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Motor Learning and Preparatory Neural Dynamics in

Parkinson's Disease

Kara Nicole Presbrey

Abstract

Parkinson’s Disease (PD) is among the most common movement disorders. In addition

to its hallmark motor symptoms of shaking, rigidity, slowness and imbalance, PD can

involve a progressive decline in the ability to learn and execute precise hand and finger

movements. Impairment of these fine motor skills can substantially reduce autonomy

and quality of life and may relate to impaired optimization of motor preparation and

initiation. However, neither pre-movement neural activity nor its optimization is well

understood, particularly for fine motor sequences, which involve multiple movements

strung into a single cohesive action. This thesis aims to describe a functional model of

learning-related pre-movement neural activity in the motor control network for fine motor

sequences in PD. Chapter 1 provides a background of motor control and learning in the

healthy state and Parkinson’s Disease. Chapter 2 presents research into the individual

and collective involvement of cortical and basal ganglia regions in fine motor sequence

planning and initiation in PD, highlighting how the characteristics of this involvement

vary with skill development. Local pre-movement activity in the cortex and basal ganglia

was specific to each motor sequence, was increasingly specific with learning and was

linked to a framework of coordinated network activity. Learning deficits were associated

with a functional disconnect between cortex and basal ganglia and a lack of
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learning-related enhancement of pre-movement local and network activity. These

results suggest that both cortical and basal ganglia areas plan multiple sequence

elements before movement and that cortico-basal ganglia communication is critical to

learning-driven optimization of motor preparation. Chapter 3 concludes by discussing

future research directions to achieve therapeutic restoration of fine motor learning and

control in PD.

viii



Table of Contents

Chapter 1: An Introduction to the Neurophysiology of Fine Motor Control..............1

Figures...................................................................................................................... 16

Chapter 2: Low-Frequency Cortico-Basal Ganglia Network Synchrony

Organizes Motor Learning-Driven Patterns of Preparatory High-Frequency

Activity in Parkinson’s Disease...................................................................................17

Abstract..................................................................................................................... 18

Introduction................................................................................................................19

Methods.....................................................................................................................21

Results...................................................................................................................... 34

Discussion................................................................................................................. 43

Figures...................................................................................................................... 55

Tables........................................................................................................................ 79

Chapter 3: Recommendations for Future Work and the Restoration of Fine

Motor Control.............................................................................................................. 112

References...................................................................................................................119

ix



List of Figures

Chapter 1

Figure 1.1. A simple model of the motor control circuit............................................. 16

Figure 1.2. The classical circuit model of Parkinson’s Disease.................................17

Chapter 2

Figure 2.1. Predicted learning-related cortico-basal ganglia activity during motor

sequence initiation.....................................................................................................55

Figure 2.2. Cortical and subcortical lead reconstructions..........................................56

Figure 2.3. Experimental design and behavioral data collection............................... 57

Figure 2.4. Behaviorally distinguishing improvers and nonimprovers....................... 58

Figure 2.5. Block average performance data............................................................ 59

Figure 2.6. Single-trial performance data.................................................................. 60

Figure 2.7. Pre-movement sequence-specific γ activity, present in all brain

regions, demonstrates practice-driven increases and decreases in

discriminability in improvers and nonimprovers, respectively....................................61

Figure 2.8. Features selected prior to lasso regularization....................................... 62

Figure 2.9. On Days 1  –3, overall sequence performance was comparable

between S1 and S2................................................................................................... 63

Figure 2.10. Correlations between features after grouping by canonical

frequency band and signal property.......................................................................... 64

Figure 2.11. Absolute decoding accuracy decreases for features grouped by

x



canonical frequency band and signal property.......................................................... 65

Figure 2.12. Correlations between features after grouping into 1) δ through β

and 2) low γ through high γ....................................................................................... 66

Figure 2.13. Single-trial δ time domain data..............................................................67

Figure 2.14. Day 3 single-trial δ phase......................................................................68

Figure 2.15. Improvement is associated with cortically-led network δ phase

synchrony, to which sequence learning and task exposure add distinct effects,

while lack of improvement is associated with highly synchronous BG δ...................69

Figure 2.16. Intraregional δ-γ coupling......................................................................71

Figure 2.17. High γ amplitude distributions............................................................... 72

Figure 2.18. Sequence learning is associated with specific corticocortical,

cortico-basal ganglia and inter-basal ganglia δ-γ couplings......................................73

Figure 2.19. β amplitude distributions....................................................................... 74

Figure 2.20. Intraregional δ-β coupling......................................................................75

Figure 2.21. Striatocortical δ-β coupling increases with sequence learning, while

task exposure brings a range of δ-β couplings in improvers mostly absent in

nonimprovers.............................................................................................................76

Figure 2.22. Observed learning-related cortico-basal ganglia activity during

motor sequence initiation.......................................................................................... 77

Figure 2.23. Coordinated δ activity supports a hierarchical functional network

that reflects the specialized roles of cortico-basal ganglia regions in motor

learning......................................................................................................................78

xi



List of Tables

Chapter 2

Table 2.1. Subject demographic and clinical information.......................................... 79

Table 2.2. Sequences................................................................................................80

Table 2.3. Supplementary data collection..................................................................81

Table 2.4. Behavioral comparison within sequences across days

(Day 1 vs. Day 3): p-values....................................................................................... 82

Table 2.5. Behavioral comparison of pooled sequences across days

(Day 3 vs. Day 4): p-values....................................................................................... 83

Table 2.6. Within-day across-sequence comparison of performance index:

p-values.....................................................................................................................84

Table 2.7. Baseline testing of model performance in single-trial classification:

p-values.....................................................................................................................85

Table 2.8. Across-day testing of model performance in single-trial classification:

p-values.....................................................................................................................86

Table 2.9. Across-day testing of feature importance (high frequencies): p-values....87

Table 2.10. Across-day testing of feature importance (low frequencies): p-values... 88

Table 2.11. Baseline testing of local cue-related δ phase locking value: p-values.... 89

Table 2.12. Across-day testing of local cue-related δ phase locking value:

p-values.....................................................................................................................90

Table 2.13. Baseline testing of δ PPC: p-values....................................................... 91

xii



Table 2.14. Across-day testing of δ PPC: p-values................................................... 92

Table 2.15. Baseline testing of δ PSI: p-values......................................................... 93

Table 2.16. Across-day testing of session-wide null PPC: p-values..........................94

Table 2.17. Baseline testing of intraregional δ-γh
δ PPC:

sequence learning-related p-values.......................................................................... 95

Table 2.18. Across-day testing of intraregional δ-γh
δ PPC:

sequence learning-related p-values.......................................................................... 96

Table 2.19. Baseline testing of intraregional δ-γh
δ PSI:

sequence learning-related p-values.......................................................................... 97

Table 2.20. Baseline testing of movement-related γ amplitude synchronization:

p-values.....................................................................................................................98

Table 2.21. Baseline testing of interregional δ-γh
δ PPC:

sequence learning-related p-values.......................................................................... 99

Table 2.22. Across-day testing of interregional δ-γh
δ PPC:

sequence learning-related p-values........................................................................ 100

Table 2.23. Baseline testing of interregional δ-γh
δ PSI:

sequence learning-related p-values........................................................................ 101

Table 2.24. Baseline testing of movement-related β amplitude

desynchronization: p-values....................................................................................102

Table 2.25. Baseline testing of intraregional δ-βδ PPC:

sequence learning-related p-values........................................................................ 103

xiii



Table 2.26. Across-day testing of intraregional δ-βδ PPC:

sequence learning-related p-values........................................................................ 104

Table 2.27. Baseline testing of intraregional δ-βδ PSI:

sequence learning-related p-values........................................................................ 105

Table 2.28. Baseline testing of interregional δ-βδ PPC:

sequence learning-related p-values........................................................................ 106

Table 2.29. Across-day testing of interregional δ-βδ PPC:

sequence learning-related p-values........................................................................ 107

Table 2.30. Baseline testing of interregional δ-βδ PSI:

sequence learning-related p-values........................................................................ 108

Table 2.31. Baseline testing of interregional δ-βδ PPC:

task exposure-related p-values............................................................................... 109

Table 2.32. Across-day testing of interregional δ-βδ PPC:

task exposure-related p-values................................................................................110

Table 2.33. Baseline testing of interregional δ-βδ PSI:

task exposure-related p-values................................................................................111

xiv



List of Abbreviations

Basal Ganglia BG

Cross-Frequency Coupling CFC

Deep Brain Stimulation DBS

Dorsal Subthalamic Nucleus dSTN

Electrocorticography ECoG

Globus Pallidus GP

Globus Pallidus Externus GPe

Globus Pallidus Internus GPi

Local Field Potential LFP

Montreal Cognitive Assessment MoCA

Movement Disorders Society Unified

Parkinson's Disease Rating Scale

MDS-UPDRS

Pairwise Phase Consistency PPC

Parietal Cortex Par

Parkinson’s Disease PD

xv



Phase Locking Value PLV

Phase Slope Index PSI

Premotor Cortex PM

Primary Motor Cortex M1

Putamen Put

Reaction Time RT

Sequence 1 or Primary Somatosensory

Cortex

S1

Sequence 2 S2

Sequence 3 S3

Sequence 4 S4

Striatum Str

Subthalamic Nucleus STN

Superior Parietal Lobule SPL

Ventral Subthalamic Nucleus vSTN

xvi



List of Symbols

Alpha α

Beta β

Delta δ

Gamma λ

Theta θ

xvii



Chapter 1: An Introduction to the Neurophysiology of Fine

Motor Control

Parkinson's Disease (PD) is among the most prevalent neurodegenerative disorders

and exhibits one of the most rapidly increasing prevalence rates of all neurological

conditions. PD currently affects an estimated 8.5 million individuals globally—a figure

projected to reach 17 million by 20401,2. PD impairs motor function, leading to a gradual

decline in mobility. Hallmark symptoms include tremor (rhythmic shaking of a part of the

body), rigidity (high muscle tone resulting in stiffness), bradykinesia (movement

slowness) and postural instability3. These symptoms predominantly affect the upper and

lower limbs and can impact the initiation of movements and the adaptation of ongoing

movements to situational demands4. In addition to these core motor symptoms, PD may

disrupt the learning of new motor skills and the memory of previously learned motor

skills, ultimately compounding the effect of PD on motor control5–7.

The impact of these symptoms on fine motor skills, which involve precise hand and

finger movements, can be particularly debilitating. High quality of life relies on

autonomy, which critically involves tasks employing complex hand movements that are

highly refined through practice, such as feeding oneself and getting dressed8,9. Loss of

autonomy can lead to social isolation and feelings of helplessness, which can, in turn,

contribute to the development of depression and anxiety that can worsen other PD

symptoms10,11. This underscores the importance of understanding fine motor control

dysfunction to improving the lived experience of individuals with PD.
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To frame dysfunction, one must define function. Thus, this chapter begins with an

overview of motor control and learning in the healthy state before turning to Parkinson’s

Disease. Particular focus is granted to neural activity preceding movement initiation,

one of the core motor functions impaired with disease progression.

Motor control in the healthy state

Motor control is the complex process by which the nervous system plans and executes

movements. It encompasses a multifaceted interplay of neural, muscular and skeletal

systems, working in concert to generate coordinated, purposeful and adaptable

movements. Motor planning begins with the conception of the movement based on

goals, environmental variables and available resources and results in the eventual

creation of a motor plan. The motor plan specifies the sequence, timing and force of the

planned muscle activations and is triggered to initiate movement. Motor neurons then

coordinate the necessary sequence of muscle contractions and relaxations to execute

the planned movement. During ongoing movement and possibly changing

environmental conditions, sensory information is integrated to adjust the movement

parameters as needed to ensure accurate and efficient motor performance. With

practice, motor learning refines motor control by improving the ability to plan and

execute movements, resulting in motor skills that are faster, more accurate and less

variable12.

2
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These motor functions are orchestrated by a complex network of brain regions, most

notably the prefrontal cortex, parietal cortex, motor cortex, cerebellum, thalamus and

basal ganglia, the lattermost of which is a group of interconnected subcortical nuclei

(Figure 1.1). The following general roles are typically ascribed to these regions in the

control of individual movements12. The prefrontal cortex develops a high-level,

goal-oriented strategy and influences the secondary motor cortex, which begins

developing a motor plan. In parallel, the prefrontal cortex also influences the parietal

cortex, which integrates relevant sensory information (e.g., visual and proprioceptive

information) in the context of this goal. Parietal cortex communicates with secondary

motor cortex to better inform the motor plan under development, ensuring that the motor

plan aligns with real-time sensory context. As the motor plan develops, it is processed

through the cortico-basal ganglia-thalamic loop. The basal ganglia help to select and

initiate appropriate movements while inhibiting competing or unwanted movements,

ultimately constraining and refining the motor plan. Once the motor plan is finalized, the

primary motor cortex generates the motor commands, sending signals down the spinal

cord to activate spinal neurons that directly control muscle contractions to produce

movement. During movement execution, the cerebellum monitors sensory feedback and

helps to correct errors in movement trajectory, while ongoing inputs from the parietal

cortex and basal ganglia further ensure accuracy, timing, and adaptability.

In the consideration of more complex hand movements, this descriptive model of motor

control becomes more complicated. A crucial component of fine motor control is the

ability to learn and perform fine motor sequences. Humans string together elementary

movements (motor primitives) to perform a single sequential movement, such as

3
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shoe-tying or instrument-playing, that becomes fluid and efficient with practice. This may

be implemented by a motor sequence control hierarchy that orchestrates not only the

individual movements but also learns more abstract sequence properties to optimize

fluid sequential movements13–17. This prevalent hierarchical model proposes that, during

initial sequence learning, each elementary movement is explicitly selected by the

activation of a stable dynamical neural network. With practice, intermediate-level

binding of motor primitives develops through the encoding of abstract properties such

as sequence boundaries, serial order of sequence elements and groupings of multiple

movements called chunks. This allows the preselection of multiple sequence elements

simultaneously. Neurons at the top of the hierarchy can then trigger sequence

production by activating a single dynamical control network at the intermediate level

governing the execution of the entire sequence.

In the context of this motor sequence encoding hierarchy, the initially proposed model of

the motor network requires clarification. Primary and secondary motor cortices and

striatum (the main input nucleus of the basal ganglia) are among the most well-studied

brain regions in the motor network. Focusing first on research in animal models—While

evidence remains inconclusive on the role of primary motor cortex beyond motor

primitive encoding, it strongly indicates intermediate- and higher-level sequence

property encoding in striatum and secondary motor cortex, respectively. Striatal neuron

firing in rodents encodes motor chunk initiation, serial order and sequence start/stop

boundaries—all of which are intermediate-level spatiotemporal properties18–20.

Secondary motor cortex is tuned to sequence identity and motor chunks in monkeys21,22,

and it drives sequence production through input to striatum in rodents23. Finally, the
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refinement of motor skills relies on plasticity within and between basal ganglia and

motor cortex in rodents24. However, the contributions of different brain regions to fine

motor control may considerably diverge between humans and animal models. Human

hand dexterity greatly surpasses that of any other animal and often involves highly rapid

sequencing of individuated finger movements (not observed in nonhuman primates or

rodents). Among mammals, dexterity positively correlates with the proportion of primary

motor cortex dedicated to the hand, the complexity of cortico-basal ganglia and

fronto-parietal local and network connectivity and the number of projections from

primary motor cortex to spinal motor neurons25–33. This indicates uniquely specialized

human neuroanatomy, highlighting the importance of studies of fine motor control in

humans to understanding our mechanistic neurophysiology.

In healthy humans, decades of extensive research have begun to describe fine motor

control, but the encoding of sequence properties when dexterous movements are strung

into a sequence is less well understood. Human electrophysiology and neuroimaging

work have shown that cortical contribution to the control of individual dexterous

movements involves a large distributed network spanning primary sensorimotor

(primary motor and primary somatosensory) cortex and secondary motor and parietal

cortices34–36. In the basal ganglia and cerebellum, neuroimaging demonstrates activation

changes with finger movements, possibly related to local somatotopy37–42. In hierarchical

finger sequences, the role of primary motor cortex beyond motor primitive encoding

remains debated43–45, but basal ganglia, secondary motor cortex and parietal cortex

appear to participate in motor chunking46–48. However, the inherent temporal overlap of

5
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activity related to higher-level sequence properties and individual finger movements

remains a challenging confound in the interpretation of these studies.

As subjects become proficient with days of sequence practice, learned neural activity

involved in the production of the sequence stabilizes to form a lasting memory.

Neuroimaging suggests that, over days or weeks of practice, the motor and parietal

cortices remain involved, but striatal involvement shifts from the associative (or

cognitive) to the motor area49,50. A widely held view is that motor skill learning drives or

results from interregional coordinated activity during motor skill acquisition (initial

learning of the skill) and memory retrieval (reactivation of the stored motor memory)

during later motor execution. During skill acquisition, functional connectivity increases

from rest within the basal ganglia and between primary sensorimotor and secondary

motor cortex51,52. With multiple days of practice, the retrieval and execution of a

previously learned skill are associated with increased cortico-cortical and corticostriatal

connectivity53,54. However, limited noninvasive spatiotemporal recording resolution

impacts our ability to interpret both functional connectivity and movement-related local

activation patterns in these studies.

The consequences of limited spatiotemporal recording resolution are particularly

pronounced in studies of pre-movement motor planning and motor initiation. To fully

differentiate preparatory neural activity from execution-related neural activity, the neural

recording method should employ a temporal sampling rate that surpasses the rate of

change of the behavior and a spatial sampling rate capable of resolving relevant spatial

patterns of neural activity. While recent advances in imaging technology have enabled
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higher spatial resolution of subcortical activity with functional magnetic resonance

imaging, the temporal resolution undersamples motor reaction time (which is about

200ms long in response to visual stimulus)55. While noninvasive electrophysiological

methods such as electroencephalography and magnetoencephalography have excellent

temporal resolution, they have poor spatial resolution and cannot adequately capture

basal ganglia activity or cortico-basal ganglia interactions. No currently available

noninvasive recording methods can achieve resolution in both the spatial and temporal

domains sufficient to fully clarify motor planning-related neural activity.

To work around this limitation, noninvasive studies of motor planning and initiation have

relied on clever task designs to separate motor preparation from motor execution, but

interpretation of these studies remains confounded. In one common paradigm, subjects

are taught to expect a simple visual “go” cue that instructs them to perform a motor

sequence. In some variations of this paradigm, the go cue is preceded by a planning

cue that instructs the subject to begin preparing to move56. On a subset of trials,

subjects are told not to respond to the go cue, or the go cue does not appear at all. The

presumption is that, on trials in which cues are omitted or in which subjects are

instructed not to respond, motor planning still occurs, allowing observation of neural

correlates of preparation in the absence of movement. However, in these task designs,

neural activity may also reflect anticipation of the cue, active suppression of the planned

response or strategy adjustment57–60. These issues are compounded by the fact that

most fine motor sequence studies have leveraged typing as a model behavior and have

used standard typing devices that fail to accurately capture the onset of movement

when the finger starts from a hovering position. Thus, without high spatiotemporal
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resolution in both behavioral and neural recordings, fundamental questions about

pre-movement neural activity will remain unanswered.

Overcoming these limitations and clarifying pre-movement neural activity is essential to

understanding the performance and mastery of complex fine motor sequences. The

hierarchical model of fine motor sequence control proposes that humans can preselect

and preplan multiple sequence elements. Behavioral studies further indicate that

improvements in multi-element pre-movement motor planning (i.e., preplanning) drive

performance gains with motor learning61–65. Improvement in multi-element motor

preplanning appears to result from faster preparatory action sequencing and an

increased number of elements that can be preplanned61,62. This suggests a critical role

for pre-movement neural activity in behavioral improvement. If multi-element

preplanning involves the binding of preparatory activity patterns of multiple elements, it

may require unique neural processes that do not project cleanly onto the classical

model of control for individual movements. Which brain regions might support

multi-element preplanning, and do their roles change with learning? How is functional

connectivity involved? How might disruptions to these processes impact fine motor

control?

Importantly, in individuals with Parkinson’s Disease, for whom the impaired performance

of both novel and habitual fine motor skills is often a primary issue, might pathological

changes to learning-related neural activity in the lead-up to motor initiation relate to the

observed deficit in complex movements?

8
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Motor control in Parkinson’s Disease

The core motor features of PD relate to the progressive loss of dopaminergic neurons in

the substantia nigra pars compacta of the midbrain. In humans, the substantia nigra

pars compacta projects to somatomotor cortex and secondary motor cortex and has

direct reciprocal connections with the striatum66. The loss of dopaminergic innervation

from substantia nigra pars compacta in these regions is thought to lead to disruptions in

both local activity and network dynamics, ultimately resulting in deficits in learning,

motor planning and initiation, dexterity, speed, tremor, rigidity, coordination, sensory

processing and even action sequencing3–8,67–77. This suggests pathological function at all

levels of the proposed model of hierarchical motor sequence control. If all levels of

sequence encoding might be impaired, a reasonable starting point to investigate

dysfunction is the neural activity preceding motor onset, which, in the healthy state, sets

the stage for effective movement.

The effect of PD on pre-movement neural activity is poorly understood, particularly as it

relates to different motor symptoms over the course of motor sequence learning.

Perturbation of pre-movement neural activity could relate to bradykinesia, a general

motor deficit, or to impaired multi-element preplanning, a deficit specific to motor

sequence preparation. Both bradykinesia and motor preparation deficit could impair

motor initiation and execution. Thus, this section will discuss PD-related neural

dysfunction for non-sequential movements, highlighting bradykinesia, before moving on

to sequential movements and motor learning.

9
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A classical circuit model of the basal ganglia proposes that high inhibitory output from

the basal ganglia leads to PD symptoms such as bradykinesia (Figure 1.2). The theory

postulates that, at rest in the healthy state, the basal ganglia output nuclei inhibit the

thalamus, preventing it from exciting the motor cortex. To produce movement, the motor

cortex excites the primary input nucleus of the basal ganglia, which leads to

downstream inhibition of the basal ganglia output nuclei and, thus, disinhibition of the

thalamus and excitation of the motor cortex. In PD, loss of dopaminergic input to the

basal ganglia leads to excitation of the inhibitory output nuclei and excessive inhibition

of the thalamus, suppressing movement.

Electrophysiological investigations in PD and nonhuman primate models of PD have

found hypersynchronization of neural activity across the cortico-basal ganglia network at

beta frequency (β, 12–30Hz)78. An emerging view is that, when movement is intended,

basal ganglia β fails to descynchronize and therefore inadequately releases

suppression of thalamus, resulting in inadequate excitation of motor cortex67,79–81.

However, the evidence for this theory is mostly correlative. Dysregulation in preparatory

β activity has been associated with ongoing bradykinesia and longer reaction times in

humans82–84, yet causal studies in nonhuman primates reveal that bradykinesia and

delayed motor onsets can develop before highly synchronous network β85. Some human

studies employing deep brain stimulation (DBS) in the basal ganglia to treat motor

symptoms have attempted to causally manipulate β by automatically increasing

stimulation during periods of high basal ganglia β activity (a form of closed-loop DBS).

β-triggered stimulation can produce therapeutic benefit, but efficacy is typically

calculated for a range of motor symptoms or the most troublesome symptom per
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subject, such as ongoing bradykinesia or tremor, rather than ease of motor preparation

and initiation per sé86,87. This distinction is important, as impairments in motor initiation

can occur independently of motor slowing88. To date, the effect of β-triggered stimulation

on deficits in motor preparation has not been isolated. Furthermore, new evidence

suggests that stimulation triggered by power fluctuations in other frequency bands may

be more efficacious than β-triggered stimulation89. Taken together, evidence for a role

for pathologically synchronous β in either bradykinesia or impaired motor preparation

remains unclear.

Even less is known about PD neurophysiology in fine motor sequence tasks. It is

unclear how changes in motor sequence preparation may impact motor sequence

learning and performance. As in studies of healthy subjects, many studies of motor

learning in individuals with PD have been limited by low spatiotemporal recording

resolution. Furthermore, most motor learning research in PD has evaluated

non-sequential movements or composite movements, the latter of which involve both

the hand and arm, such as reaching to grasp an object. Non-sequential movements and

composite movements likely rely on different encoding strategies than those employed

for fine motor sequence learning90. Some work suggests that PD impacts fine motor

sequence planning56,68,91. However, only one study has attempted to disambiguate motor

planning- and motor execution-related neural activity without relying solely on imagined

movements, and this study relied on low spatiotemporal resolution recordings of neural

and behavioral activity56. The scope of this review will thus be broadened to include

neuroimaging studies of fine motor sequence control during motor execution.
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Both local and network PD-related dysfunction have been detected in the production

and refinement of fine motor sequences. During sequence acquisition, possibly

compensatory hyperactivity has been noted in the cerebellum and in the secondary

motor and parietal cortices92. This hyperactivity decreases with disease progression7.

Practice of a motor sequence may not adequately recruit cortical and corticostriatal

activity and plasticity, resulting in atypical network functional connectivity and impairing

stabilization of motor memories6,56,93–97. However, even setting aside limited

spatiotemporal resolution, these studies, too, have been plagued by challenges to

interpretation.

Rigorous interpretation of learning-related neurophysiology requires an understanding

of the change in behavior, yet investigations of fine motor sequence learning in PD have

detected a learning deficit in sequence acquisition, retention, both or neither5,7,69,98. This

variability has likely been due to differences in disease stage, medication regimen

(medication class and dose schedule) and task methodology (cue type, task demands

feedback type, etc.)5,7,69. Furthermore, most studies have not evaluated retention across

days in subjects with PD; those that have evaluated retention perform, at most, a retest

after a single day of practice99. Thus, a full behavioral and neurophysiological

characterization of fine motor sequence learning in PD is needed.

For the same reason, our understanding of the effect of currently available treatments

on fine motor sequence learning is limited, with results suggesting therapeutic effects

are mixed at best. While both dopamine replacement therapy and conventional DBS

effectively treat many hallmark motor symptoms, they can have adverse effects on
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cognitive processing7,100,101. In the case of dopamine replacement therapy, there may be

a negative impact on high-level action sequencing, a central part of motor planning.

Perhaps as a consequence—-since the optimization of multi-element preplanning can

drive performance gains—dopamine replacement therapy has also demonstrated mixed

effects on fine motor learning5,7. In the case of conventional (open-loop) DBS of the

basal ganglia, initial work suggested improvement of motor sequence acquisition7,102,

but this effect may have stemmed from relief of hallmark motor symptoms rather than

direct impact on sequence acquisition103. Furthermore, the effect of neither dopamine

replacement therapy nor DBS on motor sequence preparation has been directly studied.

The confusion surrounding the formal characterization of fine motor sequence learning

in PD notwithstanding, real-world tasks reveal impairment in fine motor sequence

control not attributable to hallmark symptoms, with needs unmet by current treatments.

For instance, impairments in daily activities such as shirt buttoning and preparing food

have been associated with deficits in precise coordination of multiple fingers, ordering of

sequence elements and movement of correct joints with appropriate motion

parameters104–107. These deficits cannot be fully explained by cardinal motor symptoms

or cognitive decline, and dopamine replacement therapy and conventional DBS produce

inconsistent outcomes71–73,75,106,107. The underlying causes for inconsistent conventional

treatment outcomes may vary5,7. Dopamine replacement therapy titrated to improve

hallmark motor symptoms may “overdose” some brain regions and networks, failing to

remediate some symptoms or even producing new side effects. Similarly, DBS protocols

fine-tuned to hallmark symptoms may be poorly optimized for other symptoms.

Furthermore, neural activity is highly dynamic, within individual neurons and across

13

https://www.zotero.org/google-docs/?LdKHDj
https://www.zotero.org/google-docs/?H0w4CD
https://www.zotero.org/google-docs/?lkb4WP
https://www.zotero.org/google-docs/?2oPdQE
https://www.zotero.org/google-docs/?Akej4V
https://www.zotero.org/google-docs/?ESEWlP
https://www.zotero.org/google-docs/?xyMXKi


networks. Conventional DBS and dopamine replacement therapy cannot mimic healthy

neural dynamics in the cortico-basal ganglia system, which may contribute to their

therapeutic limitations. Instead, event-related modulation of neural activity using

closed-loop deep brain stimulation provides the most promise for restoration of fine

motor control in PD, warranting characterization of learning-related neural activity in the

lead-up to fine motor initiation at the spatiotemporal resolution captured by

sense-capable DBS leads.

Thus, the central aim of this thesis is to describe a functional network model of

pre-movement neural population activity for fine motor sequences in PD. Chapter 2

presents research into this topic while addressing multiple historical limitations. While

individuals with PD practiced fine motor sequences, invasive field potential recordings

and a custom behavioral apparatus captured both neural activity and movement at

spatiotemporal resolutions sufficient for distinguishing pre-movement neural activity

from neural activity during ongoing movement. Further, neural recordings captured both

cortical and basal ganglia activity, enabling a network-wide view of local activity and

functional connectivity during motor learning. To extend knowledge of motor learning

electrophysiology in PD beyond single-day retention tests, subjects were tested over

multiple days of practice. Finally, to help assess and control for performance variability

due to fluctuations in hallmark motor symptoms and medication state, subjects

performed the motor task at consistent times within their medication schedules across

days, with daily post-task quantification of hallmark motor symptoms. This approach

revealed evidence of a hierarchical functional network architecture supporting

multi-element preparatory activity and identified a possible oscillatory mechanism of
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learning impairment. Building on these findings, Chapter 3 outlines avenues for further

research.
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Figures

Figure 1.1. A simple model of the motor control circuit.
Circuit diagram indicates information flow in classically proposed models of motor control. Some anatomical connections are omitted
for simplicity. Green lines correspond to motor output to the brainstem and spinal cord.
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Figure 1.2. The classical circuit model of Parkinson’s Disease.
Circuit diagrams illustrating the impact of Parkinson’s Disease on the basal ganglia in motor control. (Left) In the healthy state,
dopaminergic input from the substantia nigra pars compacta excites and inhibits two different types of striatal neurons as a result of
their divergent dopamine receptor expression. A specific balance is maintained to promote effective processing of motor information.
(Right) In Parkinson’s Disease, the loss of this dopaminergic input leads to an imbalance in striatal output to other areas of the basal
ganglia, resulting in generally inhibitory basal ganglia output and also atypical processing of motor cortical input when an individual
intends to move. The outcome is hallmark motor symptoms and difficulty initiating movement. D1R, D1 Receptor; D2R, D2 Receptor;
GPe, Globus Pallidus externus; GPi, Globus Pallidus internus; STN, subthalamic nucleus; SNc, Substantia Nigra pars compacta;
SNr, Substantia Nigra reticulata.
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Chapter 2: Low-Frequency Cortico-Basal Ganglia Network

Synchrony Organizes Motor Learning-Driven Patterns of

Preparatory High-Frequency Activity in Parkinson’s Disease

Abstract

Learning dexterous motor sequences is crucial to autonomy and quality of life but can

be altered in Parkinson’s Disease (PD). Learning involves optimizing pre-movement

planning (preplanning) of multiple sequence elements to reduce computational

overhead during active movement. However, it is unclear which brain regions mediate

preplanning or how this process evolves with learning. Using cortico-basal ganglia field

potential recordings during a multi-day typing task in four individuals with PD, we found

evidence for network-wide multi-element preplanning that improved with learning,

facilitated by functional connectivity. In both cortex and basal ganglia, pre-movement

gamma (γ) activity, a type of high-frequency activity linked to population spiking,

distinguished between future action sequences and became increasingly predictive with

learning. For motor cortex γ, this increase was tied to learning-related cross-frequency

coupling led by cortically-driven network delta (δ) synchrony. Coordinated network δ

activity also supported a range of other learning-driven cross-frequency couplings within

and between cortex and basal ganglia, reflecting the specialized roles of these brain

regions in motor preparation. In contrast, impaired learning was characterized by

practice-driven decreases in γ’s predictive value, a lack of cross-frequency coupling and

a lack of cortically-led network δ synchrony. Network dynamics may have been altered
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by pathological basal ganglia δ oscillations. These results suggest a model in which

cortically-led δ phase coordination optimizes cortico-basal ganglia multi-element

preplanning through enhanced recruitment of high-frequency neural activity. This

highlights how motor learning leverages a hierarchical functional network architecture to

optimize information transfer and temporally structure neural activity.

Introduction

Fine motor control is a fundamental aspect of human motor function. Skilled hand

movements often require learning a sequence of finger movements, and proficiency is

vital to maintaining autonomy. In Parkinson’s Disease (PD), progressive decline in fine

motor sequence learning and control, not solely attributable to hallmark motor

symptoms, detrimentally impacts quality of life, with needs unmet by conventional deep

brain stimulation (DBS) and dopamine replacement therapy5–9,71–73,75,100,101,103–107. This

decline may be linked to dysfunction in motor preparation, so closed-loop DBS targeting

pathological variations in preparatory neural activity could remediate symptoms60–62,108.

However, the learning-dependent neural dynamics of fine motor sequence initiation are

poorly understood.

Before the onset of rapid fine motor sequences like typing, humans can plan multiple

sequence elements, and learning involves the optimization of this sequence-specific

process61–65. Neurophysiology studies in rodents and nonhuman primates suggest that

this multi-element preplanning is facilitated by the sequence-specific serial activation of
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neurons in motor cortical and basal ganglia (BG) ensembles, with motor improvement

partly driven by increased consistency of ensemble spiking patterns109–117. However, in

humans, it is unknown which brain regions have sequence-specific pre-movement

neural dynamics or how sequence-specific activity changes with learning.

The neural processes that promote consistent ensemble firing patterns with learning

also remain unclear, but recent investigation highlights the potential role of

pre-movement oscillatory network dynamics. Human studies suggest that network-wide

beta (β) desynchronization enables an increase in motor cortical excitability—reflected

by a shift to the excitatory phase of motor cortical delta (δ)—which facilitates the

activation of motor cortical ensembles to initiate movement67,79,109,114,118–134. Work in

animal models suggests that learning-driven corticostriatal δ synchrony enhances

δ-ensemble spike coupling in striatum and motor cortex, resulting in the consistent

ensemble firing patterns that support motor improvement90,109,114. However, these

proposed network interactions have not been tested with cortico-basal ganglia

electrophysiology and directed connectivity analysis in humans or animal models.

We postulated that motor cortex and basal ganglia regions all support multi-element

preplanning in PD, which network activity optimizes with successful learning. To test

this, we evaluated the learning-dependent motor control network dynamics of motor

initiation in four individuals with PD. We recorded cortico-basal ganglia field potentials

while subjects performed a multi-day, multi-sequence typing task (Figure 2.1A). We

hypothesized that β→δ→spike interactions influence motor cortex regardless of learning

stage but that, with practice, coordinated network δ activity increases the consistency of

20

https://www.zotero.org/google-docs/?lbchct
https://www.zotero.org/google-docs/?dNyYZC
https://www.zotero.org/google-docs/?rrhZ0z


sequence-specific cortical and basal ganglia spiking patterns through δ→spike coupling.

Field potential gamma (γ) activity correlates with neural population firing135. Thus, γ

activity could reflect temporal patterns and variability in ensemble activity. This

anticipates β→δ→γ interactions, as well as sequence-specific motor cortex and basal

ganglia γ activity that is increasingly predictive of future action sequences with learning

(Figure 2.1B). We tested these predictions using single-trial classification of neural

activity and directed connectivity analysis.

Methods

Study criteria

Four individuals enrolled in parent clinical trials (NCT03582891 and NCT04675398) for

adaptive deep brain stimulation (DBS) for Parkinson’s Disease (PD) participated in this

study (Table 2.1, Figure 2.2). Subjects had sufficiently severe movement disorder

symptoms, inadequately treated by oral medication, and requested surgical intervention.

No subjects exhibited significant untreated depression, significant cognitive impairment,

previous cranial surgery, drug or alcohol abuse, or evidence of a psychogenic

movement disorder. For an exhaustive list of overarching clinical trial inclusion and

exclusion criteria, see NCT03582891 and NCT04675398. Additional prescreening was

performed for the typing task. Inclusion criterion: enthusiastic desire to participate in the

task. Exclusion criteria: hand or wrist pain when typing, dyslexia, uncorrected visual

impairment, sleep apnea, travel to other time zones in the past three months. Subjects
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were also instructed not to consume nicotine or alcohol for the duration of the

experiment. Subjects gave informed consent, and the University of California San

Francisco Institutional Review Board pre-approved experimental design.

Task design

On each day of a multi-day explicit motor learning experiment, subjects practiced typing

two 5-element sequences in interleaved blocks using their dominant (right) hand while

neural activity was recorded from the contralateral hemisphere (Figure 2.3A). The task

design within each day was a variation of the common discrete sequence production

task136. At the start of each session, subjects memorized that day’s sequences during

an initial Verification Period. In this Verification Period, they were briefly shown one

sequence to memorize before repeatedly typing it from memory until achieving three

consecutive fully correct repetitions. This was repeated with the second sequence.

Subjects were then instructed to, in the subsequent training blocks, react as quickly as

possible and type as quickly and accurately as possible. In each training block, they

practiced only one sequence. They typed one sequence repetition from memory in

response to each cue. Each practice block started with its own Verification Period for

the sequence for that block. The sequence was not shown again in that block. Green go

cues appeared after an exponentially jittered delay from the 5th keypress of the

previous trial (range: 0.85s–3.75s, μ = 1.75, p = 0.4 for Lilliefors test for h0 =

exponential). A 10-second break followed each block. Subjects’ hands and the keypad

were completely visually occluded, and the sequences were never displayed during
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typing. At the end of the task each day, subjects were assessed on the upper limb

component of the Movement Disorder Society Unified Parkinson’s Disease Rating Scale

(MDS-UPDRS). The day before the experiment, subjects were familiarized with the task

and keypad with a practice run-through (Familiarization).

They received two novel sequences on Day 1 and again on Day 4 (Figure 2.3B, Table

2.2). No sequences contained repeated adjacent elements, rising or falling triplets, or

the thumb. All sequences paired for comparison within and between days started with

the same first and last elements.

All subjects performed the experiment within one month after DBS surgery, before

turning on DBS. No DBS was delivered during or between experimental sessions. To

limit the effect of medication-related motor fluctuations, all experimental sessions were

conducted at a consistent time across days within each subject’s medication ON period.

Data collection

In each brain hemisphere, a four-contact DBS lead spanned basal ganglia (BG) nuclei,

and a four-contact electrocorticography (ECoG) paddle spanned sensorimotor cortex

(Figure 2.2). Bipolar recording of subcortical local field potentials (LFPs) and

sensorimotor electrocorticography (ECoG) signal granted coverage of the following

approximate regions in the left (contralateral) brain hemisphere. Subjects GP1 and

GP2: globus pallidus (GP), putamen (Put), M1 or primary sensorimotor cortex (M1/S1),
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premotor cortex. Subjects STN1 and STN2: ventral subthalamic nucleus (vSTN), dorsal

subthalamic nucleus (dSTN), M1, parietal cortex (spanning S1 and superior parietal

lobule).

Leads from each brain hemisphere (Medtronic 3387 for globus pallidus, 3389 for

subthalamic nucleus and 0913025 for cortex) were connected to a bidirectional neural

interface in the ipsilateral chest (Medtronic Summit RC+S B35300R). LFP and ECoG

signals were recorded at 500 Hz throughout the task. Channels were referenced to the

metal casing of the implanted pulse generator. On-device hardware low and high pass

filtered the data at 450 Hz and 0.85 Hz, amplified it, then performed another low pass

filter at 1700 Hz.

Task events and keystroke data were captured in 4-kHz sweeps using a portable

custom-made device run by a Teensy 4.1 microcontroller (Figure 2.3C), which acted as

the master clock and motherboard for a custom keypad, visual stimulus detector and

electrical impulse detector. To ensure accurate detection of finger movement

onset/offset, even when finger position started above but not touching the key, a

combination of custom capacitive proximity sensors (carved from copper sheet metal,

3DDeluxe), force-sensitive resistors (FSRs, Alpha MF01A-N-221-A04) and linear

mechanical key switches (CHERRY MX1A-LxxA/B) were used for each digit. An FSR

was fixed atop each custom keycap (3DDeluxe).

A small resin disk with a centered bulge less than a millimeter tall was fixed atop each

FSR. This ensured even that off-center finger contact with the key face would result in

force distribution to the FSR’s center active zone sufficient to drive detectable FSR
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activity. The resin disks also insulated the FSRs from the proximity sensors, which were

cut from copper sheet metal and fixed atop each resin disk. To maximize proximity

sensor read rate, each proximity sensor was sampled by its own Teensy 3.2

microcontroller, which each transmitted readings to the Teensy 4.1. Proximity sensors

were covered with insulating tape and calibrated to detect proximity changes of fingers

hovering up to ~2 cm above the keys. The capacitance sensors also detected changes

in surface area of finger contact with the key. This enabled detection of changes in

finger contact slight enough that the associated change in force was subthreshold for

the force sensors. A photodiode (Everlight Electronics Co Ltd, PD333-3C/H0/L2) fixed

to the task computer screen captured the timing of visual stimuli and progression of

experimental epochs. For neural-behavioral data stream alignment, a unique temporal

pattern of fifteen single DBS pulses was delivered at the start and end of each

experimental session and detected along the metal casing of the pulse generator by an

external electrical signal detector (MikroElectronika EEG Click MIKROE-3359). All

sensors were calibrated and checked for electrical interference and cross-talk at the

start of each experimental session.

Behavioral analysis

To eliminate outlier trials, we excluded incorrect trials and any trials with a reaction time

(RT, cue onset to movement onset) or trial duration (movement onset to offset)

exceeding three standard deviations of the block average for correct trials.
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To evaluate overall learning, we computed a block performance index for each subject.

Each block performance index is the sum of block average error rate (1 – block

accuracy), reaction time (cue presentation to movement initiation) and trial duration

(movement onset to offset). For each subject, the block average trial durations and

reaction times were each first min-max scaled to [0, 1], using data from all days to

derive the minimum and maximum values. Lower performance index values indicate

better performance.

Neural analysis

All significance testing for neural analysis utilized permutation testing that simulates

error within the null distribution, and secondary tests were performed only to assess the

direction of primary detected effects. Multiple comparison correction was therefore not

performed.

Trial selection. In addition to the behavioral cutoffs applied for behavioral analysis, the

following trial exclusion criteria and trial subsampling methods were performed for

neural analysis. Trials with less than 25 ms between final/first movements associated

with adjacent trials were excluded. Subsequently, subsampling was performed within a

given day to match trial counts between sequences within each group of four blocks to

avoid a possible imbalance over time, e.g., 75% of remaining Sequence 1 (S1) trials

coming from the first half of the session and 75% of remaining Sequence 2 (S2) trials

coming from the second half of the session. Within each group of four blocks, sequence
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subsampling followed epoch-specific selection rules. Only trials with RT ≥ 100 ms were

considered. Trials from the higher count sequence were subsampled to match trials

from the lower count sequence based on RT durations. Finally, random subsampling

matched trial counts across days within each subject for each epoch type.

Signal preprocessing. Neural signal preprocessing used the following pipeline. Data

from each channel was linearly detrended, demeaned and high-pass filtered at 0.25 Hz

using a two-pass FIR filter. Electrical noise was excluded in the frequency domain.

Two-pass Kaiser FIR filters with normalized transition widths of ≤ 0.1 were used for all

subsequent bandpass filtering.

Data intended for single-trial classification, amplitude analysis and undirected phase

analysis was filtered with the following passbands: δ (0.5–4 Hz), theta (4–8 Hz), alpha

(8–12 Hz) and β (12–30 Hz for amplitude analysis and cross-frequency coupling, 12–20

Hz and 20–30 Hz for single trial classification). For γ, filters were logarithmically spaced

from 30 to 250 Hz. High γ (70–250 Hz) center frequencies were used for all analyses

involving γ, while slow (30–50 Hz) and mid (50–70 Hz) γ center frequencies were used

only for single-trial classification. These filters were all non-overlapping in the frequency

domain to reduce collinearity between adjacent frequency bands when performing

single-trial classification. The Hilbert transform was performed for instantaneous

frequency estimation. For undirected cross-frequency coupling (CFC) analysis using

pairwise phase consistency (PPC), the resulting amplitude envelope of each β and γ

center frequency was filtered with the same bandpass filter previously used to extract δ,

followed by a second application of the Hilbert transform.

27



For analysis of directed phase coherence (including directed CFC) using phase slope

index (PSI), δ was instead extracted using linearly spaced passbands (0.5, 3.25; 0.75,

3.5; 1, 3.75; 1.25, 4). For directed δ-β and δ-γ coupling analysis, these linearly spaced δ

passbands were applied to the β amplitude envelope and to the amplitude envelope of

each center frequency of high γ (70–250 Hz), followed by a second application of the

hilbert transform.

For artifact screening, filter-Hilbert was used to estimate 70–250 Hz broadband

amplitude, which was then z-scored over the entire session. Any trial in which z ever

surpassed 8 standard deviations was omitted from neural analysis.

Single-trial classification. Single-trial classification of neural activity was used to test for

sequence-specific pre-movement neural dynamics. A different classifier was trained on

data from each recording channel on each day, and mean decoding accuracy was used

to estimate the discriminability of sequence-specific neural activity. S1- or S2-labeled

trial data was extracted from the RT period in the tn ms immediately prior to sequential

movement onset, where tn was the average RT on Day 3 for Subject n. Data then

underwent feature selection and logistic classification with L1 regularization. For each

subject, trials per sequence were balanced across classes, channels and days.

Time-frequency regions with maximal differences between sequences were selected as

features. To assess, e.g., differences in narrowband amplitude dynamics in PM for S1

vs. S2 on Day 3 for GP1, we calculated the two-sided t-statistic for amplitude at each

time-frequency point. For each of 10,000 permutations, trial labels were shuffled, and

the t-statistic was recalculated. Thus, each time-frequency point had an associated null
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distribution of 10,000 t-statistic values. Time-frequency points at which the test value fell

below the 80th percentile compared to its respective null distribution were masked. In

each of the remaining islands of features for each center frequency, the time point with

the highest percentile score relative to its null was selected as a feature to use in the

model. For all resulting features, corresponding amplitude values were taken from S1

and S2 trial data. For phase data, the same process was implemented, save for two

differences. Phase opposition sum137 was used instead of the t-statistic, and since

phase is a circular process, each selected phase value was converted into two features:

sin(phase) and cos(phase). Each amplitude and phase feature was median-centered

and scaled according to its interquartile range to have unit variance.

Hyperparameter optimization, model training and model testing were performed with

nested cross validation. The inverse L1 regularization constant (λ-1) was optimized per

classifier in 10-fold, 10-repeat stratified cross validation performed on a stratified 90%

subset of the data. The following λ-1 values were tested: 5E-2, 1E-1, 5E-1, 1, 5, 1E1,

5E1, 1E2, 5E2, 1E3, 5E3, 1E4, 5E4, 1E5, 5E5. Greater shrinkage produced

performance at or below chance level. The selected value for λ-1 was then used for final

model training and testing on the full dataset with 10-fold, 100-repeat stratified cross

validation.

Right-sided permutation testing assessed significance of model mean decoding

accuracy relative to chance. The outer 10-fold, 100-repeat stratified cross validation was

repeated 1,000 times with permuted trial labels, and the resulting 1,000 null values were

compared to test sample mean decoding accuracy.
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Two-sided permutation testing assessed the change in mean decoding accuracy across

days for a given channel. Mean decoding accuracies for each of the 100 repeats per

day were permuted across days, and the between-day difference in overall mean

decoding accuracy was recalculated for each permutation as the null value.

Feature importance testing. The absolute importance of various frequency bands and

signal properties to the performance of trained models was evaluated. We permuted, in

the test set, the trial labels for all phase or amplitude features associated with a given

canonical frequency band, as the majority of across-frequency or

across-phase/amplitude feature correlations were not high (ρ < 0.5). For each fold in

each repeat of the 10-fold 100-repeat outer cross-validation used for prior model

training and testing, the test data trial labels for the respective trained model were

permuted once for a given feature group, and the resulting change in test accuracy from

test performance was computed. Change in decoding accuracy was then averaged

across all 10 folds in each of the 100 repeats. Feature groups with negligible negative

accuracy decreases were set to zero in data plots for visual clarity. No groups showed a

negative accuracy decrease greater than 1% in any model.

We then repeated group permutation testing, except with all phase and amplitude

features for δ through β grouped together and likewise for low γ through high γ. Change

in decoding accuracy was averaged across folds per repeat before between-day

permutation testing.

Coherence analysis. Functional connectivity analysis evaluated pre-movement network

interactions. Single-trial plots indicated that δ phase aligned to cue in various regions,
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so data was aligned to cue and evaluated in a window length of the mean RT of Day 3

per subject. Nonparametric cluster-based permutation across time, with a cluster size

correction, was used for all phase analyses. To simplify data visualization, significant

across-day effects associated with low and insignificant levels of within-day local or

interregional coherence were not typically depicted with shaded time regions in the

figures, but the p-values are still reported in the data tables.

For all phase analyses, we first computed each metric within sequence before

averaging the resulting time series across sequences prior to statistical testing. This

was intended to address two main issues. First, we expected possible

sequence-specificity in spatiotemporal patterns of neural activity that could be reflected

in mesoscale spectral activity—an idea for which both single-trial classification and

single-trial δ phase plots then provided confirmatory evidence. This implies that different

sequences could be associated with different characteristic γ amplitude envelope

morphologies, which may display different phase-specific coupling patterns with δ.

Second, in cases for which two sequences were not performance-matched on a given

day (e.g., Sequences 3 and 4), one may observe differences in activity between

sequences due to performance level (rather than learning stage). In either case, a

reasonable approach would be to respect the sequence-specific relationships, so we

first computed metrics within each sequence. However, we also expected the general

oscillatory network dynamics associated with learning to be the same regardless of

sequence, so we then averaged the resulting metric time series across sequences

before statistical testing.
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Inter-trial δ phase locking value (PLV) assessed cue-aligned consistency of local δ

phase138. For a given recording channel, the resulting time series (one for each

sequence) were smoothed with a 150 ms-long Gaussian window and averaged across

sequences. To test for significant PLV on a given day, we randomly sampled phase data

from the duration of the session for each permutation. PLV was computed for each

sequence null group using the appropriate number of trials for each sequence. The

magnitudes of the resulting two null PLV time series were then smoothed and averaged

across trial groups to attain a single null time series for that permutation. This was

repeated for each permutation. To test for a significant difference in PLV time series

between days, we calculated the test time series by subtracting the PLV time series

from one day from that of the other day. For each permutation, trials were shuffled

across days but within sequence.

Inter-trial δ pairwise phase consistency assessed cue-aligned interregional δ phase

coherence139. For each channel pair, the resulting time series (one for each sequence)

were smoothed with a 150 ms-long Gaussian window and averaged across sequences.

For baseline PPC testing, methods were identical to those used in baseline PLV testing,

except the null was constructed by sampling channel data as pairs, i.e., the baseline

distribution corresponded to an actual estimate of baseline session-wide coherence for

that channel pair, not to the level of coherence that would be expected if the two

channels were coupled only randomly. For between-day PPC permutation testing, test

time series were calculated by subtracting the PPC time series between days, and for

each permutation, phase data for both channels in a given channel pair were shuffled

together across days but within sequence.
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To assess the direction of pairwise δ phase relationships observed with PPC, phase

slope index between two channels was computed per time point for each sequence140.

PSI values were not smoothed before being averaged across sequences. To assess

whether significant δ phase lead/lag occurred with respect to chance, i.e., neither

channel led the other, rather than with respect to session baseline, data for each

permutation was randomly sampled from the session duration separately for each

channel in the pair, for each sequence.

Pairwise phase consistency and phase slope index were also used to estimate

undirected and directed coherence, respectively, for cross-frequency couplings. δ phase

was paired with the δ phase of the β or γ amplitude envelope. Computations analogous

to those used for δ synchrony analysis were performed, except for two modifications.

For δ-high γ coupling, PPC or PSI was calculated separately for each narrowband

within 70  –250 Hz for each sequence. The result was averaged across γ center

frequencies before averaging across sequences. Second, for baseline permutation

testing, the phase data was held constant while the amplitude data was sampled from

the session. Shuffling amplitude while holding phase constant was intended to test for

significant coherence given a specific phase distribution.
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Results

Behavioral stratification based on sequence learning

Subjects were behaviorally stratified for sequence learning based on changes in a

composite measure of block performance—a block performance index—for which lower

value corresponds to better performance (Figure 2.4A). Day 1 to Day 3 comparisons of

pooled block performance indices for each of S1 and S2 evaluated within-sequence

practice-driven performance changes. Significant decrease in performance index would

suggest sequence learning, but improvement on S1 and S2 could also have been

driven by more general task learning, e.g., optimization of task-related cognitive

processes and motor familiarization with the experimental apparatus50,61,141–145. Even so,

superior performance of S1 and S2 on Day 3 compared to that upon subsequent

presentation of novel sequences on Day 4 would suggest some sequence learning had

in fact occurred for S1 and S2. Thus, subjects were labeled improvers (ID ending in 1)

only if their performance both improved from Day 1 to Day 3 and worsened when

presented with novel sequences on Day 4. A Day 1 to Day 4 comparison to assess

general task learning is confounded by behavioral interference between the familiar

sequences and those presented on Day 4, so we did not attempt to behaviorally stratify

based on task learning.

GP1 and STN1 showed indications of sequence learning, whereas GP2 and STN2 did

not (Figure 2.4B, Figures 2.5–2.6, Tables 2.4–2.5). In GP1 and STN1, performance

index improved for both sequences from Day 1 to Day 3, then worsened when

practicing novel sequences on Day 4. Neither GP2 nor STN2 showed significant
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improvements in Sequence 1 (S1) and Sequence 2 (S2) performance index, and only

GP2’s performance index significantly differed between Days 3 and 4. These results

suggest behavioral stratification as follows: improvers (GP1 and STN1) and

nonimprovers (GP2 and STN2).

Sleep durations and end-of-session upper limb scores on the Movement Disorders

Society Unified Parkinson's Disease Rating Scale (MDS-UPDRS) were similar between

groups146 (Table 2.3). This suggests relative differences in performance improvement

may not have been due to large differences in sleep or motor symptom presentation in

the typing arm.

Pre-movement cortical and basal ganglia γ activity is sequence-specific and

increasingly predictive of sequence content with performance improvement

Next, we used single-trial classification of pre-movement neural activity to test which

brain regions have sequence-specific preparatory neural dynamics and how this

changes across days of learning. For each experiment day and each recording channel

per subject, we performed feature selection on neural data preceding sequential

movement onset and trained a model to predict the identity of the sequence that the

subject was about to type (Figure 2.7A–B, Figure 2.8). To isolate practice-driven

changes in sequence-specific neural activity from changes that occur as a byproduct of

the changing behavior, we only directly compared neural activity between sequences for

which overall behavioral performance was similar. In most subjects, performance levels
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significantly differed between Sequences 3 and 4 (Figure 2.9), so Day 4 data was

excluded from single-trial classification analysis. To reduce the influence of neural

activity related to the first sequence element, we designated the same digit as the first

element in all sequences for each subject. See Methods: Trial Selection and Methods:

Single-Trial Classification for additional measures taken to reduce the influence of

confounds.

We compared each model’s performance to chance and tested within-channel change

in decoding accuracy across Days 1 and 3, with the caveat that Day 1 to Day 3 changes

in decoding accuracy may reflect changes in neural activity related to both sequence

practice- and task exposure-related changes in neural activity. Notably, all models

significantly outperformed chance (Figure 2.7C). Decoding accuracy for improvers’

models broadly increased across days (GP, Put, M1/S1, PM, vSTN, dSTN, M1),

whereas decoding accuracy for nonimprovers’ models decreased in GP, STN and M1.

These results suggest that pre-movement sequence-specific ensemble activity, reflected

in mesoscale activity throughout the recorded channels, became more reliable across

sessions in improvers but less reliable in some brain regions in nonimprovers.

To assess which electrophysiological signal properties were associated with

sequence-specific predictive value, we performed feature analysis. We first visually

assessed the importance of all canonical frequency bands and signal property types

(amplitude and phase). After verifying the majority of features from different groups

were not highly correlated (ρ > 0.5), we performed initial grouped feature permutation

testing (Figure 2.7D, Figures 2.10–2.11). Collectively, low γ (30–50 Hz), mid γ (50–70
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Hz) and high γ (70–250 Hz) appeared to be the most important frequency bands for all

models, though the importance of γ phase relative to γ amplitude was inconsistent.

Thus, for formal statistical analysis, we repeated grouped feature permutation testing,

except with features grouped into only two groups: 1) δ through β and 2) low γ through

high γ (Figure 2.7E, Figure 2.12). Grouped γ features were the most important to all

models. In most brain regions, the direction of across-day change in model performance

(Figure 2.7C) matched the direction of corresponding across-day change in accuracy

drop associated with grouped γ features. Across-day changes in accuracy drop

associated with δ through β features were often insignificant, and their direction did not

consistently match that of changes in model performance. These findings suggest that γ

activity was sequence-specific throughout the recorded network and that γ was the

primary driver of across-day changes in classification accuracy for most models.

Improvement is associated with cortically-led δ phase synchrony in response to cue

We next evaluated how oscillatory network dynamics may have facilitated the observed

learning-related changes in sequence-specific activity. While there may be sequence

specificity in spatiotemporal patterns of neural activity, the overall architecture of

functional connectivity is likely sequence-general and learning stage-dependent. We

therefore calculated functional connectivity for each sequence and averaged the result

across sequences per day before statistical testing, reducing the confounding influence

of performance differences between learning stage-matched sequences on a given day.

Thus, for functional connectivity, we could use neural data from all experimental
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sessions, and between-day comparisons of neural activity fully mirrored the stratification

employed for behavioral analysis. Sequence practice-related effects were those that

occurred in overlapping time regions between both Days 1 and 3 and Days 3 and 4;

though we did not behaviorally stratify task learning, we did examine neural correlates

of task exposure by comparing activity between Days 1 and 4.

The supposition that δ phase facilitates recruitment of sequence-specific ensemble

activity implies δ phase-spike coding, which ultimately predicts that δ phase consistently

aligns to motor events. Cortical δ phase locks to movement-related visual cues in

healthy subjects, so we computed δ phase locking value (PLV) to cue in our subjects

after confirming all recording channels had δ amplitude sufficient for phase

estimation121,124,138,147 (Figures 2.13–2.14, Figure 2.15A). In GP subjects, while both

GP1 and GP2 demonstrated significant PLV on all days throughout motor cortex and

task exposure-related increase in M1 (or M1/S1), only GP1 demonstrated task

exposure-related increase in PM. Furthermore, in GP1 but not GP2, PLV was significant

on all days in GP and Put, with task exposure-related increase in GP. In STN subjects,

PLV was also significant on all days in M1. In other channels (brain regions not

surgically targeted in GP subjects), PLV developed differently for STN1 than STN2. In

STN1, PLV increased with task exposure in vSTN and Par and with both sequence

practice and task exposure in dSTN. In STN2, phase alignment to cue was mostly

absent in STN and diminished with task exposure in Par. These results suggest that

sequence learning in improvers might have been related to the presence of cue-related

δ phase alignment in motor cortex and striatum across days and the development of

cue-related δ phase alignment in dSTN with practice; a task exposure-driven

38

https://www.zotero.org/google-docs/?ZwdkmR


enhancement of motor network-wide δ phase alignment to cue occurred in improvers

only.

Such anatomically widespread δ phase alignment to cue in improvers suggests

cross-area coordinated δ activity sufficient to facilitate coordinated recruitment of motor

cortical and striatal ensembles with learning114. To assess this, we analyzed

interregional δ phase coupling. Using pairwise phase consistency (PPC), we tested for

an increase, relative to session-wide baseline, in undirected phase coherence aligned to

cue and compared PPC between days139. When undirected coherence was significant,

we compared the phase slope index (PSI; directed coherence) to chance (no channel

leads)140. Two brain regions with a common input could show significant and stable

undirected coherence even if a phase lead developed with learning. Undirected

coherence exceeded baseline too infrequently to justify systematic between-day PSI

testing, so we also noted as sequence practice- or task exposure-related any directed

coherence that occurred only on specific days (Day 3 for sequence practice; Days 3 and

4 or Day 4 for task exposure).

Only improvers demonstrated cortically-led network δ synchrony, accompanied by M1

lead of dSTN with sequence learning and, with task exposure, possible GP→PM

feedback and Par lead of dSTN and M1 (Figure 2.15B, Figure 2.15D–E). In GP

subjects, only the improver showed widespread cue-related increase in δ coherence

above session-wide baseline. On all three days in GP1, PM led M1/S1 and Put, and Put

led GP. M1/S1-striatal coherence was relatively low but significant, with phase leads

observed for M1/S1→GP and Put→M1/S1. With task exposure, GP led PM. In GP2,
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none of these effects occurred. Instead, M1 led PM for familiar sequences. In STN

subjects, again only the improver showed cue-related cortically-led δ coherence. In

STN1, M1 led dSTN for familiar sequences, and Par led dSTN and M1 with task

exposure. Significant cue-related vSTN-dSTN PPC for familiar sequences indicates

STN was recruited to network δ synchrony, partly by M1 and perhaps by an unrecorded

region. In STN2, no directed phase leads occurred. While vSTN-dSTN PPC was

significant for novel sequences, the lack of consistent local δ phase (Figure 2.15A)

indicates that inter-STN coherence was suboptimal for coordinated phase coding.

Notably, in both nonimprovers, inter-BG δ synchrony was initially high and decreased

with task exposure—an effect mirrored in session-wide inter-BG δ coherence, opposite

that observed in improvers (Figure 2.15C). High inter-basal ganglia δ synchrony in

nonimprovers was linked to limited cue-related BG δ activity, an absence of

cortico-basal ganglia δ synchrony and reversal of motor corticocortical δ information

transfer.

Sequence learning is associated with δ-γ coupling within and between cortex and basal

ganglia

Having identified coordinated δ activity theoretically capable of supporting δ→spike

coupling to facilitate the sequence-specific activity reflected in classification analysis, we

next directly evaluated δ-γ coupling. We assessed both local and cross-area δ

phase-high γ coupling. Using pairwise phase consistency and phase slope index, we

calculated undirected and directed coherence between δ phase and the δ phase of the
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γ amplitude envelope (γh
δ). For interregional cross-frequency coupling (CFC), we report

all results for which at least one subject demonstrates an effect of either sequence

practice or task exposure.

Contrary to expectation, local δ→γh
δ coupling was rare, suggesting that local δ→spike

coupling may not have been a primary mechanism facilitating sequence-specific activity

(Figure 2.16). Strikingly, practice-dependent γh
δ→δ coupling was more common, though

also inconsistent across subjects. Nonetheless, M1 high γ amplitude still significantly

increased in the RT period on all days in all subjects (Figure 2.17), as expected for

successful movement. This indicates that activity reflected in local δ→γh
δ coupling was

not a necessary step in general motor initiation for these subjects79,148.

Sequence learning was more associated with a range of interregional δ-γh
δ effects

(Figure 2.18A–B). These effects differed depending on the involved brain regions,

which is consistent with the specialized roles of different regions in the cortico-basal

ganglia network. In GP1 but not GP2, sequence practice was associated with premotor

lead of M1/S1, as well as M1/S1 and PM lead of putamen. In STN1 but not STN2,

sequence practice was associated with dSTN lead of M1 and vSTN, as well as M1 lead

of Par. In STN2, Par instead led M1 on Days 1 and 3, but this effect diminished with

task exposure. Otherwise, there were no task exposure-related effects in any subjects.

Notably, δ led γh
δ only for M1 γh

δ with sequence learning in improvers, potentially

reflecting underlying δ→spike coupling that led to the improvement-related increase in

M1 γ’s predictive value (Figure 2.7).
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Network β does not gate motor cortical δ

Using the same approach, we finally tested whether network β gates motor cortical

excitability by assessing δ-β coupling. We calculated coupling between δ phase and the

δ phase of the β amplitude envelope (βδ). Cortical excitability reflected as a deflection in

cortical δ, could be led by cortical β, subcortical β or a combination of both. Thus, we

assessed both intraregional and interregional δ-βδ coupling.

There was substantial overlap of regions with consistent movement-related β

desynchronization and regions with cue-related δ phase alignment (all motor regions in

improvers; motor cortex and putamen in nonimprovers) (Figure 2.15A, Figure 2.19),

suggesting widespread local δ-β coupling. However, significant local δ-βδ directed

coupling was rare, never occurred across all days and demonstrated inconsistent

direction of phase lead in M1 across subjects (Figure 2.20). Local β gating of

low-frequency shifts in M1 excitability was not likely a general mechanism in motor

initiation.

This was also true for interregional β gating of M1 excitability; however, striatocortical

δ→βδ coupling developed with sequence learning in GP1 (Figure 2.21A–B). This

contrasts with sequence practice-related corticostriatal δ-βδ coupling in GP2. With task

exposure, primary motor cortex led PM in both GP subjects, but only in GP1 was GP led

by all recorded brain regions (Put, M1/S1, PM) (Figure 2.21C–D). In STN subjects, no

sequence practice-related effects were observed. However, with task exposure in

STN1, Par led M1 and dSTN, effects absent in STN2. These results associate
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sequence learning and task exposure with unique, anatomically-specific patterns of δ-β

coupling in improvers.

Discussion

This study investigated learning-dependent neural dynamics of motor sequence

initiation in PD. We hypothesized that β→δ→spike interactions influence motor cortex

regardless of learning stage but that, with practice, coordinated network δ activity

increases the consistency of sequence-specific cortical and basal ganglia spiking

patterns through δ→spike coupling (Figure 2.1B). Though all subjects demonstrated

M1 β desynchronization, δ phase alignment to cue and γ synchronization, in no subjects

was a continuous cascade of β→δ→γ consistently present—possibly reflecting

PD-related neuropathophysiology (Figures 2.22–2.23). Rather, δ-β and δ-γ coupling

were highly learning-dependent, related to optimization of preparatory activity. However,

we did observe cortically-led network δ synchrony alongside increasingly predictive

sequence-specific cortical and basal ganglia γ activity in improvers. Furthermore, M1 γ’s

increasing predictive value was linked to coupling with synchronized network δ. This ties

cue-aligned coordinated network δ to enhanced recruitment of sequence-specific neural

activity. In contrast, in nonimprovers, a lack of coordinated network δ activity

corresponded with a lack of CFC and decreasingly predictive γ in some brain regions.

Highly coherent inter-basal ganglia δ did not synchronize with cortex or align to visual

cues, suggesting that pathologically synchronized BG δ could interfere with BG δ phase

coding by reducing BG sensitivity to cortical input during motor initiation, ultimately
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disrupting motor learning. These results are consistent with the possibility that motor

cortex and basal ganglia regions support multi-element preplanning in PD, which

network activity optimizes with successful learning.

More broadly, sequence learning and task exposure brought distinct patterns of

functional connectivity, linked by a common framework of cortically-led δ synchrony in

improvers. The joint absence of sequence practice- and task exposure-related

functional connectivity involving BG δ in nonimprovers suggests their possible

interdependence. These findings support a model for sequence initiation in PD wherein

preparatory cortically-led network δ reflects an organizing network process common to

sequence and task learning, with the two learning types distinguished by a unique

interplay of δ synchrony and CFC.

The β→δ→γ framework for motor initiation: an assessment in Parkinson's Disease

A cascade of basal ganglia or cortical β→cortical δ→cortical γ to produce general motor

initiation, suggested by previous work, was absent in our subjects67,79,84,114,133,134,148–154.

Nevertheless, our subjects still successfully initiated movement, indicating that the

gating framework might only describe contributing, rather than prerequisite, factors to

motor initiation in some individuals with PD.

In contrast to this cascade, we observed a notable prevalence of local and interregional

γ→δ coupling with cortical δ. This direction is opposite of that which we predicted, but
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most studies assessing δ coupling with γ or with spiking activity have assessed only

undirected coupling34,155–157. The local motor cortical δ-γ coupling in our subjects could

have been compensatory or pathological, related to the increase in cortical δ sometimes

seen with PD progression158–160. This would be analogous to the coincidence of elevated

cortical δ and disrupted δ-spike coupling after stroke, which recovers alongside motor

improvements114.

Practice-driven pre-movement sequence-specific activity

Though pre-movement sequence-specific activity has been observed in nonhuman

primate motor cortex, there has been limited electrophysiological investigation of

pre-movement sequence-specific activity in the human brain116,117. Decoding analysis of

pre-movement neural activity revealed sequence specificity throughout the recorded

network in all subjects on all days, suggesting that activity in all recorded brain regions

reflected a sequence-specific initiation signal irrespective of learning stage. Among

canonical frequency bands, γ had the widest bandwidth, resulting in the highest number

of constituent narrowband features after spectral transformation. This inherently

increased the representation of γ features in the total feature set, potentially biasing

their importance relative to features of other bands. However, the application of lasso

regularization and within-time-frequency percentile-based feature selection mitigated

this risk by prioritizing features based on sparsity and discriminative value.

Sequence-specific γ activity may have arisen because distinct ensembles can consist of
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unique constituent neurons, with specific firing patterns and spatial proximities to the

recording contacts resulting in distinct field potential dynamics135,161.

Changes in classification accuracy of sequence-specific activity could likewise indirectly

relate to changes in variability of local sequence-specific ensemble activity. This predicts

increasing classification accuracy in improvers, associated with δ synchrony and

enhanced δ→γ coupling109–112,114—which we observed. However, while classification

accuracy increased in most brain regions in improvers, sequence learning-related δ→γ

coupling only occurred for M1 γ. Unrecorded regions may have contributed to the

increase in γ’s predictive value in regions outside of M1. Alternatively, δ may have

influenced sequence-specific activity indirectly through its lead of β, which has also

been proposed to bind together action plan-specific neural ensembles across the motor

network114. In nonimprovers, the lack of performance decline despite decreased

classification accuracy in some brain regions suggests that increased variability in

ensemble activity was insufficient to worsen improvement or offset by compensatory

mechanisms.

Importantly, these suppositions are ultimately conjecture. Given our small sample size

and recordings at the level of populations rather than individual neurons, this predictive

analysis may best serve as a recommendation system to inspire future experimental

work.
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Sequence learning and task exposure produced distinct patterns of cortico-basal

ganglia coupling

Sequence learning and task exposure were associated with distinct changes in

cross-frequency activity in improvers. Most notably, basal ganglia→cortex CFC occurred

only in improvers, only with sequence learning and only involving dSTN and putamen δ.

This is broadly consistent with models of the cortico-basal ganglia system implicating

these regions in motor learning and action selection and with the possibility that

pre-movement δ→β and δ→γ are involved in enhanced neural pattern

organization5,7,17,162–166. This centers basal ganglia feedback during motor initiation as a

possible factor in motor improvement134.

Changes in δ synchrony also differed for sequence learning and task exposure. Our

finding of sequence learning-related corticostriatal synchrony is consistent with findings

from human neuroimaging54,167,168. We further established a cortex→striatum direction of

lead and found sequence learning-related M1→dSTN connectivity. In contrast, task

exposure involved the development of parietal δ lead of M1. This aligns with S1→M1

activation previously detected in a human ECoG finger movement study that suggested

a predictive efference copy169. Another notable effect of task exposure was the

development of GP→PM δ synchrony, which completed a possible loop of cortico-basal

ganglia δ phase coordination, through PM→Put→GP→PM. Motor cortical β lead of both

GP δ and PM δ with task exposure may have facilitated the δ loop. This task

exposure-related coordinated activity could reflect an electrophysiological substrate for
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the general motor familiarization or optimization of attentional processes, which could

aid future sequence learning155,170–172.

Perhaps the most apparent inconsistencies between ours and previous work relate to a

rodent study of the reach-to-grasp (RTG) task90. Lemke et al. found that low-frequency

(3–6 Hz) corticostriatal LFP activity was essential to motor learning but not present

during skill acquisition and not important to the dexterous component of movement. This

contrasts with our finding that corticostriatal low frequency (0.5–4 Hz) synchrony was

present during skill acquisition for dexterous movement. This discrepancy could result

from differences in learning stage or type. The rodents learned a novel grasping task

without extensive prior motor familiarization, whereas our subjects had typing

experience and a full task run-through before the experiment. Our task also required

learning the serial order of individuated digit movements, which is thought to rely on

striatum in primates—a key component absent in rodent RTG173. Taken together, our

studies suggest that corticostriatal low-frequency synchrony may be related to both the

initiation of externally cued dexterous movements and the execution of coarse

movements.

Few effects of sequence practice and task exposure in nonimprovers: possible impact

of pathologically synchronized basal ganglia δ

In nonimprovers, all effects of sequence practice seen in improvers were absent, and

there were strikingly few neural correlates of task exposure. All observed sequence
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practice- or task exposure-related effects occurred in GP2 and involved M1 leading PM

and GP. This is consistent with GP2’s trending but insignificant performance

improvement and suggests that some sequence learning occurred through M1

compensatory processes, insufficient to drive detectable changes in behavior, or that

some observed M1 activity was maladaptive—possibly both93,174,175. In STN2, the

relatively short reaction time window may have quantitatively limited the likelihood of

detecting across-day connectivity increases. However, the detection of across-day

decrease in STN2’s inter-BG δ synchrony and corticocortical δ-γ coupling shows that

changes in functional connectivity were detectable. That both sequence practice- and

task exposure-related effects involving subcortical δ in improvers were absent in

nonimprovers highlights a possible role of cortico-basal ganglia δ communication in both

processes and, likewise, suggests a possible interdependence of these processes that

warrants future study.

The shared absence of sequence practice- and task exposure-related effects involving

BG δ may have been related to high session-wide inter-basal ganglia δ synchrony.

Human and animal studies have detected δ-range spiking activity in GP and STN in low

dopamine states, which could represent either a low tremor frequency or a unique

biomarker of motor symptoms176–178. Either case proposes that ineffective therapeutic

restoration of BG dopaminergic transmission permits pathological δ activity. Consistent

with this, subjects exhibiting elevated BG δ synchrony were those for whom general

motor function remained the most compromised while on dopamine medication (Table

2.1). However, their daily post-task UPDRS upper limb scores were comparable to

those of other subjects and demonstrated no apparent across-day drop alongside the
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across-day decrease in BG δ synchrony (Table 2.3). It is possible that task exposure

drove the across-day BG δ synchrony decrease, promoting the possibility of future

learning, and that the MDS-UPDRS upper limb component was too insensitive to detect

associated changes in hallmark upper limb motor symptoms179. Alternatively, a

temporary functional lesion from subcortical lead insertion may have temporarily

increased δ, similar to the effect of cortical stroke114. Given the small sample size and

inherent inter-individual variability, it is possible that, by chance, BG δ had recovered in

improvers before the start of the experiment, while nonimprovers had longer BG δ

recovery timelines, in part leading to the learning differences between these groups. In

any case, the concurrent lack of improvement and lack of sequence practice- or task

exposure-related effects involving BG δ suggests that event-related coordination of

basal ganglia δ may have been crucial to motor learning in these subjects.

Coordinated network δ as a facilitatory network state for learning-dependent

cross-frequency coupling during sequence initiation

From the theoretical standpoint, δ is an ideal substrate for information multiplexing, local

gain modulation and information transfer between distant phase-aligned brain

regions118,120,170–172. Experimental evidence supports this, showing a role for δ in

information sequencing through phase-specific ensemble patterning; sensory

integration and attentional control through gain modulation achieved by changes in

neural excitability; and functional network organization, information transfer and
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distributed representation through cross-area coordinated activity that coactivates

distributed ensembles34,90,109,118,120,121,123,180,181.

Consistent with these roles, in our study, cross-area coordination of δ phase may have

formed the infrastructure for a cue-responsive network state, within which

learning-related δ-β and δ-γ coupling developed. Almost every instance of significant δ

phase alignment to cue was synchronized with network δ, and many of these cases

involved directed phase lead. While δ synchrony and phase alignment to cue occurred

on Day 1 and increased across days, directed δ-β and δ-γ couplings were initially

mostly absent. Only brain regions that demonstrated δ phase alignment to cue

contributed δ to interregional δ→β or δ→γ coupling. Coupling in which β or γ led δ was

often associated with the receiving δ demonstrating enhanced cue alignment or

enhanced lead of other brain regions, suggesting a possible learning-dependent role for

β and γ in the organization of network δ. These results highlight a potential role for

cross-area δ synchrony in driving consistent event-related δ phase dynamics in local

activity, which can, in turn, support phase coding in the patterning of high frequency

activity.

This link between motor performance-related δ activity and CFC is consistent with

lesion experiments in animal models and observational studies of the human cortical

grasp network34,90,109. Other work has found reaction time-correlated cue-responsive δ

phase reset in human hippocampus; reaction time-correlated δ phase in rat motor

thalamus coupled to local spiking; motor learning-related M1-cerebellar δ synchrony in

rats with enhanced cross-area spiking activity and even evidence for prefrontal
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guidance of motor plans via δ-β coupling in humans182–185. Coordinated δ may ultimately

reflect a motor system-wide neural process facilitating local and distributed activity

patterns over the course of learning.

An important question is what neurophysiological activity is actually reflected in spectral

estimates of δ recorded with mesoscale electrophysiology, and the answer may be a

combination of multiple possibilities. While δ has been associated with excitability and

with single-unit spiking at δ frequency, it has also, similar to γ, been linked to the

dynamics of population spiking activity157,186, and it could reflect synaptic input187–190. It is

thus important to clarify that δ activity may not directly drive other neural activity, per sé,

but rather reflect the dynamics of some component of the underlying process that is

directly responsible for driving the observed network effects.

Clinical implications

To the best of our knowledge, this study is the first invasive electrophysiological

investigation of human cortico-basal ganglia dynamics in motor sequence learning and

possibly the first formal evaluation of isolated fine motor sequence learning in PD

across multiple days of practice. This work helps clarify the intricate and dynamic

functional architecture of the human motor control network in the initiation of fine motor

sequences in Parkinson’s Disease. Our findings posit pre-movement δ phase-specific

striatal or subthalamic neurostimulation as a therapeutic neuromodulatory strategy for

skilled fine motor control.
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Central limitations

While our study demonstrates meaningful advances, it is limited by a small sample size.

Recordings in GP and STN subjects were largely anatomically nonoverlapping, enabling

observation of the unique roles of various brain regions but leaving unverifiable the

consistency of effects across improvers or across nonimprovers. That half of subjects

did not improve enabled stratification of subjects by improvement status, but the

resulting n = 1 per learner type per brain region necessitated reliance on within-subjects

comparisons. Consequently, conclusions based on comparison of improvers and

nonimprovers are inherently weak and may not generalize, as is often the nature of

work in invasive human electrophysiology.

One surprising behavioral observation was that nonimprovers moved at least as quickly

as improvers, indicating that lack of improvement in nonimprovers was not likely due to

greater difficulty in manipulating the keyboard. Nonimprovers may have found the task

too easy at baseline to show measurable speed increases across days, despite actually

learning the sequences. However, while improvers’ single-trial trial durations frequently

demonstrated performance decrement when switching between sequences within day,

suggesting a sequence-switching effect indicative of sequence learning, this effect was

less apparent in nonimprovers. It is possible that improvers more effectively learned the

sequences used during task familiarization prior to the experiment. This could have

resulted in slower initial typing speeds on Day 1 in improvers due to greater interference

from the familiarization sequences. Alternatively, the observed inter-individual variation

in Day 1 typing speeds may reflect typical inter-individual variability prior to learning.

53



Finally, the complex nature of the system and the methods of recording and analyses

employed introduce considerable room for bias. This is particularly true for the

interpretation of data from bipolar montages spanning multiple brain regions and for the

interpretation of cross-frequency and directed coherence. Large task exposure-related

effects may have obscured smaller overlapping effects of sequence practice, and

learning-related functional connectivity likely also occurs in frequency bands beyond

those addressed herein.

Future studies should aim to replicate these findings in a larger cohort and to explore

the impact of Parkinson’s Disease stage and treatment modalities.

Conclusion

In individuals experiencing Parkinson’s Disease, we outline a hierarchical,

learning-dependent functional architecture of oscillatory cortico-basal ganglia activity for

the initiation of fine motor sequences. The findings illuminate how disparities in

information content and flow may relate to disparities in motor learning outcomes.

Extending this work in larger cohorts of individuals with PD could help elucidate the

relationship between clinical characteristics and practice-related neural dynamics and

further clarify the potential for phase-specific basal ganglia stimulation to modulate

pathological neural dynamics in the production of fine motor skills.
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Figures

Figure 2.1. Predicted learning-related cortico-basal ganglia activity during motor sequence initiation.
(A) Illustration of lead targeting for subject groups (LFP, local field potential; DBS, deep brain stimulation; ECoG,
electrocorticography; Put, putamen; GPe, globus pallidus externus; GPi, globus pallidus internus; STN, subthalamic nucleus; PM,
premotor cortex; M1, primary motor cortex; S1, primary somatosensory cortex; SPL, superior parietal lobule). (B) Diagram of
predicted learning-related changes in sequence-specific activity and functional connectivity prior to the onset of motor sequences
over multiple days of practice. (Top) For rapid, sequential finger movements, learning involves the optimization of preplanning for
multiple sequence elements, potentially implemented by increased reliability of sequence-specific ensemble firing patterns in cortex
and basal ganglia. As γ activity correlates with population spiking, this could be reflected by sequence-specific γ activity that
becomes increasingly predictive of future action sequences with practice. (Bottom) Oscillatory network dynamics are thought to drive
general motor initiation and may display learning-dependent changes that lead to increased reliability of ensemble activity patterns.
One possibility is that network β desynchronization enables increased motor cortical excitability, reflected as a shift to the excitatory
phase of cortical δ. In turn, excitability facilitates activation of motor cortical ensembles to produce movement, reflected by
increasing γ amplitude. With motor learning, increased cortico-basal ganglia δ synchrony facilitates enhanced ensemble recruitment,
reflected by δ-γ coupling.
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Figure 2.2. Cortical and subcortical lead reconstructions.
(Top) Sensorimotor quadripolar electrocorticography strips, central sulcus (white), and (Bottom) quadripolar deep brain stimulation
leads localized within the basal ganglia.
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Figure 2.3. Experimental design and behavioral data collection.
(A) On each day, subjects practiced typing two sequences. Interleaved practice blocks each contained 20 repetitions of visually
cued sequence production for a single sequence. Subjects performed the task while on dopamine medication, and no DBS was
delivered during the task or between days. (B) Days 1–3 employed novel Sequences 1 and 2 (S1 and S2), and Day 4 employed
novel Sequences 3 and 4 (S3 and S4). (C) The reaction time period (dashed box) used for neural analysis is demonstrated in an
example trial showing raw data from a custom behavioral setup used to capture finger movement (using capacitive proximity/touch
sensors, force-sensitive resistors and mechanical key switches) and the visual cue (using a photodiode placed on the task computer
screen). Capacitance sensors were calibrated to detect proximity changes of fingers hovering 0 to 2 cm above the keys
(capacitance variation around low values). They could also detect changes in surface area of finger contact with the key associated
with changes in force subthreshold for the force sensors (capacitance variation between low/mid-range and ceiling values). Thus,
capacitance sensor readings were used for motor onset detection, except when motor onset began with a finger already in full
contact with the key, in which case force sensor readings were used (as in the first keypress of this example trial).
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Figure 2.4. Behaviorally distinguishing improvers and nonimprovers.
(A) Example calculation of block performance index (PI) from block average data. Each block performance index is the sum of block
average error rate [1 – accuracy], reaction time [cue onset to movement onset] and trial duration [movement onset to offset]. For
each subject, the block average trial durations and reaction times were each first min-max scaled to [0, 1], using data from all days
to derive the minimum and maximum values. Error bars indicate ±s. (B) Block performance index for each subject. Comparison
across Days 1 and 3 for each of S1 and S2 assessed within-sequence practice-driven performance changes. To help evaluate
whether performance changes from Day 1 to Day 3 were at least in part related to sequence learning and not solely attributable to
changing familiarity with the task and keypad, performance was also compared between pooled Day 3 sequences and pooled Day 4
sequences. Subjects were labeled improvers (ID ending in 1) only if their performance both improved from Day 1 to Day 3 and
worsened when presented with novel sequences on Day 4 (For all comparisons: α=0.05, two-sided, two-sample t-test with unequal
variance. See Tables 2.4–2.5 for p-values.). *p<0.05, **p<0.01, ***p<0.001.
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Figure 2.5. Block average performance data.
Per subject: (Top) block average accuracy, (Middle) block average reaction time [cue onset to movement onset], (Bottom) block
average trial duration [movement onset to offset]. Error bars indicate ±s.
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Figure 2.6. Single-trial performance data.
Single-trial reaction time and trial duration for all fully correct trials.
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Figure 2.7. Pre-movement sequence-specific γ activity, present in all brain regions, demonstrates practice-driven increases
and decreases in discriminability in improvers and nonimprovers, respectively.
(A) Visualization of feature selection pipeline. Features were selected separately for each channel on each day in each subject.
(Left) For selection of amplitude features, the S1 vs. S2 two-sided t-statistic was computed at each time-frequency point. (Middle)
The t-statistic at each time-frequency point was recomputed for 10,000 permutations of trial labels to determine the percentile
ranking of the test value at each time-frequency point relative to its null distribution. (Right) Time-frequency points falling below their
respective 80th-percentile cutoffs were masked, and in each of the remaining time-frequency regions, the time point achieving the
highest percentile was selected as an amplitude feature. This process was repeated for phase data, using phase opposition sum as
the summary statistic. Each resulting phase feature was split into two features comprised of the cartesian phase coordinates.
Classification utilized 10-fold 100-repeat lasso-penalized logistic classification. (B) Example selected features for Days 1 and 3 in
GP1’s PM. (C) Mean decoding accuracy per model after feature selection (Comparison to chance: α=0.05, one-sided, permutation
testing with 1,000 resamples. See Table 2.7 for p-values. Comparison across days: α=0.05, two-sided, permutation test with 10,000
resamples. See Table 2.8 for p-values.). Empty circle reflects mean decoding accuracy across folds for one repeat; white circle
reflects mean decoding accuracy across repeats. (D) Absolute decoding accuracy decreases for features grouped by canonical
frequency band and signal property (amplitude or phase)—a subset of representative plots. (E) Absolute decoding accuracy
decreases for features grouped by frequency into two groups: δ through β (0.5–30 Hz, phase and amplitude) and low γ through high
γ (30–250 Hz, phase and amplitude) (Comparison across days: α=0.05, two-sided, permutation testing with 10,000 resamples. See
Tables 2.9–2.10 for p-values.). White circle reflects mean; black horizontal line reflects median. Box edges correspond to 25th and
75th percentiles. Whiskers span the entire data range excluding outliers. Outliers were computed as 1.5·IQR away from the upper or
lower quartile and are not shown. *p<0.05, **p<0.01, ***p<0.001.
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Figure 2.8. Features selected prior to lasso regularization.
Features were selected separately for each model. Total feature count per model (i.e., per subject per channel per day) prior to lasso
regularization is shown above each channel’s amplitude and phase feature plots. Feature counts are based on each design
matrix and thus include a feature for both the sin(phase) and the cos(phase) of each selected phase time-frequency point.
As a larger number of phase than amplitude time-frequency points tended to reach the 80th percentile cutoff for feature selection,
the indicated total feature counts are at least 50% higher than the number of initially selected time-frequency points.
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Figure 2.9. On Days 1  –3, overall sequence performance was comparable between S1 and S2.
Across-sequence comparison of performance within each day assessed differences in overall performance level (α=0.05, two-sided,
two-sample t-test with unequal variance. See Table 2.6 for p-values.). *p<0.05, **p<0.01, ***p<0.001.
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Figure 2.10. Correlations between features after grouping by canonical frequency band and signal property.
(A) Example feature correlation matrix for a single model, where light gray lines separate feature groups. (B) For each model, a
swarm plot of all possible feature correlations between features in different groups. Features were grouped by canonical frequency
band and also by signal property, i.e., δ phase features were grouped separately from δ amplitude features, as well as from all other
canonical frequency bands. Total number of feature correlations between features in different feature groups for a given model is
shown below corresponding swarm plots.
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Figure 2.11. Absolute decoding accuracy decreases for features grouped by canonical frequency band and signal property.
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Figure 2.12. Correlations between features after grouping into 1) δ through β and 2) low γ through high γ.
For each model, a swarm plot of all possible feature correlations between features in different groups. Features were grouped into δ
through β (0.5–30 Hz) and low γ through high γ (30–250 Hz), with amplitude and phase features grouped together. Total number of
feature correlations between features in different groups for a given model is shown below corresponding swarm plots.
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Figure 2.13. Single-trial δ time domain data.
Data is aligned to cue onset and plotted as x̄±s.
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Figure 2.14. Day 3 single-trial δ phase.
(A) δ phase data aligned to cue onset. (B) Example of phase locking value calculation. Phase locking value was first calculated
within sequence and smoothed with a 150 ms-long Gaussian window. Resulting time series were averaged across the two
sequences to compute the overall phase locking value for this brain region on this day.

68



Figure 2.15. Improvement is associated with cortically-led network δ phase synchrony, to which sequence learning and
task exposure add distinct effects, while lack of improvement is associated with highly synchronous BG δ.
(A) (Left) All Day 3 single-trial δ phase time series after cue onset in the pallidum of GP1 and GP2. (Right) Phase locking value
(PLV) after cue onset on Days 1, 3 and 4. (Figure caption continued on the next page.)
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(Figure caption continued from the previous page). Solid line indicates PLV significantly higher than chance (α=0.05, one-sided,
cluster-based permutation test with 10,000 resamples. See Table 2.11 for p-values.). Shaded box indicates significant difference in
PLV between days (α=0.05, two-sided, cluster-based permutation with 10,000 resamples. See Table 2.12 for p-values.). (B) Effects
in δ synchrony. (Large plots) δ pairwise phase consistency (PPC, undirected measure) time series for all channel pairs. Solid line
indicates PPC significantly higher than session-wide baseline, i.e., h0=coherence aligned cue is the same as general coherence
levels not aligned to cue (rather than h0=no coherence) (α=0.05, one-sided, cluster-based permutation with 10,000 resamples. See
Table 2.13 for p-values.). Shaded box indicates significant difference in PPC between days (α=0.05, two-sided, cluster-based
permutation with 10,000 resamples. See Table 2.14 for p-values.). (Insets) Phase slope index (PSI, directed measure) for significant
PPC time series. Solid line indicates significant PSI (h0=no channel leads, α=0.05, two-sided, cluster-based permutation with 10,000
resamples. See Table 2.15 for p-values.). (C) Session-wide baseline basal ganglia δ pairwise phase consistency averaged across
time. Calculated by taking the null distribution of time series resampled from each session in (B) and averaging each null PPC
sample across time. Change in session baseline across Days 1 and 4 was tested (α=0.05, two-sided, permutation testing with
10,000 resamples. See Table 2.16: p-values.). White circle reflects mean; black horizontal line reflects median. Box edges
correspond to 25th and 75th percentiles. Whiskers span entire data range excluding outliers. Outliers were computed as 1.5·IQR
away from the upper or lower quartile and are not shown. ***p<0.001. (D) Network diagrams illustrating sequence practice-related δ
coherence effects. (E) Network diagrams illustrating task exposure-related δ coherence effects.
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Figure 2.16. Intraregional δ-γ coupling.
(Large plots) Pairwise phase consistency (PPC, undirected measure) was calculated between δ phase and the δ phase of the high γ
amplitude envelope. Solid line indicates significant PPC (h0=coherence is not higher than expected given the phase distribution,
α=0.05, one-sided, cluster-based permutation with 10,000 resamples. See Table 2.17 for p-values.). Shaded box indicates
significant difference in PPC between days (α=0.05, two-sided, cluster-based permutation with 10,000 resamples. See Table 2.18
for p-values.). (Insets) Phase slope index (PSI, directed measure) for significant PPC time series. Solid line indicates significant PSI
(h0=no channel leads, α=0.05, two-sided, cluster-based permutation with 10,000 resamples. See Table 2.19 for p-values.).
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Figure 2.17. High γ amplitude distributions.
(Box plots) Change in high γ amplitude from cue onset to the last 25% of the reaction time period, after linear interpolation of all RT
period trials to the same length and smoothing of γ amplitude across time (α=0.05, one-sided, bootstrap estimation of x̄ with 10,000
resamples. See Table 2.20 for p-values.). White circle reflects mean; black horizontal line reflects median. Box edges correspond to
25th and 75th percentiles. Whiskers span entire data range excluding outliers. Outliers were computed as 1.5·IQR away from the
upper or lower quartile and are not shown. (Insets) GP1 and GP2 trial average γ amplitude time series in premotor cortex, with black
rectangle indicating the window over which γ amplitude is averaged for individual trials. Error bars indicate ±s. *p<0.05, **p<0.01,
***p<0.001.
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Figure 2.18. Sequence learning is associated with specific corticocortical, cortico-basal ganglia and inter-basal ganglia δ-γ
couplings.
(A) Sequence practice-related effects in interregional δ-γh

δ coherence. (Large plots) Pairwise phase consistency (PPC, undirected
measure) was calculated between δ phase and the δ phase of the high γ amplitude envelope. Solid line indicates significant PPC
(h0=coherence is not higher than expected given the phase distribution, α=0.05, one-sided, cluster-based permutation with 10,000
resamples. See Table 2.21 for p-values.). Shaded box indicates significant difference in PPC between days (α=0.05, two-sided,
cluster-based permutation with 10,000 resamples. See Table 2.22 for p-values.). (Insets) Phase slope index (PSI, directed measure)
for significant PPC time series. Solid line indicates significant PSI (h0=no channel leads, α=0.05, two-sided, cluster-based
permutation with 10,000 resamples. See Table 2.23 for p-values.). (B) Network diagrams illustrating sequence practice-related δ-γh

δ

effects.
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Figure 2.19. β amplitude distributions.
(Box plots) Change in β amplitude from cue onset to the last 25% of the reaction time period, after linear interpolation of all RT
period trials to the same length and smoothing of β amplitude across time (α=0.05, one-sided, bootstrap estimation of x̄ with 10,000
resamples. See Table 2.24 for p-values.). White circle reflects mean; black horizontal line reflects median. Box edges correspond to
25th and 75th percentiles. Whiskers span entire data range excluding outliers. Outliers were computed as 1.5·IQR away from the
upper or lower quartile and are not shown. (Insets) GP1 and GP2 trial average β amplitude time series in pallidum, with black
rectangle indicating the window over which β amplitude is averaged for individual trials. Error bars indicate ±s. *p<0.05, **p<0.01,
***p<0.001.
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Figure 2.20. Intraregional δ-β coupling.
(Large plots) Pairwise phase consistency (PPC, undirected measure) was calculated between δ phase and the δ phase of the β
amplitude envelope. Solid line indicates significant PPC (h0=coherence is not higher than that expected given the phase distribution,
α=0.05, one-sided, cluster-based permutation with 10,000 resamples. See Table 2.25 for p-values.). Shaded box indicates
significant difference in PPC between days (α=0.05, two-sided, cluster-based permutation with 10,000 resamples. See Table 2.26
for p-values.). (Insets) Phase slope index (PSI, directed measure) for significant PPC time series. Solid line indicates significant PSI
(h0=no channel leads, α=0.05, two-sided, cluster-based permutation with 10,000 resamples. See Table 2.27 for p-values.).
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Figure 2.21. Striatocortical δ-β coupling increases with sequence learning, while task exposure brings a range of δ-β
couplings in improvers mostly absent in nonimprovers.
(A) Sequence practice-related effects in interregional δ-βδ coherence. (Large plots) Pairwise phase consistency (PPC, undirected
measure) was calculated between δ phase and the δ phase of the β amplitude envelope. Solid line indicates significant PPC
(h0=coherence is not higher than expected given the phase distribution, α=0.05, one-sided, cluster-based permutation with 10,000
resamples. See Table 2.28 for p-values.). Shaded box indicates significant difference in PPC between days (α=0.05, two-sided,
cluster-based permutation with 10,000 resamples. See Table 2.29 for p-values.). (Insets) Phase slope index (PSI, directed measure)
for significant PPC time series. Solid line indicates significant PSI (h0=no channel leads, α=0.05, two-sided, cluster-based
permutation with 10,000 resamples. See Table 2.30 for p-values.). (B) Network diagrams illustrating sequence practice-related δ-βδ

effects. (C) Task exposure-related effects in interregional δ-βδ coherence. Visualization and statistics identical to (A) (See Tables
2.31–2.33 for p-values.). (D) Network diagrams illustrating task exposure-related δ-βδ effects.
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Figure 2.22. Observed learning-related cortico-basal ganglia activity during motor sequence initiation.
Diagram of observed learning-related changes in sequence-specific activity and functional connectivity prior to the onset of motor
sequences over multiple days of practice. (Left) Sequence-specific γ activity was present in all brain regions for all subjects. With
practice, γ’s predictive value increased in subjects who demonstrated performance improvement (improvers) but decreased in
subjects who did not (nonimprovers). (Right) As motor sequence learning overlaps with increasing familiarity with the experimental
process, we dissociated the effects related to sequence practice from those related to task exposure. Improvers exhibited
cortico-basal ganglia δ synchrony that, with sequence learning and task exposure, coincided with distinct patterns of functional
connectivity. In nonimprovers, inter-basal ganglia δ was highly coherent and did not consistently respond to task events or
coordinate with cortex. Very little learning-related functional connectivity was observed. Notably, no subjects demonstrated a
consistent β→δ→γ cascade—possibly a reflection of PD-related neuropathophysiology.
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Figure 2.23. Coordinated δ activity supports a hierarchical functional network that reflects the specialized roles of
cortico-basal ganglia regions in motor learning.
Composite diagrams of interregional effects associated with (A) sequence practice and (B) task exposure. Notably, no directed δ-βδ

or δ-γh
δ interregional couplings were associated with general sequence initiation across days, and cross-frequency coupling (CFC)

instead developed with sequence practice or task exposure. Furthermore, only brain regions that demonstrated δ phase alignment
to cue and synchronized with motor cortical δ contributed δ to any learning-related interregional δ→βδ or δ→γh

δ coupling. In
improvers, sequence learning and task exposure brought different CFC patterns and changes to network δ dynamics, though
sequence learning and task exposure were linked by a common framework of cortically-led network δ synchrony. Almost all
observed communication between cortex and basal ganglia in improvers involved basal ganglia δ. Nevertheless, for each type of
communication, the presence and direction of coupling depended on the involved brain regions, indicative of their specialized roles.
In nonimprovers, highly synchronized basal ganglia δ coincided with minimal functional connectivity in the assessed frequency
bands.
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Tables

Table 2.1. Subject demographic and clinical information.
MoCA, Montreal Cognitive Assessment; UPDRS, Unified Parkinson’s Disease Rating Scale. Given the small sample size, age and
sex have been omitted to retain participant privacy.

Dominant
Hand

Pre-Op
MoCA

Pre-Op
UPDRS
ON Med

Pre-Op
UPDRS

OFF Med

%
Change
ON Med

Primary
Symptoms

GP1 R 28 9 18 -50%
Hand tremor,
bradykinesia,

gait

GP2 R 27 17 31 -45%
Hand tremor,
bradykinesia,

gait

STN1 R 26 5 32 -84% Hand tremor,
bradykinesia

STN2 R 28 10 31 -68% Hand tremor,
bradykinesia
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Table 2.2. Sequences.
No sequences contained repeated adjacent elements, rising or falling triplets, or the thumb. All sequences paired for
comparison within and across days started with the same first and last elements. Block order of S1 and S2 was
switched on Day 2.

Familiarization Day 1 Day 2 Day 3 Day 4

GP1 2-4-5-3-2
2-3-5-4-2

4-2-3-5-4
4-5-3-2-4

4-5-3-2-4
4-2-3-5-4

4-2-3-5-4
4-5-3-2-4

4-2-5-3-4
4-3-5-2-4

GP2
2-5-3-4-2
2-4-3-5-2

3-4-2-5-3
3-5-2-4-3

3-5-2-4-3
3-4-2-5-3

3-4-2-5-3
3-5-2-4-3

3-2-4-5-3
3-5-4-2-3

STN1
2-4-3-5-2
2-5-3-4-2

3-4-2-5-3
3-5-2-4-3

3-5-2-4-3
3-4-2-5-3

3-4-2-5-3
3-5-2-4-3

3-2-4-5-3
3-5-4-2-3

STN2 2-4-5-3-2
2-3-5-4-2

4-2-3-5-4
4-5-3-2-4

4-5-3-2-4
4-2-3-5-4

4-2-3-5-4
4-5-3-2-4

4-2-5-3-4
4-3-5-2-4
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Table 2.3. Supplementary data collection.
Scores for the upper limb component of the UPDRS performed immediately after the typing task each day and the prior night’s
sleep duration, collected with a sleep journal. F, Familiarization.

Day Postural
Tremor

Kinetic
Tremor

Finger
Tapping

Hand
Movements

Pronation/
Supination Total Prior Night’s

Sleep (hr)

GP1 F 1 1 2 2 1 7 7.75

1 1 0 3 2 3 9 4

2 1 1 3 2 2 9 8

3 2 1 3 2 1 9 7

4 1 1 2 2 2 8 7

GP2 F 1 2 2 3 1 9 7.5

1 1 1 3 3 2 10 7

2 1 2 2 2 1 8 8.25

3 1 2 2 2 1 8 8

4 2 2 2 2 1 9 8

STN1 F 1 0 2 1 2 6 7

1 2 1 0 0 1 4 7.25

2 1 0 0 1 0 2 8.5

3 0 0 1 1 1 3 5.25

4 1 0 0 0 1 2 8.75

STN2 F 1 0 2 2 1 6 6

1 1 0 2 2 1 6 6.5

2 0 1 2 2 1 6 9.5

3 0 1 2 1 1 5 8

4 0 1 2 2 1 6 8.5

(R/task hand) Range: [0, 4] 0 = none, 4 = severe
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Table 2.4. Behavioral comparison within sequences across days (Day 1 vs. Day 3): p-values.

Sequence n p-value

GP1 S1 15 0.031648

S2 16 0.002312

GP2 S1 16 0.089923

S2 16 0.243550

STN1 S1 16 0.000241

S2 16 0.000087

STN2 S1 16 0.496600

S2 16 0.853360
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Table 2.5. Behavioral comparison of pooled sequences across days (Day 3 vs. Day 4): p-values.

n p-value

GP1 31 0.000033

GP2 32 0.005224

STN1 32 0.000666

STN2 32 0.440650
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Table 2.6. Within-day across-sequence comparison of performance index: p-values.

p-value

n Day 1 Day 2 Day 3 Day 4

GP1 15 0.133600 0.531500 0.676200 0.211800

GP2 16 0.231800 0.928800 0.858200 0.002000

STN1 16 0.545000 0.149700 0.317100 0.030900

STN2 16 0.651000 0.090300 0.927000 0.000002
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Table 2.7. Baseline testing of model performance in single-trial classification: p-values.

p-value

Region n Day 1 Day 3

GP1 GP 238 0.000999 0.000999

Put 238 0.000999 0.000999

M1/S1 238 0.000999 0.000999

PM 238 0.000999 0.000999

GP2 GP 206 0.000999 0.000999

Put 206 0.000999 0.000999

M1 206 0.000999 0.000999

PM 206 0.000999 0.000999

STN1 vSTN 158 0.000999 0.000999

dSTN 158 0.000999 0.000999

M1 158 0.000999 0.000999

Par 158 0.000999 0.000999

STN2 vSTN 182 0.000999 0.000999

dSTN 182 0.000999 0.000999

M1 182 0.000999 0.000999

Par 182 0.000999 0.000999
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Table 2.8. Across-day testing of model performance in single-trial classification: p-values.

Region n p-value

GP1 GP 476 0.000100

Put 476 0.000100

M1/S1 476 0.000100

PM 476 0.000100

GP2 GP 412 0.000100

Put 412 0.000100

M1 412 0.000200

PM 412 0.000100

STN1 vSTN 316 0.000100

dSTN 316 0.000100

M1 316 0.000100

Par 316 0.140086

STN2 vSTN 364 0.000100

dSTN 364 0.000100

M1 364 0.000100

Par 364 0.000100
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Table 2.9. Across-day testing of feature importance (high frequencies): p-values.

Region n p-value

GP1 GP 476 0.000100

Put 476 0.000100

M1/S1 476 0.000100

PM 476 0.000100

GP2 GP 412 0.024698

Put 412 0.000100

M1 412 0.000200

PM 412 0.000100

STN1 vSTN 316 0.000100

dSTN 316 0.395160

M1 316 0.000100

Par 316 0.059694

STN2 vSTN 364 0.000100

dSTN 364 0.000100

M1 364 0.226777

Par 364 0.000100
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Table 2.10. Across-day testing of feature importance (low frequencies): p-values.

Region n p-value

GP1 GP 476 0.000100

Put 476 0.013299

M1/S1 476 0.000100

PM 476 0.831917

GP2 GP 412 0.000100

Put 412 0.069293

M1 412 0.000100

PM 412 0.001200

STN1 vSTN 316 0.003500

dSTN 316 0.020398

M1 316 0.777222

Par 316 0.378362

STN2 vSTN 364 0.049995

dSTN 364 0.024498

M1 364 0.000100

Par 364 0.000100
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Table 2.11. Baseline testing of local cue-related δ phase locking value: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238 0.000100 0.000100 0.000100

Put 238 0.002300 0.002500 0.000100

M1/S1 238 0.015898 0.000100 0.000100

PM 238 0.000500 0.000500 0.000900

GP2 GP 202 0.155084

Put 202 0.009099 0.000100

M1 202 0.001400 0.000100 0.000300

PM 202 0.003100 0.001700 0.004000

STN1 vSTN 192 0.000100 0.000100

dSTN 192 0.000100 0.001200

M1 192 0.045195
0.130987

0.042196
0.036096 0.008199

Par 192 0.120588
0.158384 0.000100 0.000100

STN2 vSTN 182 0.034497 0.098290

dSTN 182

M1 182 0.024198 0.021398 0.000100

Par 182 0.000100 0.000100 0.106189
0.078192
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Table 2.12. Across-day testing of local cue-related δ phase locking value: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 GP 238 0.035096 0.002700

Put 238 0.195580
0.075092 0.082892 0.094291

M1/S1 238 0.0150985
0.195780 0.041896

PM 238 0.002400

GP2 GP 202

Put 202 0.043596 0.170983
0.170983

M1 202 0.020798 0.074493 0.044496

PM 202 0.022298 0.206479

STN1 vSTN 192 0.000100 0.189781
0.001500

dSTN 192 0.000100 0.022098 0.001200

M1 192 0.108189 0.032097

Par 192 0.000600 0.000100

STN2 vSTN 182

dSTN 182

M1 182

Par 182 0.017498
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Table 2.13. Baseline testing of δ PPC: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP-Put 238 0.001400 0.001300 0.003200

GP-M1/S1 238 0.016798 0.001800 0.007499
0.124588

GP-PM 238 0.004500 0.000400 0.000400

Put-M1/S1 238 0.094291
0.042696 0.005799 0.012799

Put-PM 238 0.004100 0.004900 0.002000

M1/S1-PM 238 0.002900 0.004100 0.000500

GP2 GP-Put 202

GP-M1 202

GP-PM 202

Put-M1 202 0.037796

Put-PM 202 0.164084
0.106589 0.060794

M1-PM 202 0.004500 0.000600

STN1 vSTN-dSTN 192 0.174083
0.005999 0.126987

vSTN-M1 192 0.076692 0.054195

vSTN-Par 192 0.001900

dSTN-M1 192 0.180782 0.010099 0.002100

dSTN-Par 192 0.003400 0.000600

Par-M1 192 0.000300 0.002400

STN2 vSTN-dSTN 182 0.000100 0.000100

vSTN-M1 182 0.005699

vSTN-Par 182 0.130587 0.074693

dSTN-M1 182

dSTN-Par 182 0.088791 0.111189
0.087591

Par-M1 182
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Table 2.14. Across-day testing of δ PPC: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 GP-Put 476 0.121488 0.022398 0.089191

GP-M1/S1 476

GP-PM 476 0.182882 0.073093

Put-M1/S1 476 0.140886 0.075392

Put-PM 476 0.105789 0.028097 0.092891

M1/S1-PM 476

GP2 GP-Put 404 0.000100 0.118988 0.000100

GP-M1 404

GP-PM 404 0.006199 0.028197
0.007699

Put-M1 404 0.022098 0.242376 0.208179

Put-PM 404 0.067693

M1-PM 404 0.001700 0.000400

STN1 vSTN-dSTN 384 0.000100 0.053395
0.095890 0.000100

vSTN-M1 384 0.161384

vSTN-Par 384 0.017998 0.174183

dSTN-M1 384 0.020598 0.130387

dSTN-Par 384 0.005199 0.197480
0.138986 0.000600

Par-M1 384 0.185581

STN2 vSTN-dSTN 364 0.086191 0.000100

vSTN-M1 364 0.006799 0.115288 0.069793

vSTN-Par 364

dSTN-M1 364

dSTN-Par 364 0.163184

Par-M1 364 0.131287
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Table 2.15. Baseline testing of δ PSI: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first. NA, not applicable.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP-Put 238 0.081592
0.000300 0.000100 0.000300

GP-M1/S1 238 0.003400 0.001600 0.000800

GP-PM 238 0.032897 0.005799

Put-M1/S1 238 0.018798 0.088191
0.001300 0.001600

Put-PM 238 0.001500 0.000800 0.000300

M1/S1-PM 238 0.000400 0.000600 0.000600

GP2 GP-Put 202 NA NA NA

GP-M1 202 NA NA NA

GP-PM 202 NA NA NA

Put-M1 202 NA NA

Put-PM 202 NA NA NA

M1-PM 202 NA 0.000600 0.089691

STN1 vSTN-dSTN 192 NA NA

vSTN-M1 192 NA NA NA

vSTN-Par 192 NA NA

dSTN-M1 192 NA 0.004400 0.059394

dSTN-Par 192 NA 0.012499

Par-M1 192 NA 0.013399

STN2 vSTN-dSTN 182 NA

vSTN-M1 182 NA NA

vSTN-Par 182 NA NA NA

dSTN-M1 182 NA NA NA

dSTN-Par 182 NA NA NA

Par-M1 182 NA NA NA
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Table 2.16. Across-day testing of session-wide null PPC: p-values.

p-value

GP1 0.000100

GP2 0.000100

STN1 0.000100

STN2 0.000100
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Table 2.17. Baseline testing of intraregional δ-γh
δ PPC: sequence learning-related p-values.

Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238

Put 238 0.284870

M1/S1 238 0.000400 0.046695

PM 238 0.097890 0.203880

GP2 GP 202 0.19548
0.034697

Put 202 0.198180

M1 202 0.297770
0.001100 0.058994

PM 202 0.130990

STN1 vSTN 192 0.184380

dSTN 192 0.304670

M1 192 0.070593 0.024998

Par 192 0.041596 0.166280

STN2 vSTN 182

dSTN 182 0.000100 0.143390
0.010499

M1 182 0.006999 0.000100 0.000100

Par 182 0.040096 0.002900
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Table 2.18. Across-day testing of intraregional δ-γh
δ PPC: sequence learning-related p-values.

Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 GP 476 0.228380

Put 476

M1/S1 476 0.050295 0.015898

PM 476 0.250570

GP2 GP 404 0.186080

Put 404 0.102790 0.115090

M1 404 0.186280
0.000300 0.277470

PM 404

STN1 vSTN 384 0.110190

dSTN 384 0.008599

M1 384 0.081292 0.133390
0.028397 0.034097

Par 384

STN2 vSTN 364

dSTN 364

M1 364

Par 364 0.006899
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Table 2.19. Baseline testing of intraregional δ-γh
δ PSI: sequence learning-related p-values.

Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first. NA, not applicable.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238 NA NA NA

Put 238 NA NA NA

M1/S1 238 NA 0.001200 0.016998

PM 238 NA NA NA

GP2 GP 202 0.021698 NA NA

Put 202 NA NA NA

M1 202 NA NA

PM 202 NA NA NA

STN1 vSTN 192 NA NA NA

dSTN 192 NA NA NA

M1 192 NA NA 0.031397

Par 192 0.008699
0.026997 NA NA

STN2 vSTN 182 NA NA NA

dSTN 182 NA

M1 182 0.000100

Par 182 NA 0.005599 0.017498
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Table 2.20. Baseline testing of movement-related γ amplitude synchronization: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. For each statistical test, 10,000 bootstrap samples of gamma amplitude were generated. The
p-value was computed as percent of bootstrap sample means < 0.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238 0.884712 0.192081 0.956804

Put 238 0.558444 0.238276 0.788321

M1/S1 238 0.000100 0.000100 0.000100

PM 238 0.120588 0.009799 0.000100

GP2 GP 206 0.308669 0.762524 0.695830

Put 206 0.232177 0.936106 0.047995

M1 206 0.000100 0.000900 0.000100

PM 206 0.522548 0.770323 0.067493

STN1 vSTN 154 0.984202 0.202380 0.185681

dSTN 154 0.996300 0.021198 0.627437

M1 154 0.006599 0.000100 0.001100

Par 154 0.853415 0.000100 0.001100

STN2 vSTN 184 0.317568 0.297170 0.198980

dSTN 184 0.686131 0.794721 0.779622

M1 184 0.000100 0.000100 0.000100

Par 184 0.967303 0.647535 0.988501
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Table 2.21. Baseline testing of interregional δ-γh
δ PPC: sequence learning-related p-values.

Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 Day 3 Day 4

GP1 Put-M1/S1 238 0.194480
0.002200 0.178580

Put-PM 238 0.000500 0.141290

M1/S1-PM 238 0.026197 0.305570

PM-M1/S1 238 0.051495
0.309370 0.001500 0.086391

GP2 Put-M1 202

Put-PM 202 0.137190 0.140690

M1-PM 202 0.312570 0.072593 0.199380
0.299170

PM-M1 202 0.001500 0.103290

STN1 vSTN-dSTN 192 0.007399 0.110590

dSTN-M1 192 0.333870 0.000100 0.002100

Par-M1 192 0.151680 0.001700

STN2 vSTN-dSTN 182

dSTN-M1 182 0.000100

Par-M1 182 0.000100 0.002700
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Table 2.22. Across-day testing of interregional δ-γh
δ PPC: sequence learning-related p-values.

Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 Put-M1/S1 238 0.047695
0.002000

0.223680
0.005400 0.192780

Put-PM 238 0.060894
0.051795

0.051095
0.152480

M1/S1-PM 238 0.050395

PM-M1/S1 238 0.008599 0.007899

GP2 Put-M1 202

Put-PM 202 0.267070 0.257170

M1-PM 202

PM-M1 202 0.069393

STN1 vSTN-dSTN 192 0.003200

dSTN-M1 192 0.001100 0.000800 0.076792
0.136990

Par-M1 192 0.004600 0.011999

STN2 vSTN-dSTN 182

dSTN-M1 182

Par-M1 182 0.000100
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Table 2.23. Baseline testing of interregional δ-γh
δ PSI: sequence learning-related p-values.

Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first. NA, not applicable.

p-value

Region n Day 1 Day 3 Day 4

GP1 Put-M1/S1 238 NA 0.005399 NA

Put-PM 238 NA 0.025097 NA

M1/S1-PM 238 NA 0.031497 NA

PM-M1/S1 238 NA 0.006699 NA

GP2 Put-M1 202 NA NA NA

Put-PM 202 NA NA NA

M1-PM 202 NA NA NA

PM-M1 202 NA NA

STN1 vSTN-dSTN 192 NA 0.105989
0.043797 NA

dSTN-M1 192 NA 0.006399 0.047595

Par-M1 192 NA 0.022698 NA

STN2 vSTN-dSTN 182 NA NA NA

dSTN-M1 182 NA NA

Par-M1 182 0.048195 0.021898 NA
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Table 2.24. Baseline testing of movement-related β amplitude desynchronization: p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238 0.000100 0.000100 0.000100

Put 238 0.000900 0.000100 0.000300

M1/S1 238 0.000100 0.000100 0.000100

PM 238 0.000100 0.000100 0.000100

GP2 GP 206 0.518448 0.002800 0.839816

Put 206 0.000100 0.000300 0.001000

M1 206 0.000100 0.000100 0.000100

PM 206 0.000100 0.000500 0.000100

STN1 vSTN 154 0.072893 0.128887 0.230977

dSTN 154 0.001900 0.017898 0.009299

M1 154 0.000100 0.000100 0.000100

Par 154 0.004400 0.000100 0.000100

STN2 vSTN 184 0.878312 0.796820 0.958004

dSTN 184 0.200280 0.142286 0.298270

M1 184 0.000600 0.003700 0.000100

Par 184 0.931507 0.510249 0.300370
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Table 2.25. Baseline testing of intraregional δ-βδ PPC: sequence learning-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238 0.078792
0.007699 0.002000 0.000100

Put 238 0.101590 0.137790

M1/S1 238 0.008199
0.122790 0.000100 0.082492

PM 238 0.011399 0.002400 0.006799

GP2 GP 202 0.013999 0.227380
0.175280

Put 202 0.066593 0.048995

M1 202 0.000200 0.017298

PM 202 0.019398 0.060294 0.154080

STN1 vSTN 192

dSTN 192 0.015498

M1 192 0.000500 0.001600

Par 192 0.002300

STN2 vSTN 182

dSTN 182 0.000100 0.027397 0.000100

M1 182 0.134290
0.015798 0.085591 0.004100

Par 182

.
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Table 2.26. Across-day testing of intraregional δ-βδ PPC: sequence learning-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 GP 476 0.045295 0.025497

Put 476

M1/S1 476 0.153880 0.033597 0.009299

PM 476 0.212180

GP2 GP 404

Put 404 0.244980
0.006199

M1 404 0.003300 0.000400 0.239280
0.158480

PM 404 0.220780

STN1 vSTN 384

dSTN 384 0.193880

M1 384

Par 384 0.005699

STN2 vSTN 364

dSTN 364

M1 364

Par 364

104



Table 2.27. Baseline testing of intraregional δ-βδ PSI: sequence learning-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first. NA, not applicable.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP 238 0.005799 0.008199

Put 238 NA NA NA

M1/S1 238 0.059694
0.014699 NA

PM 238 0.080892 0.096390

GP2 GP 202 NA NA

Put 202 NA NA

M1 202 NA 0.001200

PM 202 0.028397
0.015998 NA NA

STN1 vSTN 192 NA NA NA

dSTN 192 NA NA

M1 192 NA 0.000100 0.000300

Par 192 NA NA 0.067693

STN2 vSTN 182 NA NA NA

dSTN 182

M1 182 NA 0.060394

Par 182 NA NA NA
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Table 2.28. Baseline testing of interregional δ-βδ PPC: sequence learning-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 Day 3 Day 4

GP1 Put-M1/S1 238 0.002300 0.001100 0.005799

Put-PM 238 0.025697 0.003700 0.027197

M1/S1-GP 238 0.108990 0.013499

GP2 Put-M1 202 0.000500 0.137590
0.066093

Put-PM 202 0.075092 0.148190

M1-GP 202 0.238080 0.000500 0.042296
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Table 2.29. Across-day testing of interregional δ-βδ PPC: sequence learning-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 Put-M1/S1 238 0.016398 0.005500

Put-PM 238 0.028997 0.006799

M1/S1-GP 238

GP2 Put-M1 202 0.175780 0.129790

Put-PM 202 0.033297

M1-GP 202 0.118190
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Table 2.30. Baseline testing of interregional δ-βδ PSI: sequence learning-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first. NA, not applicable.

p-value

Region n Day 1 Day 3 Day 4

GP1 Put-M1/S1 238 0.046895 0.002900

Put-PM 238 0.012599 0.006699

M1/S1-GP 238 NA NA

GP2 Put-M1 202 NA NA

Put-PM 202 NA NA NA

M1-GP 202 NA 0.006599 0.057394
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Table 2.31. Baseline testing of interregional δ-βδ PPC: task exposure-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP-M1/S1 238 0.002600 0.000100 0.000400

GP-PM 238 0.001800 0.000100 0.000300

Put-GP 238 0.001400 0.004600 0.024698

PM-M1/S1 238 0.020798 0.000300 0.000200

GP2 GP-M1 202 0.043396

GP-PM 202

Put-GP 202
0.031797
0.236980
0.231280

PM-M1 202 0.018498 0.001000 0.020098

STN1 M1-Par 192 0.002600

Par-dSTN 192 0.006799
0.100790

STN2 M1-Par 182 0.110690

Par-dSTN 182
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Table 2.32. Across-day testing of interregional δ-βδ PPC: task exposure-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding.

p-value

Region n Day 1 vs. 3 Day 3 vs. 4 Day 1 vs. 4

GP1 GP-M1/S1 238 0.036996
0.004900 0.137690 0.110190

GP-PM 238

Put-GP 238 0.131690

PM-M1/S1 238 0.000200 0.000400

GP2 GP-M1 202 0.010399

GP-PM 202 0.240780 0.215780

Put-GP 202

PM-M1 202 0.192780

STN1 M1-Par 192 0.058994 0.004100

Par-dSTN 192 0.130390
0.156380

0.004600
0.140990

STN2 M1-Par 182 0.157680 0.135390

Par-dSTN 182
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Table 2.33. Baseline testing of interregional δ-βδ PSI: task exposure-related p-values.
Blank cells indicate no time regions passed initial thresholding. Multiple values in a single cell correspond to multiple time regions
that passed initial thresholding. Earlier time regions are listed first. NA, not applicable.

p-value

Region n Day 1 Day 3 Day 4

GP1 GP-M1/S1 238 0.079892 0.002200

GP-PM 238 0.000400

Put-GP 238 0.005699 0.018698

PM-M1/S1 238 0.057894 0.028197

GP2 GP-M1 202 NA NA

GP-PM 202 NA NA NA

Put-GP 202 NA NA

PM-M1 202 0.028497 0.000300

STN1 M1-Par 192 NA NA 0.006099

Par-dSTN 192 NA NA 0.001500

STN2 M1-Par 182 NA NA NA

Par-dSTN 182 NA NA NA
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Chapter 3: Recommendations for Future Work and the

Restoration of Fine Motor Control

Over the past century, the focus of motor control research has shifted from simple reflex

models to more complex network-based models that account for hierarchical

organization, dynamic neural coding and cross-regional interactions. With this

development has come the idea that movement is not simply a direct output of motor

cortex activity but rather an emergent property of a distributed network, which integrates

signals across various cortical and subcortical regions. Despite these advances, an

understanding of motor-related local activity in the context of cross-area coordinated

dynamics remains unclear, particularly in the deterioration of skilled dexterous control in

Parkinson’s Disease (PD). This dissertation sought to address this knowledge gap by

evaluating the learning-dependent oscillatory local and network dynamics that prepare

for the production of fine motor sequences in PD. However, further research across

several domains is necessary to achieve a comprehensive understanding and to inform

effective therapeutic restoration of fine motor learning and control in PD.

Chapter 2 examined how initiation-related neural activity varies with overall performance

across days but did not quantitatively differentiate the effects of bradykinesia and

sequence preplanning on motor initiation or execution. Differentiating the relative impact

of bradykinesia and efficacy of sequence preplanning is challenging, particularly given

the possibility that bradykinesia and impaired sequence preplanning are interdependent

or are covariates of the same underlying process. In Chapter 2, bradykinesia ratings

were relatively stable across days, which may allow coarse qualitative differentiation
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from variation in preplanning, but future work should quantitatively model these

processes’ effects on reaction time and trial duration and correlate them with neural

activity. For example, changes in sequence preplanning could correlate with lasting

changes in reaction time across days that follow an expected learning curve shape, with

the degree of bradykinesia producing variation around that curve. Immediately prior to

each sequence trial, bradykinesia could be estimated on a trial of non-sequential

movement or repetitive movements lacking variation in serial order (e.g., repeated taps

with the same finger). If bradykinesia and impaired sequence preplanning are even

partially non-overlapping processes in explained variance (i.e., in the absence of a

perfect correlation), such an approach may prove fruitful in disambiguating them and

modeling their joint effect.

Even without quantitatively disambiguating impaired sequence preplanning from

bradykinesia, Chapter 2 identified potential pre-movement neural correlates of

successful and impaired learning, warranting further characterization of the observed

neural dynamics. The observation herein of a frequency-based framework for

hierarchical cross-regional coordination of preparatory neural activity is consistent with

the emerging view of motor control as a process supported by hierarchical neural

architectures in both structure and function17,191,192. The identification of learning-related

cross-area cross-frequency coupling as a potential optimization mechanism for the

organization of motor preparation in a temporally structured manner was particularly

important. It suggests that disrupted temporal coordination between cortical and basal

ganglia structures during motor planning could result in less effective multi-element

preplanning, leading to greater computational overhead during movement and worse
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motor performance. Work in animal models of PD could probe whether these oscillatory

signals are purely epiphenomenal and whether they can be manipulated to improve

multi-element preplanning by improving neural ensemble activation. Further,

characterizing and manipulating any plasticity associated with across-day changes in

pre-movement neural dynamics may inform stimulation protocols to enhance motor

learning-related circuit plasticity in humans with PD.

After sequence initiation, ongoing fine motor control is impaired in PD, and extending

analysis into the active movement epoch would allow behavioral and neurophysiological

characterization of this motor deficit. While it is known that dexterity and possibly online

action sequencing are impaired, additional investigation is required to fully clarify the

precise aspects of motor sequence execution that are compromised in

PD7,71,72,74,75,104,193,194. The pursuit of this aim may combine behavioral characterization of

online action sequencing with electrophysiological characterization of the encoding of

fingers, sequence elements and motor chunks. Future work may ask, if cortico-basal

ganglia temporal coordination is disrupted during motor execution, how does this impact

online action sequencing and finger coordination? How does pre-movement functional

connectivity influence the unfolding of neural dynamics during motor execution?

Analyzing the motor execution epoch might further position the sequence encoding

hierarchy within a hierarchy of local and network activity, which may grant insight into

the optimal temporal windows for therapeutic modulation of fine motor control in PD.

Investigating the impact of degeneration in cognition and sensory processing—often

overlooked in PD—on multi-element preplanning may provide a more comprehensive
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view of fine motor control in PD. Chapter 2 identified task exposure-related effects of

network functional connectivity that were largely absent in subjects with impaired

sequence learning. These included functional connectivity led by the premotor and

parietal cortices, two regions connected to each other and immediately downstream of

the prefrontal cortex. The premotor cortex has a known role in flexible action

sequencing, and the parietal cortex helps integrate sensory feedback with spatial

information to influence premotor commands12. Thus, sensory processing and its

influence on flexible action sequencing may dynamically adjust based on task familiarity,

while cognitive functions like attention could modulate these adjustments through input

from the prefrontal cortex. This high-level process may be essential to adapting to new

or complex motor tasks. If the ability to learn a specific motor sequence depends on

adaptation to the overarching task, then improving a subject’s ability to adapt to new

motor tasks would broadly impact their ability to learn and perform motor sequences in

different contexts. Enhancing high-level adaptability may thus prove therapeutically

superior to targeting specific motor skills, underscoring the importance of this avenue of

research for efficient identification of broadly effective treatment for impaired fine motor

control.

Given the historically high variability in sequence learning outcomes in individuals with

PD, the present findings’ generalizability should be evaluated across other movement

and treatment types, for larger cohorts and over longer learning windows. For example,

does cortically-led network delta (δ) coherence precede composite or internally cued

motor sequences? Does it precede non-sequential movements? Does it still appear to

form a framework for the development of cross-frequency coupling? For larger cohorts,
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in what fraction of subjects is excessive basal ganglia δ synchrony associated with

impaired motor learning? If any subjects demonstrate improved motor learning on

open-loop deep brain stimulation (DBS), is it associated with suppression of highly

synchronized and unresponsive basal ganglia δ? Furthermore, motor skill learning and

memory stabilization have a long tail that can last months or years—a fact readily

apparent in the careers of professional athletes. Longer observation windows would

grant novel insight into long-term learning, consolidation and memory retrieval. This

would help characterize the neural basis of the gradual deterioration in the ability to

refine and recall mastered skills in PD. Such investigation would help clarify the

usefulness of the identified oscillatory dynamics for predicting effective long-term and

perhaps disease stage-specific therapeutic strategies in individuals with impaired fine

motor control.

Finally, as this thesis identified a failure of dopamine replacement therapy to allow

demonstration of learning in half of subjects, therapeutic methods employing

movement-locked neuromodulation should be considered. For example, Chapter 2

suggests that putamen δ phase—likely both the absolute phase and the relative phase

offset with respect to premotor cortex δ phase—might be critically important to acquiring

new motor sequences or initiating learned sequences. Artificially inducing premotor

cortex-putamen δ phase coherence may be a promising direction to restore

corticostriatal temporal coordination. In subjects with sensing-capable DBS leads and

electroencephalography or motor electrocorticography arrays, putamen phase and its

offset from premotor phase could be correlated with single-trial performance.

Alternatively, variably timed putamen stimulation could assess learning and
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performance outcomes across the space of induced putamen phase dynamics.

Detection of motor intention in the cortex could then trigger phase-specific stimulation of

the putamen, aligning it with the optimal phase for motor onset. The practicality of this

approach would depend in part on the generalizability across sequences of the optimal

putamen phase. Extending these investigations will be key to assessing the practicality

of phase-specific modulation for improving the performance of complex dexterous

movements in PD.

Summary

Motor symptoms remain one of the most debilitating aspects of PD, and understanding

the neural bases of these symptoms is essential for developing more effective

treatments that improve the quality of life of individuals with PD. By focusing on complex

hand movements, this research has provided critical insights into an often-overlooked

aspect of motor dysfunction in PD that directly impacts daily life activities and autonomy.

The central aim presented at the start of this thesis was to describe a functional network

model of learning-related pre-movement neural population activity for fine motor

sequences in PD. Chapter 2 describes evidence suggestive of distributed

learning-dependent multi-element preparatory activity, links it to a hierarchical functional

network architecture and identifies a subcortical oscillatory process that may contribute

to learning impairments by disrupting optimization of preparatory neural population

dynamics. This dissertation has begun to untangle the complex neural processes
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underpinning motor sequence initiation and learning in PD, laying the groundwork for

future breakthroughs in both the neuroscientific study of PD and clinical treatment.
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