimulation site.  

 

Calculating EP amplitudes: For each stimulation site, measure the peak-to-peak evoked 

potential response and calculate the average amplitude response across all electrodes.  

 

Threshold for large EP responses: Normalize EP amplitude responses, convert to a logarithmic 

scale, and set an appropriate threshold cutoff for identifying significant EP amplitudes (we 

used a cutoff of 2 standard deviations larger than the mean).  

 

Normalization recommendations: We express caution that proper normalization is critical in 

order to obtain correct results. For the divergent map, we recommend performing EP 

amplitude normalization across recording channels to identify channels that produced the set 

of largest EP responses. In contrast, for the convergent map, we recommend first grouping EP 

amplitude responses by stimulation site before performing normalization. This initial grouping 

ensures that EP amplitudes are properly ranked.  

 

Upon curating this dataset, we created visualizations that indicated responsive electrodes 

given a stimulation site, and candidate stimulation sites given a target region of interest 

(Figure 7.5).  
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Figure 7.5: Convergent (top) and divergent (bottom) map examples in subject S2, where 

stimulation sites are in red and responsive sites are in green. All responsive electrodes (top 

left) were sites that produced large EP amplitude responses to any of the stimulation sites 

(bottom left). Example target regions and their respective stimulation candidate sites are 

displayed (top middle, right), and example stimulation sites and their respective responsive 

electrodes are displayed (bottom middle, right). (MTG = middle temporal gyrus, INS = insular 

cortex, CingG = cingulate gyrus) 
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7.4 Discussion 

In this chapter, we demonstrated that evoked potential amplitude was the best predictor of 

an electrode's sensitivity to changing stimulation parameters, where a linear model using only 

the evoked potential amplitude as a feature outperformed models utilizing resting state 

connectivity and electrode distance metrics. We additionally identified that linear models 

using a combination of evoked potential amplitude and distance as features would provide the 

best performance across all subjects. Leveraging these results, we proposed an experimental 

paradigm to build stimulation response maps across many stimulation sites and demonstrated 

example visualizations of how these stimulation maps could be used in the context of 

identifying stimulation candidates for targeted neuromodulation.  

 

In contrast to resting state connectivity, effective connectivity is a connectivity measure 

specifically in the context of stimulation, and it has been used to predict outcomes in 

stimulation entrainment experiments27. While single-pulse stimulation mapping is already a 

known method for studying effective connectivity across brain regions27,108,109, this work 

confirms and extends prior findings, where effective connectivity can additionally predict 

region sensitivity to different stimulation inputs. This contribution provides evidence that 

effective connectivity mapping can be used to inform stimulation sites effective for 

neuromodulation. 

 

Our intended use case for the stimulation mapping experiment is to inform stimulation site 

selection for neuromodulation therapies, including in deep brain stimulation. Due to the 

heterogeneity of patient response to neuromodulation therapies, especially in treatment-

resistant mood disorders96,105,106, patient-specific stimulation protocols and regions are likely 

needed. Adaptive stimulation therapies, where stimulation is adjusted based on ongoing 

neurofeedback, has demonstrated initial success as a patient-specific stimulation protocol110. 

This chapter contributes to the process of selecting patient-specific stimulation electrodes, 

specifically ones that can produce variable responses in target regions of interest. Selected 

candidate electrodes will need to be tested to determine if stimulation produced therapeutic 

outcomes, which could be measured using direct behavioral reports or by monitoring 

symptom-related biomarkers.  
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This proposed stimulation protocol will provide the most informative maps in cases where the 

patient has multiple electrode implants, such as in intractable epilepsy patients undergoing 

monitoring with temporary electrode implants of upwards of 200 total electrode contacts. 

Receiving temporary implants for monitoring or screening purposes has been growing in usage 

for clinical trials for treatment-resistant depression9,111, in addition to DBS implant surgeries, 

where a temporary strip of surface electrodes is placed on the cortex for research 

purposes112,113. As these practices become more common, we can envision a standard where 

stimulation mapping across multiple stimulation sites is performed, in addition to common 

practices of recording baseline resting state and single-site EP recordings114. 
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7.5 Supplemental Figures 

 

Supplemental Figure 7.1: Log transformation linearized distribution of EP amplitudes. Many 

channels had small EPs, and few channels had large EPs that were magnitudes greater than 

the small EPs. A log transformation helped linearize the distribution of EPs for improved 

regression analysis. 

 

 
Supplemental Figure 7.2: Log EP amplitude increased linearly with square-root of electrode 

distance.  
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8. Conclusion 

In this thesis, we contributed to three components of closed-loop neuromodulation therapies: 

brain-state estimation, characterizing patterned stimulation response, and mapping regions 

sensitive to stimulation patterns.  

 

In Chapters 4 and 5, using neural spectral features collected from human epilepsy patients, 

we built two independent brain state estimation models for sleep/wake classification and 

pain state classification. In Chapter 4, we trained an unsupervised machine learning model 

that had specific synergy with sleep/wake classification and demonstrated that it 

outperformed other unsupervised methods. We also identified subject-specific biomarkers of 

pain in Chapter 5 and used them to make predictions of high vs low pain state and pain on a 

0-10 scale. In the context of adaptive therapies, these models can be used for real-time brain 

state estimation to help determine whether stimulation therapy is needed. The pain state 

model can indicate when a patient’s pain levels exceed a threshold, which would inform 

closed-loop neuromodulation systems to start administering stimulation therapy. While the 

sleep/wake model does not predict a specific disorder or disease state, it may still provide 

critical information in adaptive therapies, where therapy may or may not be needed during 

sleep depending on the disorder.  

 

In Chapter 6, we additionally developed a framework for characterizing stimulation response 

with patterned stimulation, identifying regions that are sensitive to changes in stimulation 

and which stimulation patterns are more easily separable. This work contributes to our 

understanding of neuromodulation using electrical stimulation, where we identified that 

stimulation amplitude seemed to be the only stimulation parameter that could impact 

response. We also identified that there tended to be few sites that were sensitive to 

stimulation across subjects, which means for any given stimulation site, there may only be a 

few targets capable of being modulated. Towards building adaptive closed-loop 

neuromodulation therapies, this work confirms that patterned stimulation can produce 

distinct outcomes, and additional work is needed in building an explicit model between 

stimulation parameters and response, which may include increasing the number of 

parameters to be explored.  
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Finally, in Chapter 7 we showed that single-pulse stimulation can be used as an efficient way 

to identify electrodes that are sensitive to patterned stimulation and demonstrated a proof-

of-concept experiment design which can generate a stimulation response map. These maps 

can then allow researchers to quickly identify candidate stimulation electrodes to modulate 

the activity of target regions. Stimulation response mapping has already been well established 

as a method for measuring connectivity between regions27, and our work takes it one step 

farther by creating a lookup database that produces stimulation electrode suggestions for all 

potential neuromodulation targets. In addition, while previous work identified that single-

pulse stimulation response can be used to predict stimulation intervention outcomes, our 

work adds to the utility of single-pulse stimulation, where it can also be used to identify 

regions sensitive to changes in stimulation.  

8.1 Towards adaptive closed loop stimulation  

From stimulation parameters to stimulation response 

One open area of research involves building an explicit model between stimulation input and 

stimulation response. There are many factors that increase the complexity or difficulty of this 

problem, including the brain being a non-stationary system and the stimulation parameter 

space being vast and multidimensional. Recent efforts in building this relationship typically 

will constrain stimulation parameters to one to two dimensions34,36, and future work is needed 

to more efficiently explore this parameter space. State-space modeling of intrinsic brain 

activity has been shown to be successful at predicting mood states in humans104 and 

predicting stimulation outcomes in non-human primates36, and we believe that these models 

can be effective in human stimulation models as well, given sufficient data. Other promising 

methods include using reinforcement learning or control theory models to determine which 

stimulation inputs can drive neural activity towards a desired state, allowing the development 

of “neural co-processors”115–117. As opportunities for human intracranial research are limited, 

models that are capable of learning with potentially limited datasets or in short time-frames 

may be preferred.  
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8.2 Challenges and limitations  

Work performed in an epilepsy patient population 

All our findings involved research performed in epilepsy patients, and while we avoided 

stimulating and recording at seizure onset regions, we assumed that activity outside of 

seizure events were comparable to that of a healthy brain. Further work is needed to confirm 

the generalizability of these findings to healthy brains and in patients with other neurological 

conditions intended for aDBS therapies. As electrode locations were determined by clinical 

needs, we did not have consistent electrode coverage across patients which made group-level 

comparisons challenging.  

 

Translating biomarkers to behavioral outcomes 

Our efforts in identifying biomarkers that could information stimulation therapies contribute 

to many other ongoing efforts in biomarker detection. While biomarkers may be indicators for 

symptom state, therapies that seek to change biomarker activity may not necessarily result in 

changes in behavioral outcome. Another possibility is that stimulation could potentially 

change behavioral outcomes in undesirable ways7. One strategy is to study the link between 

biomarker activity and disease circuitry, and we hypothesize that biomarker activity that is 

directly involved in disease circuitry will have better stimulation outcomes compared to 

activity that is produced as a downstream effect. Ultimately, comprehensive testing is 

needed to determine whether a biomarker is an effective indicator for stimulation-induced 

behavioral outcomes. This testing process could be simple in cases where behavior closely 

follows stimulation, such as in tremor, but may be more challenging in cases where 

stimulation therapy requires longer durations of time before observing meaningful behavioral 

outcomes.  

 

Stimulation artifact contamination 

Removal of stimulation artifact is high priority in stimulation work, as remaining artifact 

could produce false results, especially in the case of separability of stimulation response. 

While great efforts were taken to remove stimulation artifact, large artifact presence 

remained in the frequency space and constrained the range of frequency bands we could use. 

Frequency bins surrounding stimulation frequencies were removed, and in the case where 10 

Hz stimulation was used, a large proportion of frequency bins were removed from analysis, 
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such that key features may have been obscured by stimulation artifact. While strategies exist 

to avoid analyzing active stimulation periods, such as introducing a rest period between 

stimulation presentations, uncovering ongoing dynamics during stimulation could introduce 

great strides in our basic understanding of the mechanisms of stimulation to better wield 

stimulation as a tool for neuromodulation.  

8.3 Neuroethics 

While there are many benefits arising from moving towards an adaptive, closed-loop, 

personalized medicine therapy space, there are similarly an increasing number of ethical 

considerations that must be carefully handled as we move forward in this space.  

 

Adaptive therapies could offer automatic therapy without patient needing to turn the device 

on or off, which provides a greater level of convenience for the patient. However, this could 

also affect the patient’s sense of agency and introduce a feeling of having lack of control118–

120. Furthermore, when interviewing DBS patients being treated for either major depressive 

disorder or obsessive-compulsive disorder, some expressed concern about how their device 

may alter their sense of self, either by producing artificial emotions or being unable to tell 

whether the device was responsible for their current emotions121,122. Continued efforts must 

be made in collaboration with patients receiving adaptive therapies to help define what a 

clinically successful treatment may be and how agency fits within that definition.  

 

Deciding between open-loop, patient-controlled, or closed-loop stimulation strategies can 

impact both clinical outcome and patient experience. When asked about having the ability to 

control their own DBS treatment, most patients preferred to have minimal control of their 

device121, with the primary concern being misuse or potential addiction to the treatment. 

Additionally, adaptive therapies are not guaranteed to work perfectly, and potential ethical 

implications could arise when patients are either undertreated or overtreated from adaptive 

therapies. For instance, DBS patients report that family members were quick to assign blame 

to the device in the event of interpersonal disagreements, when it was unknown whether the 

device was undertreating or if it was an authentic interaction121. This assignment of 

responsibility and blame could also convolute legal cases, where it becomes unclear whether 

a patient’s actions can be entirely assigned as their own.  
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With an increasing application space, we also should consider the risk of introducing bias in 

developing neurotechnologies, where devices and/or adaptive algorithms may be more 

effective in certain populations over others. One example of how bias is present in this space 

is when considering the socioeconomic cost of receiving DBS— specifically how it impacts the 

demographics of individuals participating in research and whether this population can be 

representative of people from all socioeconomic backgrounds. There is a complex intersection 

between socioeconomic status, demographics, and underserved populations, and the 

interplay of these factors may influence the quality of care as these technologies become 

accessible to these populations. This area of research is understudied and provides nuance to 

our findings and findings of many research areas pertaining to DBS and intracranial studies.  
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