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Abstract

Parkinson’s disease (PD) is a progressive, neurodegenerative disorder resulting from

the loss of dopaminergic neurons. The disease is characterized by four cardinal motor

symptoms, bradykinesia (slowing of movement), muscle rigidity, tremor, and postural

instability/gait disorder. Early in the disease course, dopaminergic medication

can effectively manage the cardinal motor symptoms for the majority of patients.

The primary medication, which underpins all long-term treatment planning in PD,

is levodopa (L-dopa). However, increased L-dopa typically results in increased

dyskinesia (a side effect of L-dopa). As the adverse side effects of L-dopa increase

in severity, patients may need advanced therapies such as deep brain stimulation

(DBS), a neurosurgical treatment. Advanced therapies have been shown effective

at alleviating the side effects associated with L-dopa. However, DBS requires the

additional tuning of stimulation parameters to optimize treatment plans. Further,

the interaction between L-dopa and DBS remains an open question. This dissertation

proposes methodological and applied analysis to personalize treatment planning for

PD patients throughout their disease course.

First, we optimize early-stage PD medication regimens using machine learning

clustering techniques and Markov decision processes incorporating pharmacokinetic

considerations for immediate release L-dopa. Further, these models are calibrated

using wearable sensor data from a multi-visit cohort of PD patients. We apply

reinforcement learning techniques to determine the optimal treatment plans for

patient subtypes.
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Second, we develop machine learning approaches to improve the efficiency of

parameter tuning for DBS as well as predict potential advanced therapy candidates.

We begin with a review of the literature. Then we examine a primary cohort of chronic

PD patients who have received DBS. We determine the gait parameters impacted by

DBS (both high and low-frequency stimulation) both with and without the influence

of dopaminergic medication. This study represents the largest study of its type,

focusing on low-frequency stimulation in combination with medication.

Finally, we examine the role of machine learning and dimensionality reduction in

the prediction of gene expression. Genetics influence a variety of chronic diseases,

including Parkinson’s disease. This work sought to improve the computational

efficiency of gene expression prediction models for use in the progression modeling

of several chronic diseases.
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Chapter 1

Improving Medication Regimen

Recommendation for Parkinson’s

Disease Using Sensor Technology

1.1 Introduction

Parkinson’s disease (PD) is a neurodegenerative disorder resulting from the loss of

dopaminergic neurons. It is characterized by four cardinal motor symptoms: Bradyki-

nesia (slowing of movement), muscle rigidity, tremor, and postural instability/gait

disorder. Additionally, symptoms, such as rapid eye movement sleep behavioral

disorder (RBD), anosmia, and constipation, can present as prodromes, while other

nonmotor symptoms— bladder dysfunction, dysphagia, orthostatic hypotension, and

cognitive impairment—can manifest later in the disease course (198). The number

of individuals diagnosed with PD is estimated to be 6.2 million globally (70), and

approximately 60,000 individuals are diagnosed with PD annually in the U.S. alone

(61). Studies have reported demographic differences with respect to sex and race

in PD diagnosis frequency (123; 124; 146). Individuals living with PD are expected

to increase as global life expectancy increases; this will place additional strain on
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the medical system. Due to the shortage of neurologists and logistical challenges,

including extended travel time, patient disability, and prolonged clinic wait times,

PD patients tend to have fewer clinic visits (62; 234). Women, racial minorities, and

rural communities have less access to care and lower quality of specialist care (62),

causing delays in diagnosis and higher long-term disability (47; 197). It is further

expected with the increasing number of PD patients, these inequities to the quality

of care will become more prevalent (61). Currently, these clinic visits are critical to

improving an individual’s treatment planning and represent a potential bottleneck in

the quality of patients’ care.

Levodopa remains the gold standard therapy for treating the cardinal motor

symptoms of PD. As Parkinson’s progresses, the duration of levodopa’s dose efficacy

shortens with the emergence of motor complications, such as: “Wearing-off” episodes

(a return of motor symptoms prior to taking the next dose); “delayed ON periods”

(slow onset of dose benefit); “On-Off cycling” or “motor fluctuations” (symptomatic

benefits are achieved during the ON phase of the dose followed by OFF periods

characterized by uncontrolled motor symptoms prior to the next dose); “dyskinesia”

(involuntary movements affecting the limb). These complications result from various

factors, including disease progression and pulsatile stimulation of dopamine receptors,

due to lack of continuous levodopa administration (163). Typically, a patient’s

medication regimen is optimized by fragmenting and increasing levodopa dosages,

while utilizing monoamine oxidase B (MAO-B), dopamine agonists, or catechol-O-

methyl transferase (COMT) inhibitors as adjunctive therapies to provide dopamine

replacement. The primary goal for PD treatment is to optimize symptom control,

while minimizing off periods and medication side effects.

Currently, assessments of the efficacy of patients’ treatments are based on a

clinician’s overall impression of motor disability as determined by clinical assessment

tools, such as the MDS-Unified Parkinson’s disease Rating Scale (UPDRS) (79)

and Hauser paper-based diaries (94). The lack of continuous motor assessment

coupled with recall bias and limited integration of nonmotor symptomatology into the
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treatment paradigm present real-world limitations in managing such a heterogeneous

condition. Sensor-based technology offers a real-time mechanism to objectively

measure motor performance in PD (187; 140), moving beyond the “snapshot” clinical

assessment of impairment.

Specialty PD motor sensors have demonstrated 70–90% accuracy in measuring

fluctuations and dyskinesia in patients’ medication response (105; 217; 85; 182). One

such inertial sensor is the Personal KinetiGraphTM (PKG) sensor (Global Kinetics

Corporation (GKC), Melbourne, Australia). This wrist-worn logger utilizes an

accelerometer to collect movement information in two-minute intervals and reminds

patients to register when taking their prescribed dopaminergic medication. The raw

data are converted into summary dyskinesia and bradykinesia scores (averaged single

value assessments over the entire wear period), as well as time-series data, curated

into a report (85) using validated algorithms (85; 117; 99; 22). The report shows the

continuous changes of dyskinesia and bradykinesia scores, as it relates to levodopa

timing as the median, 25th, and 75th percentile, compared to a non-PD control group

over six days. A sample PKG report is provided in Figure 1.1.

By examining a spectrum of patients with clinical variability and gauging their

responsivity to dopaminergic medication with sensor technology, inherent medication

similarities may be present within specific clinical subtypes-offing an opportunity to

cluster patients in a treatment-related manner. This approach could serve to predict

optimal regimens, potentially reducing the length process of optimizing medication

for patients. Additionally, this approach could improve the equity in PD treatment

planning by utilizing remote monitoring to reduce the need for difficult clinic visits.

Strategic treatment planning using PD patient subtyping has been shown effective

(144; 35) and stands to offer a data-driven approach to refining clinical management.

Therefore, this study is a proof-of-concept to examine the feasibility of determining

clinically relevant patient regimen clusters and identifying these clusters based on

symptoms measured by wearable sensors to be utilized in the determination of future

patients’ treatment plans.
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Figure 1.1: Sample PKG sensor time-series data (157), displaying an individual’s
change in dyskinesia and bradykinesia scores in response to medication with the
median, 25th, and 75th percentile, compared to a non-PD control group averaged
over six days. (A) The dyskinesia time-series, (B) the bradykinesia time-series, and
(C) the patient’s self-reported acknowledgment of medication administration.
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1.2 Materials and Methods

1.2.1 Study Cohort

Characteristics of the patient cohort and selection process are thoroughly described

in the study by Nahab et al. (157), which explored the clinical utility of the PKG in

the routine care of Parkinson’s patients. All patients were selected from the UCSD

Movement Disorder Center from June 2016 to March 2017. The study’s inclusion

criteria included: An age range of 46–83, being on levodopa, and Hoehn and Yahr

stages 1–3 (157). Patients were excluded if they had been previously diagnosed with

dementia that could impact their use of the wearable sensor (157). The participants

underwent two clinical assessment visits. Before each visit, the PKG sensor was

worn by the patient for a six-day period, over which patients’ key symptoms, namely,

dyskinesia and bradykinesia, were scored every two minutes throughout the patient’s

full monitoring day (approximately 17 h). During the clinic visits, the physician

assessed MDS-UPDRS motor subscales III and IV (79) were conducted. After the

first study visit, a management plan, including an updated medication regimen, was

developed based on the PKG report and clinical assessments (157). The patient

then followed the updated management plan, while monitored by the PKG sensor

for another six-day period. The patients were then evaluated in the second visit

by the same clinical metrics, including the PKG. The change in patient’s symptom

control based on the updated management plan was determined. In this study, we

retrospectively evaluate patients’ symptom control under both management plans in

the cohort assessed by Nahab et al. (157).

1.2.2 Study Design

We seek to group patients between clusters based on their optimized clinical

medication regimens to determine if clinically relevant clusters exist within the patient

cohort. Such patient clusters are thought to exist within cohorts, but may not be

5



identifiable by demographic information alone. To this end, we also examine the

role of MDS-UDPRS-III scores and PKG time-series data to identify these clusters.

These clusters would allow for the rapid estimation of near-optimal medication

regimens for new patients. By examining within-subject symptom change during the

optimization process of patients’ medication regimens, we are seeking the patients’

“best” performing medication regimens. The cluster allocation of new patients could

then be predicted, placing the new patients within clusters that, on average, perform

best (i.e., minimizes patients’ symptoms based on cohort level estimations). While an

individual’s PD symptoms are unique, such an average best performing regimen could

provide a clinician with an improved starting point for treatment planning, reducing

the need for lengthy clinical assessments. The study design is shown in Figure 1.2.

We apply a statistical clustering technique to group patients based on their

medication regimens under various conditions. Specifically, we examine their visit two

regimens (during the physician-led optimization process) and their best performing

medication regimen (being visit 1 or visit 2 when their symptoms were best

controlled). These clusters and regimens are then compared to identify significant

features which may aid in their consistent prediction.

We perform a comparative analysis between patients’ MDS-UPDRS-III scores and

PKG’s summary dyskinesia and bradykinesia scores during treatment optimization

to determine the efficacy of using wearable sensors for symptom management. To

accomplish this, we examine the within-subject symptom change under both visits’

regimens and determine which visit regimen best controlled a patient’s symptoms

as assessed by both MDS-UPDRS-III scores and the PKG’s summary dyskinesia

and bradykinesia scores. We compare these optimized regimens for each patient to

examine discrepancies in patients’ symptom assessments between the MDS-UPDRS-

III and the PKG scores. We then examine patients’ demographic information (study

age, age at diagnosis, years of PD, and gender) under each clustering condition

to identify statistically significant differences between similarly optimized regimens
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Figure 1.2: The study design is divided into two parts as labeled by the blocks
“Clustering” and “Prediction”. In the clustering block, (A) we begin with a diverse
cohort of PD patients; (B) each patient is assessed by MDS-UPDRS-III scores and
PKG summary dyskinesia and bradykinesia scores; the physician icon is greyed out
as in the future for some remote contexts this may be accomplished using only the
PKG time-series data, but we currently collect both for validation purposes; (C)
we identify similar medication regimen clusters through k-means clustering. These
clusters are used in the prediction block; (D) we optimize medication regimens and
perform statistical analysis on demographic similarities for each group—to create a
decision support tool to provide enhanced initial regimen estimates; (E) machine
learning methods, specifically random forest, are applied to predict an unknown
patient’s optimized regimen cluster based on physician assessment and/or wearable
sensor measurements depending on the context; (F) the new patient’s data will be
incorporated to improve the accuracy of the decision support tool.
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to determine if demographic information alone may uniquely identify an optimized

cluster.

Following the identification of optimized patient regimens based on the best

clustering scheme, we apply machine learning techniques to predict the optimal

medication regimens of patients through a combination of features. We examine

the role of demographic information, MDS-UPDRS-III scores, and PKG time-series

data in predicting the cluster allocation of patients. Such a prediction would create

a decision support tool that could estimate a patient’s optimized regimen aiding

physicians. Further, we examine the potential of predictive algorithms without using

traditional clinical symptom assessment methods (MDS-UPDRS-III) instead of based

solely on wearable sensor measurements. We provide a machine learning algorithm

with the patients’ visit 1 PKG time-series data and predict their generalized optimal

regimen. Being able to predict accurate estimates of a patient’s optimal regimen

remotely would save clinical time, equalize healthcare opportunities, and place less

burden on patients during the process of medication optimization.

1.2.3 K-means Clustering

K-mean clustering is an unsupervised machine learning algorithm that partitions

patients into a predetermined number of clusters (k) without a hierarchical structure

(222). In this algorithm, clusters are initially formed, and each patient is grouped

into their nearest cluster (with respect to Euclidian distance to cluster centroid). The

clusters’ centroids are then recalculated, seeking to minimize the distance between

patients and their assigned centroid. Patients are then reassigned to the nearest

clusters. This process is performed iteratively and continues until no patients are

reassigned in an update (222).

Daily total levodopa equivalent dose (calculated by converting each PD drug to

levodopa equivalent doses (LED) and cumulating them), daily total carbidopa/levodopa

IR (immediate release) dose, which is the common dopamine replacement agent
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utilized in PD drug regimens, and levodopa administration frequency were used in

k-means clustering. These regimen features were used as each is likely to be modified

in the physician-led optimization process. The number of clusters (k) was determined

per the Within Cluster Sum of Squares (WCSS) measurement, which minimizes the

within-cluster variance (e.g., the results of this analysis are provided in Figure A.1).

This technique has been effectively used in healthcare applications for clustering data

(238). The WCSS resulted to identify four clusters to meaningfully separate the

patient cohort. Consequently, we evaluated demographic information (patient’s age

at visit 1, age at diagnosis, number of years experiencing PD symptoms, and gender)

for each cluster under three clustering schemes.

1.2.4 Random Forest

A random forest classifier is a supervised machine learning algorithm that utilizes

a large number of decision trees working as an ensemble (23). We opt to use the

random forest classifier in this study as it is generally very robust against noisy or high

dimensional datasets; it is not susceptible to overfitting (130). Four random forest

classifiers were trained to stratify subjects into their designated clusters—identified

based on the patients’ best medication regimen according to PKG’s summary

dyskinesia and bradykinesia scores—using combinations of demographic information,

visit 1 MDS-UPDRS-III scores, and visit 1 PKG time-series data. The PKG time-

series data (representing two-minute increment measurements of the dyskinesia and

bradykinesia scores) were extracted from the PKG report. Features were extracted

and engineered from the PKG time-series via TSFresh (175), which calculates various

time-series characteristics frequently used in classification tasks. Features importance

ranking was conducted using the Gini index (214). The topmost important features

were identified prior to cross-validation during preliminary experiments. These

features are provided to the reader in Table A.1.

9



Each random forest model’s performance was evaluated using leave-one-out cross-

validation. In each set, a single patient was left out of the training data on which

the random forest learned then that patient’s cluster allocation as determined by

their best medication regimen was predicted. This process is repeated until all

patients have been used for testing, retraining the random forest model each time

to prevent contamination between training and testing sets. Due to the unbalanced

representation of clusters inherent in the dataset, repeated downsampling was used

in each model. Repeated downsampling results in a balanced dataset for use in

learning such that during training, the model did not favor the more representative

cluster. Specifically, we randomly sampled from the more representative cluster

to create a subset equal to the number of the less represented cluster for training

each decision tree. This downsampling process was repeated for each decision tree.

The total number of decision trees for each of the four random forest models was

determined through preliminary experiments. Specifically, 200 decision trees were

used in the demographic information, and the demographic information and visit 1

PKG time-series models, whereas 500 decision trees were used in the demographic

information and visit 1 MDS-UPDRS-III model, and 100 decision trees were used in

the demographic information, MDS-UPDRS-III, and visit 1 PKG time-series model.

Performance metrics included sensitivity, specificity, accuracy, positive predictive

value (PPV), F1 score, and the area under the receiver operating characteristic

(AUC). Sensitivity is the proportion of positives that are correctly identified.

Specificity is the proportion of negatives that are correctly identified. PPV is the

measurement of positive and negative results that are true positives. Accuracy is

the measurement of correct predictions out of all predictions. The F1 score is the

harmonic average of precision and recall. The AUC is the aggregate comparison of

the true positive rate and the false positive rate at different classification thresholds

and provides an overall performance metric for the model. We determined confidence

intervals for each metric by repeating the random forest analysis 100 times under

different initial random seeds.
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1.3 Results

1.3.1 Cohort Characteristics

A total of 26 subjects (17 male and 9 female) clinical evaluations and PKG reports

were included from the study by Nahab et al. (157). The PKG reports consisted of

time-series data; specifically, dyskinesia and bradykinesia scores assessed every two

minutes averaged over six days, along with medication administration times. The

PKG time-series data were extracted from the PKG’s reports. The patient cohort

utilized in this study is a subset of that presented in (157). Two participants were

excluded from the evaluation: One participant did not have corresponding PKG

reports; the other had dosage inconsistencies in the recorded medication regimen.

During visit 2, the overall mean MDS-UPDRS-III score was significantly reduced

(visit 1: 28.9 ± 14.1, visit 2: 24.1 ± 13.5, p-value < 0.028 (157)). Demographic

information and clinical characteristics of the participants are provided in Table 1.1.

This retrospective study was conducted according to the guidelines of the Declaration

of Helsinki and approved by the Institutional Review Board of the University of

Tennessee (UTK-IRB-20-06007-XP).

1.3.2 Patient Clustering Using Medication Regimen

K-means clustering was utilized to allocate patients into one of four clusters based on

their prescribed daily total levodopa equivalent dose, daily total carbidopa/levodopa

IR dose, and levodopa administration frequency. In the first experiment, subjects were

clustered by their visit two regimens, in which physicians had adjusted individualized

regimens to optimize motor symptoms based on the clinical MDS-UPDRS-III scores

and PKG report. In the second experiment, subjects were clustered according to the

regimen associated with best motor function improvement (i.e., minimizes patients’

symptoms), as defined by the MDS-UPDRS-III scores or PKG’s summary dyskinesia

and bradykinesia scores, respectively.
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Table 1.1: Patient demographics and clinical characteristics.

Mean ± SD

Gender (female/male) 9/17

Age in years 71.19 ± 9.70

Age at diagnosis (years) 65.77 ± 10.37

Visit 1 MDS-UPDRS-III 28.89 ± 14.07

Visit 2 MDS-UPDRS-III 24.12 ± 13.50

Visit 1 H&Y stage 1.77 ± 0.71

Visit 2 H&Y stage 1.85 ± 0.78

Visit 1 levodopa equivalent dose (mg) 498.94 ± 309.88

Visit 2 levodopa equivalent dose (mg) 637.40 ± 322.37

Time between clinical visits (days) 65.62 ± 26.46
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Figure 1.3 presents the clusters based on visit 2’s medication regimen. According

to Figure 1.3.a, when MDS-UPDRS-III scores are used as the comparison metric:

Eighteen subjects show symptom improvements, while seven demonstrated symptom

worsening, and one remained unchanged. As shown in Figure 1.3.b, when the PKG’s

summary dyskinesia and bradykinesia scores are used: Seventeen subjects show

symptom improvements, eight demonstrated symptom worsening, and one remained

unchanged. The demographic information associated with each cluster is provided in

Table 1.2. Cluster D was statistically different from clusters A and B with respect to

disease duration and age at diagnosis (p < 0.05); no other clusters were statistically

different in terms of demographic parameters (p > 0.05).

Figure 1.3.c,d presents the medication regimens’ clusters associated with the best

motor function between the two study visits. The centroid positions of the clusters

are in different locations, since medication regimens related to improved clinical

function differ according to MDS-UPDRS-III scores and PKG’s summary dyskinesia

and bradykinesia scores. The patients’ demographic information for each cluster is

provided in Table 1.2, while the breakdown of PD medication and dosing is provided

in Table 1.3 . It should be noted that for MDS-UPDRS-III scores and PKG scores

that were unchanged between visit 1 and visit 2, the regimen associated with visit 2

was considered “best” and used in this clustering. No two clusters are statistically

different (p > 0.05) in terms of gender or age at diagnosis. Cluster D was statistically

different from cluster A with respect to patients’ age (p < 0.05) for the best MDS-

UPDRS-III scores. Likewise, cluster D was statistically different from clusters A and

B with respect to disease duration (p < 0.05) for the best PKG’s summary dyskinesia

and bradykinesia scores.
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Figure 1.3: demonstrates the clusters for the motor function changes between visit
1 to visit 2 based on the MDS-UPDRS-III scores and the PKG’s summary dyskinesia
and bradykinesia scores, respectively. (c,d) highlight the subjects’ best symptom
control recorded using MDS-UPDRS-III scores and PKG’s summary dyskinesia and
bradykinesia scores, respectively. The large shapes denote each cluster’s centroid,
and the exterior marker of each point corresponds to the cluster centroid shape. The
capital letters (A–D) are used to refer to each cluster. Each point’s interior maker
in (a,b) represents the state of MDS-UPDRS-III and PKG change for each patient,
where a black interior-point denotes the patient stayed the same between visits, a
green point denotes that the patient’s visit 2 scores were better than their visit 1
scores. A red point denotes that the patient’s visit 2 scores were worse than their
visit 1 scores. Note that due to the three-dimensional projection of the plot, the
distance between points may appear skewed.
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Table 1.2: Demographic and clinical information for clusters depicted in Figure
1.3.a–d. † Pairwise p-value < 0.05 when compared with both Cluster A and B. ††
Pairwise p-value < 0.05 when compared with only Cluster A. Unless denoted by † or
††, each pairwise cluster comparison yields no statistical difference (p-value > 0.05).

Cluster A Cluster B Cluster C Cluster D
Visit 2 MDS-UPDRS-III & PKG Scores

Study age (years)
74.31
± 9.99

67.96
± 9.70

68.15
± 3.96

68.29
± 5.68

Age at diagnosis (years)
69.69
± 9.22

65.41
± 9.08

60.48
± 10.32

54.95
± 4.15 †

Years of PD
4.62

± 3.54
2.55

± 1.78
7.67

± 6.65
13.33

± 2.05 †
Gender (female/male) 5/8 2/5 1/2 1/2

Number of participants 13 7 3 3
Best MDS-UPDRS-III

Study age (years)
75.62
± 7.84

65.59
± 10.86

63.54
± 0.00

67.40
± 3.74 ††

Age at diagnosis (years)
70.26
± 7.67

62.90
± 10.35

46.54
± 0.00

59.90
± 8.17

Years of PD
5.36

± 4.55
2.69

± 1.77
17.00
± 0.00

7.50
± 4.61

Gender (female/male) 5/9 2/5 0/1 2/2
Number of participants 14 7 1 4

Best PKG Scores

Study age (years)
72.92

± 10.21
67.66
± 7.54

63.54
± 0.00

70.93
± 5.24

Age at diagnosis (years)
68.69
± 9.47

63.49
± 8.78

46.54
± 0.00

57.43
± 2.74

Years of PD
4.23

± 3.31
4.17

± 4.14
17.00
± 0.00

13.50
± 2.50 †

Gender (female/male) 6/11 3/3 0/1 0/2
Number of participants 17 6 1 2
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Table 1.3: Dosage and medication types for clusters depicted in Figure 1.3.c,d.
Medications are aggregate results for each cluster and do not represent a single
subject’s regimen.

Cluster A Cluster B Cluster C Cluster D
Best MDS-UPDRS-III

LEDD 387 ± 151 643 ± 127 1380 ± 0 1157 ± 183
Carbidopa/levodopa IR 279 ± 159 629 ± 150 1050 ± 0 925 ± 299
Carbidopa/levodopa CR 21 ± 80 – 200 ± 0 300 ± 476

Ropinirole – 1 ± 4 4 ± 0 –
Selegiline – – 10 ± 0 1 ± 1

Rasagiline
Rytary 194 ± 547 – – –

Best PKG Scores
LEDD 381 ± 105 942 ± 233 1380 ± 0 1131 ± 206

Carbidopa/levodopa IR 335 ± 147 917 ± 183 1050 ± 0 250 ± 354
Carbidopa/levodopa CR 18 ± 73 33 ± 82 200 ± 0 500 ± 707

Ropinirole
Selegiline 0.6 ± 2.4 – 10 ± 0 1 ± 2
Rasagiline 0.1 ± 0.3 – – 0.3 ± 0.4

Rytary 45 ± 184 – – 1170 ± 1655
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1.3.3 Random Forest Classification Using PKG Readouts

Four random forest classifiers were trained to examine the efficacy of using com-

binations of demographic information (patient’s age at visit 1, age at diagnosis,

number of years experiencing PD symptoms, and gender), visit 1 MDS-UPDRS-III

scores, and visit 1 PKG time-series data, to stratify the subjects in clusters A and

B, as identified through k-means clustering using the best PKG score (see Figure

1.3.d). As shown in Table 1.2, “Best PKG Score,” clusters A and B contain 17 and

6 participants, respectively. As noted in Section 1.3.2 (“Patient Clustering Using

Medication Regimen”), clusters A and B were the most statistically similar with

respect to the demographic information and contained the majority of participants.

The performance of each of the classifiers is presented in Table 1.4.

The random forest classifier using solely demographic information achieved a

sensitivity of 61.3 ± 1.0%, a specificity of 62.3 ± 1.5%, an accuracy of 61.6 ± 0.8%, a

PPV of 82.2±0.6%, an F1 score of 70.1±0.8%, and an AUC of 0.618±0.008. Whereas

the random forest classifier using both demographic information and visit 1 MDS-

UPDRS-III scores achieved a sensitivity of 65.2 ± 0.8%, a specificity of 66.0 ± 0.7%,

an accuracy of 65.4 ± 0.6%, a PPV of 84.4 ± 0.3%, an F1 score of 73.5 ± 0.6%, and

an AUC of 0.656 ± 0.005.

The random forest classifier using demographic information and visit 1 PKG

time-series data had superior performance to the subjective MDS-UPDRS-III-based

classifier. To train this random forest classifier, over 1000 features were extracted

from PKG sensors’ dyskinesia and bradykinesia time-series for each patient, of which

the top ten most important features were included in the analysis. These features

are provided in Table A.1. This random forest classifier achieved a sensitivity of

84.5 ± 0.7%, a specificity of 81.7 ± 2.2%, an accuracy of 83.8 ± 0.7%, a PPV of

93.1 ± 0.8%, an F1 score of 88.5 ± 0.5%, and an AUC of 0.831 ± 0.011.

The random forest classifier using demographic information, visit 1 MDS-UPDRS-

III and visit 1 PKG time-series data had the best overall performance with a
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Table 1.4: Random forest classifier performance identifying subjects in clusters A
and B, as stratified through k-means clustering under the best PKG score. Each
classifier was trained with a combination of features: Demographic information,
demographic information and MDS-UPDRS-III scores (Visit 1), demographic
information and PKG time-series data (Visit 1), and demographic information, visit
MDS-UPDRS-III scores (Visit 1), and PKG time-series data (Visit 1).

Demographics
Alone

Demographics
and

MDS-UPDRS-III

Demographics
and

PKG

Demographics,
MDS-UPDRS-III

and PKG
Sensitivity 61.3 ± 1.0% 65.2 ± 0.8% 84.5 ± 0.7% 86.5 ± 0.5%
Specificity 62.3 ± 1.5% 66.0 ± 0.7% 81.7 ± 2.2% 87.7 ± 1.6%
Accuracy 61.6 ± 0.8% 65.4 ± 0.6% 83.8 ± 0.7% 86.9 ± 0.6%

PPV 82.2 ± 0.6% 84.4 ± 0.3% 93.1 ± 0.8% 95.3 ± 0.6%
F1 Score 70.1 ± 0.8% 73.5 ± 0.6% 88.5 ± 0.5% 90.7 ± 0.4%

AUC 0.618 ± 0.008 0.656 ± 0.005 0.831 ± 0.011 0.871 ± 0.008
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sensitivity of 86.5 ± 0.5%, a specificity of 87.7 ± 1.6%, an accuracy of 86.9 ± 0.6%, a

PPV of 95.3 ± 0.6%, an F1 score of 90.7 ± 0.4%, and an AUC of 0.871 ± 0.008. The

PKG time-series features included in this random forest model are identical to those

listed in Table A.1.

1.4 Discussion

Utilizing a Parkinson’s patient cohort dataset consisting of within-subject medication

regimen titrations—clinically assessed by the MDS-UPDRS-III scores and PKG’s

summary dyskinesia and bradykinesia scores—k-means clustering was used to

group patients in terms of daily total levodopa equivalent dose, daily total car-

bidopa/levodopa IR dose, and levodopa administration frequency. We demonstrate

that subjects can be meaningfully clustered based on longitudinal dopaminergic

treatment regimens. The sensor-based assessments of the PKG can estimate patient

symptoms corresponding to similar MDS-UPDRS-III scores. Further, the PKG sensor

can be thought of as enhancing the granularity of this clustering method compared

with the MDS-UPDRS-III scores: When referencing cluster D, the PKG clustering

has statistical significance between clusters A and B, whereas the MDS-UPDRS-III

clustering only has statistical significance between cluster A.

Figure 1.3.a,b show the difference between MDS-UPDRS-III scores and PKG’s

summary dyskinesia and bradykinesia scores when determining subject improvement.

This difference is quite minor between the two assessment instruments with respect

to the regimens yielding the best motor function. This result supports the growing

body of literature that the MDS-UPDRS-III score can be adequately determined by

wearable sensor estimates (85; 157; 168). This comparison shows that determining

the optimization of a patient’s medication regimen may be effectively estimated using

sensors. However, since the cohort was treated, considering both PKG changes and

traditional clinical assessments, further conclusions regarding the robustness of the

treatment approaches cannot be drawn. Therefore, our results suggest that efficiently
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establishing a patient’s best performing regimen could be improved by objective

measurements.

Additionally, the cohort’s demographics and clinical characteristics are generally

statistically indistinguishable from the MDS-UPDRS-III and PKG clustering meth-

ods. Only subjects with the longest disease duration were grouped into a separate

cluster. This group required greater dosages and more frequent administration

of dopaminergics for symptom control—a treatment strategy aligned with current

clinical practice. Furthermore, using demographic information along with PKG time-

series data yielded a classification model that enabled the random forest classifier

to predict the cluster allocation of patients with high accuracy. A classification

algorithm, such as one utilizing PKG measurements, could be used to streamline

medication regimen optimization by providing a clinician with an estimate of a

patient’s optimal regimen prior to clinical assessments. This would allow for a more

complete view of the patient’s symptoms and medication response as the patient

is continuously monitored throughout their daily lives. It is worth noting that

using demographic information, MDS-UPDRS-III scores, and PKG time-series data

resulted in the best performance and an incremental improvement ( 3%) over the

model that only used demographic information and PKG time-series data. However,

models that do not include MDS-UPDRS-III scores can be used in remote settings

where physicians may not have direct access to patients. Hence, the restrictions and

considerations around access can select the right predictive model as part of a flexible

decision support tool.

While the prognostication of disease progression is evident in clinical subtyping

(222; 155; 65), the implications on treatment have yet to be established. Similar to

the phenotypic variability of PD, the treatment approaches are also heterogeneous.

Therefore, a continuous assessment of treatment response not only offers the

possibility of more robust medication titrations, but the ability to cluster these sensor-

based responses may help potentiate the impact of the emerging clinical phenotypes.

This proof-of-concept study establishes that rich information can be extracted from
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time-series data collected from wearable sensors, such as the PKG—that measures

both motor function and medication responses—and incorporated into ML algorithms

to build predictive models capable of expanding the clinical treatment platform.

1.4.1 Limitations

The small patient sample is a limitation of this work. Due to the size of the

examined patient cohort, a fully representative cluster of medication regimens was

not likely achieved. This may be further biased, due to the underrepresentation of

rare subtypes. By incorporating additional medication regimens in the future would

provide a more comprehensive clustering scheme and would improve the optimized

regimens estimates.

Additionally, several subjects’ motor control symptoms within the cohort were

never successfully controlled as measured by the PKG’s summary dyskinesia and

bradykinesia scores (168). Such subjects, when further optimized clinically, may be

placed within a different cluster—altering the demographic and clinical information

associated with that cluster. A more representative patient cohort followed longitu-

dinally stands to enhance the clustering and possibly reveal other inherent treatment

clusters.

It should also be noted that the patients’ treatment regimens were optimized by

clinicians considering both MDS-UPDRS-III scores and PKG’s summary dyskinesia

and bradykinesia scores. This could further introduce bias into the classification

algorithm as PKG measurements may perform better at predicting patients, in which

physicians heavily utilized the PKG (namely those with motor fluctuations and

dyskinesia) to determine their optimal regimens. Leave-one-out cross-validation was

used in the analysis as each patient predicted by the random classifier is effectively a

completely new patient—thus minimizing this potential source of bias.

Finally, nonmotor symptoms were not directly considered in the determination of

the best regimen. Therefore, regimen estimates that utilize sensors, such as the PKG,
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which primarily measures changes in motor symptoms, will need to be holistically

considered by a physician.

1.5 Conclusions

Clustering patients in a treatment-related manner has the potential to determine

inherent regimen similarities within clinically relevant clusters. These inherent

regimens are not necessarily specific to demographic groups. The identification

of such regimen similarities could guide strategic treatment planning for a data-

driven approach to refine clinical management, namely, by providing patients with

wearable sensors to monitor their symptoms and medication responses. This approach

can provide clinicians with estimated regimens based on the patients’ demographic

information, clinical assessments, and wearable sensor measurements. The most

accurate regimen estimations are achieved using a combination of clinical assessments

and wearable sensors. This potentially expands the current approach for optimizing

drug regimens in the clinic and remotely.
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Chapter 2

Partially Observable Markov

Decision Process for Optimizing

Medication Regimens via Wearable

Sensors in Parkinson’s Disease

2.1 Introduction

Parkinson’s disease (PD) is a progressive neurodegenerative disease that manifests

with the deterioration of motor control (52; 12). As PD is progressive, symptom

management poses a significant healthcare challenge as it requires frequent reeval-

uation. In the United States, 60,000 individuals are diagnosed with PD annually

(61). The global number of individuals living with PD is estimated to be 6.2 million

(70). Additionally, the global rate of PD is expected to increase as life expectancy

increases, putting a strain on medical systems globally (61). PD patients tend not to

receive consistent follow-up care due to logistical challenges, including a shortage of

neurology specialists, extended travel time, patient disability, and prolonged clinical

wait times (62; 234). Recurring clinical visits and symptom evaluations are critical to
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maintaining patients’ quality of life as PD medication regimening requires frequent

adjustments.

PD manifests largely with motor symptoms, including bradykinesia (a stiffness of

movement), rigidity, shuffling gait, and hand tremor (52; 12). In the majority of cases,

these cardinal symptoms of PD can be effectively managed through dopaminergic

medications (78; 161). Levodopa (L-dopa) is one such dopaminergic medication

and drives the majority of PD patient medication regimens (78; 161). However,

the regimening of L-dopa and other PD medications is dynamic as the patients’

symptomologies change during the course of the disease. In more advanced stages

of the disease, patients may experience “wearing-off” periods, characterized by the

re-emergence of PD symptoms between medication dosages (78; 161; 45). These

periods prompt physicians to increase the titration and frequency of dopaminergic

medications (45). However, as the dosage of medication increases, side effects such

as medication-induced dyskinesia (involuntary movements) become more prominent

(45). These competing interests of symptom control (bradykinesia) and reduction in

side effects (dyskinesia) necessitates complex dynamic and patient-specific medication

regimen optimization.

Currently, in clinical practice, patients’ regimen efficacy is based on physicians’

overall impression of a patient’s motor disability as assessed by the Movement

Disorder Society’s Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) (79).

Non-motor symptoms are largely captured by subjective, patient self-reported Hauser

paper diaries and questionnaires (94). The lack of objective, continuous monitoring of

symptoms have limited the efficacy of treatment planning. However, developments in

sensor technology has enabled objective day-to-day monitoring in PD (187; 140; 99).

In this study, we present a partially observable Markov decision process (POMDP)

to prescribe medication regimens in PD based on wearable sensor measurements.

We consider the role of patient subtyping and medication pharmacokinetics in the

calibration of these models. We compare the POMDP models’ performance in a

cohort of PD patients whose physician-assessed medication regimens were optimized
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following a two-week assessment of patient symptoms via wearable sensors. The

proposed POMDP models could have a widespread impact on the treatment of

several progressive chronic diseases and could provide a tool for aiding physicians

in medication regimening.

The paper is organized as follows. We first review the existing literature on

PD management and the role of POMDPs and reinforcement learning models for

the optimization of treatment planning in Section 2.2. Then we introduce the

POMDP model and the patient cohort used for calibration and evaluation in Section

2.3. Experimental results and conclusions are provided in Sections 2.4 and 2.5,

respectively.

2.2 Background and Relevant literature

In this section, we review the recent developments in the use of data-driven

optimization processes in PD treatment planning. We then review the use of wearable

sensors in PD. Finally, we review the modeling literature on L-dopa to enhance the

accuracy of our POMDP models.

2.2.1 MDPs and Reinforcement Learning in Parkinson’s

Disease

There is a large body of research using Markov decision processes (MDPs) and

reinforcement learning (RL) in optimizing treatment planning. Such studies typically

seek to optimize group or patient-specific treatment plans given some combination

of patients’ medical history, clinical evaluations, wearable sensor measurements,

demographics, or genetic biomarkers. As such, PD treatment planning has been

modeled in a variety of contexts.

MDPs and POMDPs have been previously leveraged to optimize PD treatment

planning. Both Dams et al. and Eggert et al. examined the cost-effectiveness of
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different treatment plans for maintaining PD symptom control (48; 64). Additionally,

the stochastic nature of PD progression, along with the cost-effectiveness of treatment

planning, was explored via POMDPs (228). These articles, however, did not seek to

dynamically optimize patients’ medication regimens, nor did they model medication

response, but instead, medication regimens in the aggregate. Additionally, work has

also been done to model real-time medication response optimized treatment plans

(233); however, this work did not evaluate real-world data or generate patient-specific

models. Moreover, the progression of PD has been modeled using multi-state Markov

and hidden Markov models (142; 44; 202). Such progression studies reveal interesting

characteristics of the disease, which can be leveraged to better understand patients’

medication responses and subtypes.

RL has also been leveraged to optimize PD treatment plans. Kim et al. applied

RL to optimize patient treatment plans over a multi-visit process (114). However, this

work used subjective clinical evaluations over a short-term optimization processes. To

move beyond the ‘snap-shot’ subjective clinical evaluations, Baucum et al. used RL

in combination with wearable sensors to monitor patients’ symptoms (9). The work

of Baucum et al. was a breakthrough evaluation process for the effective modeling of

medication response in PD; however, this work was concerned with the optimization

of patients using limited data. Our work aims to extend this existing literature by

improving the medication modeling which underpins these RL models, as well as

provide a Markov policy that can be evaluated in real-time to dynamically optimize

a patient’s medication regimen.

2.2.2 Wearable Sensors in Parkinson’s Disease

The use of electronic medical devices for disease monitoring and treatment outside

hospitals is growing (25; 216; 147). Wearable sensors are one such device used

for non-intrusive patient monitoring. Wearable devices have been used for a wide

array of health monitoring applications, including medication adherence (37; 185).
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Additionally, wearable sensors have been leveraged to aid in personalizing and

informing patients’ health trajectories (126; 173; 51). Further, a limited body of

literature has investigated the use of wearable sensors in treatment planning, e.g.,

in chronic disease management. For instance, wearable motion sensors have shown

promise in monitoring motor symptoms in PD patients, allowing physicians to utilize

summaries of patients’ wearable sensor data when prescribing medication regimens

to improve patient outcomes (157).

In relation to PD, wearable sensors have been studied in clinical environments to

assess motor fluctuations in patients (172). Such work allows for the assessment of

motor fluctuations during “normal” fluctuation cycles in treatment response (172).

There have also been clinical assessments of gait monitoring using wearable sensors

(143; 157; 187). The personal kinetigraph (PKG) is one such wearable device that

utilizes accelerometers to identify patient symptoms (196). This system proved

effective in the diagnostics of clinical symptoms and allowed for informed decision-

making for physician treatment planning (196; 157).

2.2.3 Levodopa Response

While PD has no known cure, its cardinal symptoms can be effectively controlled

through the use of dopaminergic medication. Since its discovery, L-dopa has been the

gold standard in PD treatment planning. However, orally administered L-dopa can

have challenges with symptom control, especially in advanced-stage patients (129).

These patients frequently have the emergence of “off” states characterized by the

re-emergence of symptoms (129). In advanced PD patients, off periods can occupy

more than a third of a patients waking hours, which can have a dramatic impact on

patients’ quality of life (129). Off periods occur in more than 40% of patients after

4 to 6 years of PD (161). These off periods are due to the pharmacokinetics of L-

dopa. Traditionally, the pharmacokinetics of interest include the time to peak dose,

bioavailability/absorption of L-dopa, and plasma half-life. These pharmacokinetic
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features are patient-specific, and it has been shown that patient demographics,

including sex, body mass index (BMI) or weight, and disease duration have a direct

impact on L-dopa response (129; 43; 10). L-dopa off periods can be reduced by

increasing the magnitude or frequency of L-dopa administration. However, a known

side effect is L-dopa-induced dyskinesia (161). Medication-induced dyskinesia has

been shown to become more intense with increased dosages (161). These trade-offs

are a substantial challenge for physicians in the L-dopa optimization process.

There is a growing body of literature to estimate the pharmacokinetic parameters

of L-dopa (1; 6; 8; 166; 149; 218). Many of these studies have collect primary data sets

of patient plasma and symptom response to the administration of L-dopa. Existing

pharmacokinetic response models are then fit to such plasma levels to estimate L-

dopa’s characteristic pharmacokinetic parameters. However, a variety of models

have been utilized for this task with different number of components and absorption

assumptions (102; 243). This is further complicated as each formulation of L-dopa

will have different specific characteristics (189).

2.3 Model formulation

In this section, we will first describe our patient cohort used in the calibration and

testing of the model. We will then outline the POMDP model used in the optimization

of treatment regimens. Next we will describe the process of identifying patient

subtypes, which was used to define group-level POMDPs policies to move beyond

cohort level treatment planning. Finally, we will describe our modeling of L-dopa’s

pharmacokinetics process.

2.3.1 Patient Cohort

Data used in the study were originally reported by Nahab et al. in (157). The patient

cohort consisted of 26 PD patients, whose symptoms (bradykinesia and dyskinesia)
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were monitored by wrist-worn wearable sensors, the Personal Kinetigraph (PKG;

Global Kinetics Corporation). The PKG is a FDA-approved PD symptom monitor,

which uses built-in accelerometers to collect gait, tremor, and movement pattern data;

these data are summarized using previously-validated algorithms (165; 99; 85; 168) to

obtain clinically-relevant bradykinesia and dyskinesia scores. The PKG additionally,

serves as a patient aid providing medication vibration alerts on a clinician prescribed

fixed schedule.

In the study by Nahab et al., data was collected over a two visit period. Patients

were initially assessed under a prescribed L-dopa based medication regimen, these

patients then wore the PKG sensor for a six-day period. The patients were then re-

evaluated using clinical metrics, as well as using measurements from the PKG sensor.

The patients’ medication regimens were updated following the clinical visit, and this

second regimen was similarly monitored by the PKG sensor over an additional six-day

period. We refer to the initial six-day PKG period as ‘Visit 1’ and the second period

as ‘Visit 2’.

A sample PKG report is provided in Figure 2.1. In this summary plot, data

was collected between 5:00am and 10:00pm. This summary plot consists of two

scores, the top score represents patients’ dyskinesia and the bottom represents

patients’ bradykinesia. Both are rated on scales from I to IV representing symptom

severity with I being least severe to IV being most severe. Note that following the

administration of medication this patient’s bradykinesia score improves (from BK II

to BK I), whereas their dyskinesia worsens (from DK I to DK III). However, these

trends do not perfectly follow the prescribed times for medication administration,

this is likely due to patients taking their medication before or after the prescribed

times. Finally, note that patients’ symptom response to L-dopa is varied across the

assessment week, suggesting the need for a stochastic modeling approach.

Lastly note that patients were taking one of three L-dopa formulations during this

study L-dopa IR (‘immediate release’), L-dopa CR (’controlled release’), and
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Figure 2.1: Example of a PKG summary plot (157), presenting both dyskinesia (top)
and bradykinesia (bottom) scores over a six-day period. In both plots the ‘I’ region
represents the lowest symptom severity and the ‘IV’ region represents the greatest
symptom severity. The bold lines represent the median scores, whereas the lower and
upper faded lines represent the 25th and 75th percentiles, respectively. The vertical
red lines represent clinician prescribed medication administration times, whereas the
red diamonds at the bottom of the image present patients’ ‘self-reported’ medication
administration times.
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Rytary (which is an extended-release form of L-dopa). In addition, patients may have

received dopamine agonists to alter the absorption time of L-dopa. In this study, we

restrict our patient cohort to 15 patients of the original cohort, who received only L-

dopa IR over both evaluations periods. Our patient cohort is made up of 10 males/5

females, with an average age of 71 years (min: 53 years, max 87 years), with anb

average time since PD diagnosis of 4 years (min: 1 year, max: 11 years), and a Visit

1 average L-dopa IR dosage of 380mg (min: 200mg, max: 800mg) and an average

Visit 2 dosage of 537mg (min: 300mg, max: 1000mg). Note that none of our patients

have an ‘early PD’ diagnosis with the minimum age of PD diagnosis of 53 years. A

summary of the patient cohort is provided in Table 2.1.

2.3.2 Model Definition

In this section we formulate a partially observable Markov decision process (POMDP)

model to optimize patients’ medication regimens (i.e., to maximize the patient’s utility

in any given day). We describe a POMDP model using a seven-tuple (S, A, O, p, K,

Ψ, r), with a set of states S, actions A, observations O, state transition probabilities

p, patient subtypes C, an information matrix Ψ, and a reward function r. Consistent

with PKG time series, we discretize time into 2-min time segments, which we refer

to as time epochs.

The proposed model aims to describe the pharmacokinetic process of medication

from which patient medication regimens can be optimized over the course of many

chronic diseases. Without invasive clinical measurements at time specific plasma

concentration of medication cannot be obtained. However, as medication impacts the

symptomology of patients, by using wearable sensors it is possible to estimate patients’

current concentration of medication. This leads to a partially observable model in

which wearable sensor measurements give insights into patients’ overall state. In the

case of PD, we model patients’ symptomatic response to L-dopa. Specifically, this
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Table 2.1: Summary of the patient cohort

Average Min Max
Gender 10M/5F - -

Study Age (years) 71 ± 11 53 87
Age at Diagnosis (years) 68 ± 9 52 80

Years of PD 4 ± 3 1 11
H&Y Stage 1.6 ± 0.7 1 3

V1 L-dopa IR Dose (mg) 380 ± 150 200 800
V2 L-dopa IR Dose (mg) 540 ± 220 300 1000
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model allows for the administration of various dosage of medication and simulates

the varied probabilistic responses to each medication dosage and their interactions.

• Decision epochs: To preserve the Markovian assumption, we assume that the

pharmacological response is history independent. Let t denote the amount of

time elapsed from the beginning of the monitoring day and T denote the length

of the monitoring horizon (i.e., a day) in units of 2-minutes. Here, T = 510

representing the patients’ monitored day from 5:00am to 10:00pm.

• Actions: Let action a ∈ A = {0, 100, 200, 250, . . . , 1000} denote the amount of

medication administered (i.e., L-dopa dose), with a = 0 representing a ‘wait’

action (no medication). We assume the patient has perfect adherence to the

prescribed regimen (all actions taken on time and without fail). We consider

dosages in 100mg and 250mg steps as those are the commonly available orally

administered dosages of L-dopa IR, our considered dosages stop at 1000mg as

that is the largest single dosage within our cohort.

• States: Let st = (cp, τ1, d1, τ2, d2) ∈ S denote the medication state of the

patient at time t. Here cp ∈ C denotes the patients’ plasma concentration of

medication. Additionally, di ∈ A represent the dosage of medication which

has a therapeutic effect on symptom control, (i.e., a ̸= 0. In the context of

L-dopa IR, the medication has an uptake period during which the medication is

stochastically processed by the body to provide therapeutic effect. We allow for

the model to simultaneously track two dosages of medication. Here τi represents

the last non-wait action (i.e., τi = at where a ̸= 0. If min(t − τi) < 30

(i.e., 60-minutes) then additional action can not be taken. This ‘blackout

period’ prevents the over-administration of medication by the model, which may

result in medication adherence fatigue or pose dangerous health outcome from

overdosing. Similarly, as the medication is used by the body, the bioavailability

of the medication reduces in a stochastic manner. Further, the value τi is
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replaced for the lower of the two τ values,

τ1 = ta̸=0, if τ1 < τ2 or, (2.1)

τ2 = ta̸=0, if τ2 < τ1. (2.2)

• Patient subtypes: Patients are given a subtype of L-dopa response k ∈

K = {1, 2, 3, 4} this subtype is based on patients demographic information

and previous L-dopa response curves. These subtypes enable subtype-specific

polices to better optimize patients’ medication regimens.

• Transition probabilities: At each time epoch the patient will probabilistically

transition to a medication state defined as pt(j|s, a) which denotes the

probability that the embedded Markov process transitions to state j ∈ S from

state st ∈ S, under action a. Note that this process is independent of subtype

as we assume that patient subtypes are characteristic of symptom response (i.e.,

observations).

• Observations: Let ot ∈ O denote the observation made at time t which

provides a hint as to the patient’s underlying medication state. Let the emission

matrix Ψt,k(o|s) denote the probability of making observation o, given the true

core state s at time t, for a subtype k.

• Beliefs: Let πt denote the belief of the underlying state at time t. Formally, let

the belief be a vector where πt = [π(1), π(2), . . . , π(31)], where π(·) corresponds

to beliefs in states s and πs be any element of πt. The belief πt is updated at

the beginning of the next decision epoch using Bayes’ theorem (74).

πk(j) =
Ψk(o|s)

∑
j∈S πt · pt(j|s, a)∑

j∈S Ψk(o|j)πt · pt(j|s, a)

• Total expected reward: Let rt(π) denote the immediate reward correspond-

ing to symptom control in belief state π at time t. The goal is to maximize the
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total expected reward to go, Vt,k(π) by selecting the optimal action, however

this is made based on decisions its belief. Hence, for t ≤ T , we have

Vt,k(π) = max
a∈A

{∑
j∈S

∑
s∈S

∑
o∈O

πt(s) · pt(j|s, a) · Ψt,k(o|j) ·

(
t∑

i=t

ri(π) + Vt,k(π′)

)

+

(
1 −

∑
j∈S

∑
s∈S

πt(s) · pt(j|s, a)

)
·

(
T∑

k=t

rk(π)

)}
,

where π′ is the updated belief at time t. Starting from state st, the next decision

epoch. Alternatively, for the event where t = T , the process will extend past the

monitoring horizon, the process terminates at time T and a lump sum reward is

received. This lump sum reward is heavily discounted for the remainder of the

medication response, as it is scaled per the lower symptom control importance

during non-waking hours/sleep.

2.3.3 Patient Subtyping

To generate group level treatment planning policies, patients were subtyped based on

their response to L-dopa. It has been shown that sex, BMI, and years with PD all

impacted patient’s response to L-dopa (129; 43; 10). Using patients’ demographic

information (sex, and years with PD), peak single dose symptom severity per

milligrams of L-dopa, and time to peak dose per milligrams of L-dopa, patients

were clustered into responder subtypes. Specifically, we used patients’ demographic

information collected at Visit 1. To obtain patients’ peak dosage information, we

evaluated their first daily response to L-dopa from Visit 1. Specifically for this

subtyping analysis, patients’ PKG scores were only considered from their first dosage

to their second. This was done to mitigate the impact of additional bioavailability of

L-dopa in the body following patients’ first daily dose. Peak symptom severity was

the maximum bradykinesia and dyskinesia scores obtained during this time period.

Time to peak dose was determined as the time in which peak bradykinesia control
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was achieved. Note that the time period evaluated will differ between patients.

Additionally, we assume patients took their medications on time and without fail

as prescribed.

We apply k-means clustering to separate the patients into subtypes based on L-

dopa response. The performance of the k-means clustering model was evaluated over

different numbers of clusters. The calibration is shown in Figure 2.2. In this ‘elbow’

plot, the k-means clustering performance can be roughly described in three parts

between 1-4, 4-6, and 6-15. While we desire to maximize explainability due to the

limited number of patient data, we determine to use 4 subtypes. The characteristics

of these subtypes are presented in Table 2.2. Comparing the subtypes it is interesting

to note that Subtype B contains all female members of the cohort, suggesting that

gender is a major factor in L-dopa response. Additionally, Subtype D contains only

one member who is the oldest member of the cohort, this patient also has the most

severe dyskinesia while receiving a relatively low dose of L-dopa. Interestingly, both

Subtype A and C are more similar in demographic make up; however, while both

groups have similar bradykinesia scores, members of Subtype C have less dyskinesia.

These differences in how patients respond has significant implications in how their

medication treatment plans should be optimized.

2.3.4 Pharmacokinetic Modeling of Levodopa

Pharmacokinetic modeling is the process of quantifying the dose-concentration time

course relationship of medication (102; 243). Orally administrated medication (such

as commonly prescribed L-dopa formulations), are typically modeled as first-order or

zero-order processes (243). Zero-order processes assume that medication is absorbed

at a constant rate, whereas first-order processes describe drug absorption through

differential equations accounting for bioavailability (243). Beyond accounting for

bioavailability, the method of compartmental modeling is also leveraged to more

accurately model drug absorption (243; 104). One-compartment models assume that
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Figure 2.2: WCSS as a function of the number of clusters when clustering patients
based on their best symptom control medication regimens per L-dopa dosage and
demographic information (sex, and years with PD) based on their first daily L-dopa
response from visit 1.The number of clusters is set to four, as a number towards
the bottom of the “elbow” is considered best, but further increasing the number of
clusters has been shown to reduce the model’s robustness.
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Table 2.2: Comparison of the L-dopa responder subtypes as identified by k-means
clustering. Note the values represent the mean and standard deviation across all
members of the subtype.

Subtype A Subtype B Subtype C Subtype D
Gender
(M/F)

(4/0) (0/4) (4/0) (1/0)

Study Age
(years)

67 ± 14 69 ± 5 74 ± 11 87 ± 0

Years of PD
(years)

3 ± 2 4 ± 4 3 ± 2 10 ± 0

V1 L-dopa
(mg)

425 ± 125 440 ± 207 300 ± 100 300 ± 0

V2 L-dopa
(mg)

500 ± 183 620 ± 286 550 ± 179 300 ± 0

Peak
Bradykinesia

-0.40 ± 0.06 -0.43 ± 0.10 -0.51 ± 0.15 -0.141 ± 0.0

Peak
Dyskinesia

0.14 ± 0.14 0.09 ± 0.12 0.03 ± 0.02 0.79 ± 0.0

Time to Peak
(minutes)

110 ± 74 242 ± 107 273 ± 142 129 ± 0
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the whole body acts a single compartment, this is a common approach for drug’s

with a monoexponential pharmacokinetic decline (243). However, two or three-

compartment models typically assume that blood and organs belong to a compart-

ment whereas, tissues which slower absorption rates/elimination rates belong to a

second compartment, finally other peripheral compartments can be model according

the specific drug (243).

L-dopa’s pharmacokinetic process has been modeled with a variety of underlying

assumptions. Typically, L-dopa pharmacokinetic studies measure intravenous L-

dopa plasma levels in a cohort of patients, while performing a symptom response

task. Specifically, L-dopa’s pharmacokinetics have been previously modeled as a

one-compartment, first-order process (1; 6), a two-compartment, first-order process

(8; 166), and as a multi-compartment (three or more-compartment), first-order

process (149; 218). Each of these studies sought to effectively model their own

collected data; however, there is no single pharmacokinetic model which used for

L-dopa modeling. Due to the availability of pharmacokinetic data in the literature,

we will assume that L-dopa follows an one-compartment, first-order absorption with

first-order elimination model. An overview of the pharmacokinetic process is provided

in Figure 2.3.

Following the oral administration of L-dopa the pharmacokinetic process can

be modeled by an one-compartment, first-order absorption and elimination model.

Mathematically this is described as,

dC1

dt
= −kl · C1 (2.3)

dC2

dt
= −kl · C1 − (

CL

M
) · C2 (2.4)

Cp = (
C2

M
) (2.5)
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C1

Dose kl and F
C2

CL/M

Figure 2.3: A diagram overviewing the pharmacokinetic process for L-dopa
response. This process represents the first-order absorption followed by elimination,
with the corresponding pharmacokinetic parameters denoted.
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here, C1 denotes the amount of the administered drug, kl is the absorption rate, C2

denotes the amount of the drug in the body, CL represents the clearance, M represents

the volume of the distribution, and Cp denotes the plasma drug concentration.

Following these definitions, the initial conditions for C1 and C2 are.

C10 = Dose · F and C20 = 0 (2.6)

here Dose denotes the dosage of the administered drug and F represents the

bioavailability. Thereby, the the drug concentration, Cp, is the solution to the above

differential equations,

Cp =
F · kl · Dose

M(kl − CL
M

)
· (e−tCL

M − e−kl·t) (2.7)

To calibrate this model, we utilize values from the existing literature. Specifically,

we incorporate the pharmacokinetic parameters obtained by (166), while this model

represents a two-compartment model, its parameters are consistent with other first-

order, one-compartment models (1; 6) The benefit of the work by Othman et al.

is their inclusion of a median and 95% confidence interval with their parameter

estimations. The inclusion of this confidence interval, allows for the modeling of

a distribution to our pharmacokinetic response. Patients have a varied response to

L-dopa based on several confounders; therefore, we account for this varied response

via the pharmacokinetic distributions. Consistent with the literature, we assume

that the bioavailability of the system, F , is consistent throughout the system and

pharmacological process (i.e., F = 1) (166). The pharmacokinetic parameters used

in this study are presented in Table 2.3. Note that these parameters are estimates

to model the complex nature of L-dopa response, for a particular pharmacokinetic

modeling framework.

To allow for a larger distribution of potential responses, we utilize the 95%

confidence interval pharmacokinetic values as a reference for two standard deviation

from the median parameter to create a set of normally distributed responses. This
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Table 2.3: Pharmacokinetic parameters for the modeling of L-dopa, the parameters
where obtained from the literature (166).

Parameter Median 95% Confidence Interval

kl (hr−1) 2.2 0.85 to 5.2
CL (l/hr) 24.4 20.4 to 26.8

M (l) 56.0 36.6 to 71.0
F 1 –
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enables a variety of responses. As the our data set is collected over a six-day period,

we assume for all simulations that pharmacokinetic parameters are constant through

each day, regardless of time or dosage. The L-dopa pharmacokinetic response is shown

in Figure 2.4. Each plasma concentration represents a separate state in the POMDP

model. To calibrate transition probabilities, 500 days are simulated for pair of actions

and τi.

2.3.5 Wearable Sensor Calibration

As the drug concentration and bioavailability of L-dopa is not measurable in real-time,

this dictates the formulation of the model to a POMDP. This partial observability

can take the form of wearable sensor measurements. As the uptake and use of L-dopa

in the body is characteristic of symptom control/response, we are thereby able to

estimate the current state drug concentration.

Here, we use patients’ Visit 1 regimens to estimate these observation probabilities.

These observation probabilities are subtype-specific, as the subtypes characterize

patients’ response to L-dopa. To determine the observation probabilities, we first

use patients’ Visit 1 regimens using the known state values, as obtained from the

L-dopa model. To calibration the observation probability we assume that patients’

level of symptom control is based on concentration of L-dopa. Therefore, the median

values of the pharmacokinetic parameters are used in the calibration, all L-dopa

plasma concentrations that are not reached within the patient cohort are estimated

by linear interpolated. The observation probability is calculated with a mean value

of the bradykinesia and dyskinesia values along with the 25th and 75th percentile

of symptom control. Each of the four bradykinesia and dyskinesia regions can be

separately measured by the sensor. We consider combinations of bradykinesia and

dyskinesia scores as the set of observations creating sixteen separate observations.
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Figure 2.4: The pharmacokinetic absorption and elimination of L-dopa. Plot A,
shows the a single administration of 200mg of L-dopa at time 210-minutes. Whereas
plot B, shows the administration of 200mg at both time 210-minutes and 570-minutes.
These times are representative a specific patient’s regimen in the cohort. Each plot
represents the varied response to L-dopa, shown over three days, both in magnitude
of response and elimination of the medication.
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2.4 Numerical analysis

In this section, we evaluate the model’s performance. Recall our data set consists of

two clinical evaluations and regimens. In our analyses, the Visit 1 analysis was used

to calibrate the model, whereas the Visit 2 analysis was used to evaluate the model’s

overall performance. Note that patients’ Visit 2 regimen was adjusted by a physician

to optimize patients’ symptom control based on clinical evaluation as well as the

wearable sensors report. In this way, the Visit 2 regimen is a physician’s attempt

to perform the same task as the POMDP framework. We evaluate the model’s

performance at simulating patients’ Visit 2 prescribed regimens and associated

symptom control: this portion is to validate the model’s performance.

2.4.1 Model Validation

To validate the models performance we examine its ability to produce similar L-dopa

responses to those observed in the data set. Specifically, we use the L-dopa response

model along with the wearable sensor observation process to produce patients’ Visit 2

regimens. In this way, we use the physician prescribed medication regimens for each

patient. We average patients’ symptomatic response to these regimens over a six day

period. We compare the time spent in each bradykinesia and dyskinesia region as

well as the average daily reward to that of the patients’ wearable sensor measured

symptoms.

The reward structure for this analysis aims to represent the goal of L-dopa

administration. Namely, similar to L-dopa reward structures that appear in the

literature (10), we prioritize the control of bradykinesia over that of dyskinesia. This

assumption follows that symptom control for bradykinesia is the primary use case of L-

dopa and dyskinesia is a side effect. Specifically, observations in bradykinesia regions

(I-IV) have a corresponding reward of 1, 0.75, 0.50, 0.25, respectively. Whereas

the dyskinesia regions (I-IV) have the corresponding rewards of 0.75, 0.5, 0.25, 0.0,

respectively.
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To determine the effectiveness of the POMDP framework, each patient’s Visit

2 regimen was evaluated both using the POMDP framework in comparison to the

observations collected directly by the wearable sensors. The average performance

of the L-dopa model is shown in Table 2.4. Overall, the model performs well for

Subtypes A, B and D, however each has a larger standard deviation than the wearable

sensor values. This increased standard deviation may have multiple sources, namely

that the PODMP uses state transition probabilities from a range of pharmacokinetic

parameters, which can lead to a large fluctuation in response. Additionally, as the

observation probabilities are collected across patients in each subtype. It appears

that the POMDP’s performance suffered for patients’ whose medication dosage was

increased between visits, this is especially true for Subtype C. Additional patient data

may help improve these results as response trajectories become more realistic with

additional patient data.

2.5 Conclusions and Future Work

In this paper, we present a POMDP framework to model medication regimens

in a cohort of PD patients. The model was calibrated using a combination of

pharmacological data (obtain from the literature) and wearable sensor data. Instead

of comparing static medication regimens as has been previously shown, this framework

allows for dynamic treatment planning. Additionally, the proposed framework, while

developed for PD treatments, could be applied to a variety of progressive, chronic

diseases. We demonstrate that the POMDP framework was able to accurately

model medication regimens for our study’s cohort, per medication response subtypes.

However, these models are restricted by the availability of different type of L-dopa

responders. Therefore, the framework can be further refined through the inclusion of

additional patient data.

There are several interesting future directions for followup research. First, the

current framework could be extended to account for limited sensing in which
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Table 2.4: Validation of the PODMP framework. Results are presented averaged
across all patients in each subtype over a six-day period with the associated standard
deviation.

Subtype A Subtype B Subtype C Subtype D
Wearable Sensor Assessed 1226 ± 54 1231 ± 140 1076 ± 68 1337 ± 0

POMDP Model 959 ± 512 848 ± 504 279 ± 86 1115 ± 112
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observations have an associated cost. This process could enable increased battery life

as wearable sensors require frequent charging, which can be a burden, especially, for

an elderly population. Second, the framework could incorporate physician-in-the-loop

decision-making, under which the physician-prescribed medication regimen would be

used as a baseline by the framework. The framework’s action space would be restricted

to a limited deviation from this established regimen. Such a process could provide

recommendations to the physician, which can be more easily introduced clinically.

Finally, a full-scale longitudinal study in which the POMDP framework determines

and prescribes patients’ optimal regimens with the oversight of a physician could

serve as a precursor to establishing the use of such a framework with L-dopa pumps

(3) that would provide immediate, dynamic medication response at any dosage level.
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Chapter 3

Machine Learning’s Application in

Deep Brain Stimulation for

Parkinson’s Disease: A Review

3.1 Introduction

Deep brain stimulation (DBS) has evolved into an effective therapeutic agent for

Parkinson’s disease (PD) patients suffering from medication refractory tremor, motor

fluctuations, and/or troublesome dyskinesia. The stimulation is delivered through

electrodes that are stereotactically implanted into either the subthalamic nucleus

(STN) or the globus pallidus internus (GPi). Targeting is achieved with intraoperative

image guidance (magnetic resonance imaging (MRI) or computed tomography (CT))

(139; 171; 27). Neurophysiological mapping via microelectrode recording (MER)

is often utilized to improve targeting precision. DBS therapy is engineered by

customizing the size, shape, and intensity of the stimulation field with newer

electrodes (tripartite-segmented electrodes from Abbott©, Medical InfinityTM, Austin

TX, USA, and Boston Scientific©, VerciseTM, Marlborough, MA, USA), producing
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larger therapeutic windows and increasing the combinations of programming options

(55; 210).

Currently, high frequency continuous stimulation drives therapeutic benefit and

requires time-consuming programming sessions, often relying on a trained clinician

culling from experience and established programming approaches (227; 154) to

achieve the best clinical outcomes. However, stimulation-related side effects and

suboptimal clinical responses can be limiting factors. Adaptive DBS (aDBS), which

is a closed loop stimulation system (133) that uses a physiological biomarker of

the parkinsonian state to automatically adjust the stimulation level and location,

can provide an alternative to traditional DBS. This offers the possibility of more

efficiently treating patients while reducing the challenges inherent in the current

programming approaches. Furthermore, the recent advances in DBStechnology,

including improvements in spatial control from segmented electrodes and image

guided programming, along with brain sensing (a likely precursor for closed loop

DBS) can benefit from the application of data driven modeling to enhance clinical

decision making and outcome prediction. In this review, we examine the applications

of machine learning approaches for DBS in PD.

Machine learning (ML) is a subfield of artificial intelligence (AI) that identifies

patterns within data sets. The application of ML in healthcare is becoming more

widespread to augment the work of clinicians (186). For instance, ML models have

been created to identify anatomical structures through medical imaging (207), and to

optimize pervasive sensing in healthcare informatics (190). In the context of PD, much

work has been done to successfully use ML/AI. This includes detecting PD symptoms

for diagnosis purposes (e.g., (2)), predicting disease progression and patient response

to medication using motor symptoms (e.g., (13)), optimizing clinical assessments

through leveraging wearable sensors (e.g., (187)), and providing medication regimen

planning (e.g., (233)).

Traditionally, computer algorithms execute explicit, specifically written code

to interpret data and make decisions. ML is a computer analysis subfield that
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distinguishes itself from traditional methods by seeking to “learn” the relationships

that underscore data without exact instructions (204; 156). Simply put, ML is an

automated method that uncovers patterns in the data and utilizes those patterns to

make predictions and/or facilitate decisions. ML has a wide domain of uses but excels

in tasks that have large and complex data sets (204). Generally, ML algorithms are

categorized into two subtypes, namely, supervised and unsupervised learning.

In supervised learning, the algorithm’s general goal is to learn a mapping of inputs

to outputs. To accomplish this task, the algorithm is provided a training set of

input–output pairs. These inputs are generally multi-dimensional vectors representing

features of the data. The response variable, also known as a dependent variable, is

the output of interest that is associated with these features. As the true values

of the response variable, namely the ground truth, have already been identified by

a human, supervised learning algorithms frequently are attempting to approximate

human performance (56). The response variable may be discrete (often called a

label) or continuous, resulting in a classification or a regression task, respectively

(156). The performance of a supervised learning algorithm is objectively evaluated

on a testing set, a subset of the data that is never examined by the algorithm when

training. This allows for quantifying the generalizability of the learned model to

unseen data. Dependent on the type of task (classification vs. regression), the model

performance is described by diagnostical statistic measurements, such as accuracy, F1

score, or the area under the receiver operating characteristic (AUC) for classification,

or metrics such as mean squared error or mean absolute error for regression. Examples

of supervised learning algorithms include random forests (RF) (130), neural networks

(NN) (91), support vector machines (SVM) (212), näıve Bayes (NB) (194), and k-

nearest neighbor (KNN) (63).

In unsupervised learning, the algorithm’s general goal is to find trends in data

given only inputs. Unsupervised learning tends to be a more difficult process, as there

are no known ground truths to predict. Examples of unsupervised learning algorithms

include clustering (86), density estimation (18), and some neural networks (91).
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Each technique requires different methods to determine the model’s performance.

For instance, in clustering, data is separated into distinct groups that ideally share

characteristics. A clustering algorithm’s performance may then be analyzed by how

close its group members are to one another (intra-cluster distance) or how close

the members are to another cluster (inter-cluster distance). While benchmarking

unsupervised learning algorithms can be challenging, unsupervised learning allows for

the analysis of data sets that are completely incompatible with supervised learning

algorithms. Unsupervised learning is well suited for situations where ground truths

cannot be identified or in which human experts cannot determine trends. Under

these situations, unsupervised learning can propose trends in the data that can lead

to meaningful insights when interpreted by experts.

The efficacy of DBS in the treatment of PD is well established (57; 226; 14; 122).

Many of the potential benefits of ML in strategic PD treatment planning have been

considered (2; 13; 187); however, these reviews do not generally explore the role

of ML in DBS. Specific surgical or treatment topics relating to ML in DBS have

been explored (34; 95; 231; 178). However, they do not explore all facets of ML in

DBS, and frequently only provide brief considerations of its application. As such,

identification of the best performing models, as well as gaps in the existing body of

literature, could help guide future exploration in using the powerful tool of ML. Here,

we review the applications of ML approaches for DBS in PD. We compartmentalize

these approaches into four groups: (1) DBS candidate selection; (2) programming

approaches; (3) surgical targeting; and (4) insights into DBS mechanisms.

3.2 Materials and Methods

We performed a comprehensive search for studies that applied ML techniques in

conjunction with DBS treatment of PD. This search encompassed all relevant journal,

review, and conference publications cataloged on four common computerized database

search engines: (1) PubMed, (2) the Institute for Scientific Information’s Web of
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Science, (3) the Cochrane Database of Systematic Reviews, and (4) IEEE’s Xplore

Digital Library. We utilized the computerized databases’ keyword search functions

using a combination of three key phrases: (1) “Parkinson’s Disease,” (2) “Deep Brain

Stimulation,” and (3) “Machine Learning.” We limited our results to publications

that were published between January 2010 and August 2020. We further limited our

results to English language manuscripts. This initial search identified 76 potential

publications. These were evaluated with the predetermined exclusion criteria: (1)

PD was not the primary application focus (seven papers were excluded), and (2)

papers that contained only published abstracts (one paper was excluded). This

process returned 68 publications that were included in this review. The number of

publications per year and the number of papers per database are provided in Figures

3.1 and 3.2, respectively.

3.3 DBS Candidate Selection

A key challenge for clinicians is to properly identify DBS candidates who will

receive measurable clinical benefits with minimal surgical and stimulation related

risk. A large-scale ML assisted analysis was performed to identify patients who

may experience complications from DBS surgery. Specifically, Farrokhi et al. (68)

examined a retrospective cohort of 501 DBS patients and determined presurgical

features that indicated a greater chance of DBS complications. Logistic regression

was applied to evaluate risk factors. The model was able to correctly identify subjects

that would have any complications (AUC 0.86) and complications within 12 months

(AUC 0.91) following DBS surgery. They found that age body mass index, procedure

side, gender, and diagnosis of PD were all prominent features.

The screening of potential DBS patients can be limited through visits conducted

virtually. There is a growing body of research that utilizes video recordings and ML

to determine symptom scores for use in telemedicine. Das et al. (50) compared

DBS patients on and off stimulation and classified severe versus mild symptoms
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Figure 3.1: The number of publications examined within the review, segmented
by the original publication date up to the last full year. There were 12 publications
reviewed between January 2020 and August 2020.
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Figure 3.2: The description of the database keyword search results per database.
Each number located within a square indicates the number of returned publications.
The exlusion criteria are descrbied in Section 3.2.
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using full-body capture video. This analysis was performed for six DBS subjects

and classified through SVM. Yohanandan and colleagues (239) used wearable sensors

with RF models and predicted tremor severity following the Bain–Findley tremor

rating scale (BTRS) with 81% accuracy for use in telemedicine. These studies not

only demonstrate the feasibility of using ML in remote monitoring platforms, but also

provide early insights into developing a way to classify symptom severity or patients’

phenotypes virtually.

3.3.1 Predictive Motor Biomarkers

Several studies have deciphered motor classifiers by comparing certain motor response

differences between healthy and Parkinson’s subjects (120; 121; 93; 164). Kuhner et

al. (120; 121) used RF algorithms to stratify 14 PD patients with (DBS-ON) or

without (DBS-OFF) stimulation from 26 healthy subjects using a variety of motor

control tasks. They found a 94.6% accuracy in distinguishing DBS-OFF patients

from healthy subjects when using a standing up test. Another study (121) performed

3D motion capture and gait analysis on 26 PD patients (seven with STN-DBS) and

25 healthy subjects. They identified classifiers (a combination of low-order time

derivatives) that performed best at distinguishing DBS-OFF patients from healthy

subjects. Such classifying features could then be applied to a large-scale study of gait

analysis. Similarly, Huo et al. (100) developed a unique multi-sensor motor response

test and utilized KNN to classify 33 subjects as either having PD or being healthy

with a 96.6% accuracy.

3.3.2 Non-Motor Considerations in Candidate Selection

Non-motor symptoms (NMS) of PD include neurobehavioral dysfunction, dysau-

tonomia, and sleep dysfunction. NMS treatment response has varied with DBS

(201; 36; 69), with several of these symptoms (i.e., sleep, pain, impulse control

disorders, anxiety, and nonmotor fluctuations) showing some degree of improvement.
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However, with the limited number of studies investigating NMS changes with DBS,

the mechanisms underlying the responses are postulated to be related to direct

stimulation effects on the anatomic substrate (i.e., STN), postoperative dopaminergic

medication reductions, or indirect relation to motoric benefit. Since NMS impacts the

quality of life in PD patients, factoring it into the surgical decision-making process is

an important clinical consideration.

Koch et al. (115) studied 40 DBS patients’ preoperative electroencephalograms

(EEGs) to identify those who would have postoperative cognitive deterioration using

an RF algorithm. The data set was balanced in cognitive performance outcomes.

The best performing model used both EEG and clinical features and achieved an

accuracy of 91%. Chen et al. (38) examined the sleep cycle characteristics of 12

DBS patients. These patients were classified by SVM and decision trees based on

local field potential (LFP) signals from the implanted target (STN). They found

that alpha, beta, and gamma brain waves were the important predictors in sleep

monitoring. Paliwal et al. (169) explored the effect that DBS had on impulsivity in

decision making. In this study, 38 PD patients played a virtual slot machine before

and after beginning DBS treatment. They applied a hierarchical Gaussian filter model

that determined gambling behaviors. They found that DBS patients had increased

volatility in relationship to impulsivity. Further, Chrabaszcz et al. (41) examined

the LFP signals of 11 patients with STN-DBS while they read three-phoneme words.

They were able to identify tongue or lip articulation, specific to DBS patients, that

showed that DBS affected some patients’ speech patterns.

3.4 Programming Optimization

Once potential DBS patients have been identified, the optimization of stimulation

oftentimes requires frequent and time-consuming programming sessions conducted

over 3–6 months from implantation. The programming strategies, coupled with

simultaneous medication adjustments, rely a great deal on clinical trial and error.
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The efficient optimization of strategic DBS treatment planning using ML has been

investigated. For example, Khojandi et al. (109) performed a retrospective analysis

on 20 STN-DBS patients’ Unified Parkinson’s Disease Rating Scale (UPDRS) III

scores. UPDRS (203) is a standard, subjective clinical measurement of PD symptom

severity. Khojandi et al. developed an RF algorithm based on preoperative patient

and disease characteristics to distinguish patients’ optimized stimulation frequency

(high and 60 Hz) with 95% accuracy. Such a model could enable more efficient

optimization of DBS parameters. Additionally, Shamir et al. (205) predicted the

expected stimulation and medication dosage based on three ML methods, specifically

SVM, NB, and RF, for ten patients using 89 post-DBS surgical visits. These visits

were used to create a clinical decision support system. This system enabled the correct

prediction of motor improvement scores one year after surgery at 86% accuracy. The

best performing model that classified individual symptoms varied. For example,

SVM predicted tremor and speech outcomes with up to 100% and 93% accuracy,

respectively, whereas RF outperformed SVM in terms of axial akinetic symptom

prediction, with 86% accuracy.

Khodakarami et al. (108) examined the role of wearable sensors, specifically the

personal kinetigraph, in an on/off stimulation classification problem. Their linear

regression models determined classification with an AUC of 0.92. Baumgarten et al.

(11) examined ten patients with GPi implanted DBS for pyramidal tract side effects

(PTSE). An NN classified PTSE in patients whose parameters had been designed

to trigger PTSE by clinicians. Each PTSE event was identified by professionals. A

positive predictive value (PPV) of over 0.8 was achieved in this study.

Due to the clinical significance of the UPDRS, several publications explored the

prediction of the UPDRS score as a response variable. Przybyszewski et al. (180; 181)

used data mining and decision tree approaches to predict UPDRS III scores based

on reflexive saccades with 76% accuracy for 41 PD patients (18 with STN-DBS), and

consequently using UPRDRS predictions, they estimated the disease progression in

a cohort of PD-DBS patients. Candamil et al. (31) successfully categorized four
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subjects’ UPDRS scores through linear machine learning based on a copy/draw test

that could be applied to calibrate stimulation parameters. A study (5) that applied

KNN on seven DBS subjects was able to predict UPDRS symptom severity with

over 90% accuracy using wearable sensors on the most affected arm. The authors

determined the potential benefit for home-based objective sensor measurements for

improving DBS parameter optimization.

3.4.1 Adaptive DBS

Adaptive DBS (aDBS) refers to automated stimulation based on the real-time

feedback of electrophysiology or wearable sensor signals (133; 90). Validated input

signals, including basal ganglia local field potentials and especially beta band activity

(133; 145; 132; 4), are deemed to be associated with rigidity and bradykinesia

(further review of electrophysiology-based aDBS is provided in (159)). Alternative

input signals rely on wearable sensors (31; 5; 107; 29; 213)that can measure

tremor, bradykinesia, dyskinesia, and gait (107). The fidelity of tremor detection

in calibrating a closed loop adaptive system has been demonstrated in several

studies (97; 84). The use of ML in tremor classification for DBS patients was

also explored and deemed as a useful tool for adaptive, patient-specific optimization

(203; 107; 29; 127; 235; 236; 134; 150). Khobragade et al. (107) examined the surface

electromyography of two patients (one PD-DBS) over two sessions and analyzed the

signals using an NN. They achieved over 80% accuracy when detecting tremor using

an NN trained on the same session. However, there was a nearly 50% decrease in

performance for repeat patient measurement taken a week apart, which indicated the

high variability of tremor symptoms and the benefits from aDBS, which is capable of

real-time performance. To that point, LeMoyne et al. (127) surveyed the use of the

BioStamp nPoint, a data acquisition device for tremor detection, specifically with the

use of an NN, to identify stimulation parameters based on tremor response for future

use in aDBS. Camara et al. (29) examined four STN DBS patients and classified
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tremor based on LFP signals. The authors suggested that a simple threshold would

be insufficient to classify tremors. Therefore, they instead used -recurrence networks

to classify tremors, and consequently applied an SVM to adaptively start or stop

stimulation. This process averaged over 90% accuracy at stopping stimulation and

over 78% accuracy at starting the stimulation. Shah et al. (203) used a logistic

regression algorithm to classify tremor and non-tremor periods in seven DBS subjects

using wearable sensor (accelerometer) data. The data set was labeled based on the

frequency and duration of accelerometer events. The model achieved an AUC of

0.78±0.11 for the identification of tremor periods. Additionally, Yao et al. (235; 236)

showcased the benefits of Kalman filtering when applied to tremor classification using

multiple ML methods (SVM, RF, KNN, etc.), with as high as 11% classification

improvement.

Additionally, ML has been applied to freezing of gait (FoG) (213), boundary

decisions (151), and PD stages (152) for use in aDBS. However, the clinical feasibility

of detecting these non-tremor motor symptoms have yet to be clinically validated in

such a system.

Classifying human behavior from brain signals has also been explored in developing

closed loop aDBS (80; 81; 83; 82). The real-time classification of human behaviors

would allow for adaptively optimizing stimulation parameters per task. Golshan et al.

(80) used variants of SVM classifiers to predict a variety of human behaviors, including

speech, mouth movements, arm movements, finger movements, and a button press,

with 70% accuracy, and demonstrated the effects of medication on STN-LFP (83).

Mamun et al. (141) decoded movement behaviors from LFPs of the STN and GPi

from 12 PD and dystonia subjects with DBS by conducting a finger-clicking task

with an accuracy of 99.8%. Furthermore, Niketeghad et al. (160) used SVM from

14 patients’ LFPs to recognize speech, motor, and random type tasks with 73.2%

accuracy. Additionally, several other studies examined the classification of behavioral

actions using hidden Markov models (HMMs) in combination with the ML techniques

(240; 241; 101). For example, Jiang et al (101) created an HMM in combination with

60



ML for the classification of motor, language, and motor/language combination tasks.

They examined the LFP signals of nine DBS patients using their HMM model, and

achieved over 80% accuracy at distinguishing between a combination of any two tasks.

3.5 Surgical Targeting

The surgical implantation of DBS electrodes necessitates accurate real-time iden-

tification of a specific brain region. Image guidance with direct magnetic resonance

imaging (MRI) based targeting or co-registration of computed tomography (CT) with

a 3-Tesla MRI are currently used to localize anatomic targets (i.e, STN and GPi)

(14; 72; 158). The selection of targets and surgical approaches varies among DBS

centers, with microelectrode recording (MER) and intraoperative stimulation effects

used to refine electrode placement (92). ML techniques have been proposed to utilize

microelectrode recordings to aid in subthalamic nucleus classification and thereby

facilitate electrode placement. Cardona et al. (30; 223) performed a retrospective

analysis of MER region localization of 10 patients. They compared traditional ML

classifiers (NB, SVM, KNN, etc.) with a multi-output Gaussian approach. The

relative performance of the classifiers varied by task, but each achieved an accuracy

of over 70%. The classification of other specific brain regions through MER signals

has also been explored. For example, Khosravi et al. (110; 111; 112) analyzed

the MERs of electrode trajectories with ML techniques over several studies. They

retrospectively analyzed 100 DBS subjects’ physicians determinations of optimal

implantation trajectory’s MERs with a deep NN and obtained an accuracy of 92%

in localizing specific brain regions. Additionally, they utilized unsupervised machine

learning techniques on 50 subjects’ MERs and determined the dorsal border of the

STN region with 80% accuracy. Finally, a fast Fourier transform was applied to the

MERs of 20 DBS surgeries, and a logistic regression algorithm and SVM were applied

to localize STN depth. This achieved an accuracy of 85% in detecting the borders

of STN. High accuracy region SVM classification models were used by Guillén et
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al. (88; 89) with a 99.5% accuracy at stratifying MERs between the STN, thalamus

nucleus, and the substantia nigra. Similarly, Lu et al. (136) applied SVM to 16

subjects’ MERs guided by 3-Tesla MRIs. This model achieved an AUC of 0.87. It

is important to consider that MER measurements can be confounded based on the

patient’s state of sedation: minimal (awake), light, or deep (general anesthesia).

Alternative approaches, such as the utilization of traditional MRIs (205) and

state-of-the-art 7-Tesla MRIs (206; 113) or magnetoencephalography (MEG) (21) in

conjunction with ML techniques, have been rarely explored. Ozturk et al. (167)

examined ten patients’ LFP signals and determined STN localization by an online

linear discriminant classifier. Similarly, Darbin et al. (49) used LFP signals in a

Tree Bagger algorithm to identify regions in non-human primates. Stuart et al. (211)

examined 16 subjects’ EEGs with multiple stimulation regions specifically: GPI, VIM,

or STN. The fast Fourier transform was used to extract features. They compared

the performance of several ML classifiers in determining the stimulation region. A

decision tree based gradient booster paired with principal component analysis (PCA)

performed the best at region identification (F1 0.62, precision 0.68).

ML has also been used in conjunction with HMMs to model surgical planning.

For example, Valsky et al. (220) developed a real-time ML classification of the

subthalamic border for accurate detection of the STN in DBS surgery. They examined

58 STN trajectories using an SVM and achieved an accuracy of 97.6%. They used

the SVM results to inform an HMM for real-time identification, and this model was

tested on an additional 73 trajectories, achieving an accuracy of 94%. Valsky et al.

then continued this work in (219) for the identification of the striatopallidal border

site to the GPi. They applied a similar SVM/HMM algorithm to 116 trajectories over

three patient types: awake PD patients, lightly anesthetized genetic, and non-genetic

dystonia subjects. Their algorithm had similar performance to clinical experts at GPi

border identification across all patient types considered.
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3.6 Insights into DBS Mechanisms

A small body of work exists that aims to better understand the underlying biological

and chemical signals that impact DBS performance. Trevathan and colleagues

(215) used NN and Volterra kernels to characterize stimulation-evoked neurochemical

releases. They compared their proposed frameworks of stimulation-evoked dopamine

releases in several animal models. This allowed for a neurochemical signaling

comparison of healthy and diseased brains, which theoretically could be used to

develop strategies for controlling DBS systems. In another study, Khawaldeh et al.

(106) examined the off medication LFPs of 18 STN-DBS patients. They used NB

classifiers for movement predictions and determined the band frequency of oscillatory

synchronization associated with motor impairment in PD.

Finally, ML techniques have been utilized in the design of DBS systems. Jovanov

et al. (103) developed a unique aDBS system hardware platform that allowed for

the real-time optimization of DBS treatments by utilizing a genetic algorithm to

identify patterns in treatment planning. Other studies that concentrate on hardware

limitations include: Zhu et al. (242), which focused on performance, memory,

and hardware requirements for seizure detection tasks in PD using EEG/ECoG

(electrocorticography) as inputs to a custom decision tree algorithm; and De La

Pava et al. (53), which applied hierarchical KNN to reduce the computational load

of tissue-activated visualization in DBS modeling.

3.7 Discussion

The application of ML in DBS treatment for PD is a rapidly growing, interdisciplinary

field that has unprecedented potential to transform all aspects of DBS. If considered

and executed appropriately, ML will prove a tremendously beneficial tool for

clinicians. This review examined the role of ML in DBS in the broadest terms,

performing an exhaustive review and considering nearly a decade of publications.
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We found compelling applications for ML in (1) DBS candidate selection; (2)

programming optimization; (3) surgical targeting; and (4) insights into DBS

mechanisms. Even within a specific category, there was large heterogeneity among

the studies regarding feature type, ML models, and practicality of implementation.

Broadly speaking, the clinical features utilized in ML studies benefited from

objectiveness. As such, ML research favors LFP, wearable sensors, MERs, and similar

unbiased measurements.

The identification of PD patients whose motor control symptoms would be more

effectively managed under DBS than medication-based therapies is a clear target

for ML. Predicting which patients may have adverse effects from DBS therapies is

crucial to ensuring optimal patient outcomes. Non-motor symptoms present further

complexity to the PD phenotype, which has implications on disease progression,

response to therapy (medication and stimulation), and surgical risk. Recent

publications have offered methods to predict neurobehavioral changes preoperatively,

hence possibly influencing the DBS decision-making process. Measuring motor and

non-motor symptomatology through objective means will permit the expansion and

robustness of these ML-based decision models. Additionally, patient phenotyping

through unsupervised methods may reveal trends in patient data that have not been

incorporated into current predictions. The automatic classification of potential DBS

patients could efficiently determine an optimized treatment plan, thus dramatically

improving patients’ quality of life.

Adaptive DBS has a significant scope of clinical impact on a patient’s quality

of life. The use of LFPs and/or wearable sensors serve as robust measurement

instruments for the classification of specific behavioral tasks, severity, and/or tremor.

However, a large portion of these studies utilized assessments obtained in a clinical

setting. Further work is needed to identify motor control symptoms in real-world

environments. Tremor detection using wearable sensors appears to be one of the

nearest methods to application in the clinical field. Additionally, the development

of HMMs that accurately describe a DBS would have a great impact on strategic
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treatment planning. To that end, dynamic treatment planning would require a further

assessment as to the practicality of adaptively tuning DBS parameters.

Surgical targeting utilizing ML to interpret intraoperative signals can be used to

enhance the targeting of anatomic substrates, providing immediate clinical relevance

as a support tool to assist in surgical planning. However, while many of the studies

reviewed and utilized MER signals in classifying or delineating surgical targets to

enhance optimal electrode placement, it is important to note that few studies have

robustly examined clinically relevant outcomes related to these approaches. Image-

based training of surrounding anatomy in ML modeling to enhance surgical target

localization is expanding and showing greater precision and adaptability than current

direct (image guided) or indirect (Talaraich coordinates) methods (16; 170).

Although ML’s application in DBS is relatively early in its development, the

preliminary evidence is remarkably promising. Its ability to determine underlying

patterns within patient data offers the potential to enhance candidate selection,

facilitate surgical targeting, and more efficiently optimize programming approaches

to yield rapid and robust clinical outcomes. In general, ML models that have

interpretable data structures (explainable AI) should be favored in future studies.

This allows experts to translate ML decision-making criteria, and could potentially

provide insights into the fundamental nature of DBS. Additional insights may be

found in the growing body of literature that proposes using PD-related genetic

mutations and genetic profiles to identify DBS therapy effectiveness (131; 54).

Furthermore, ML methods generally benefit from large data sets. The majority

of studies considered in this review are limited by their small number of patients.

Before any of the presented methods can be applied in a clinical setting, large-scale,

randomized, multi-center studies are necessary to ensure an expansive data set while

minimizing differences in target selection and surgical planning.
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Chapter 4

Influence of Deep Brain

Stimulation Frequency and

Levodopa on Gait Dynamics in

Parkinson’s Disease

4.1 Introduction

Parkinson’s disease (PD) is a neurodegenerative disorder resulting from the loss of

dopaminergic neurons (52; 12). As the disease advances, gait disorder—manifesting

as shuffling, reduction in speed, and freezing of gait, can arise and cause significant

disability (162). Early in the disease course, dopaminergic medication can effectively

manage PD’s cardinal symptoms (i.e., bradykinesia, tremor, rigidity) (77). Levodopa

(L-dopa), the most common dopaminergic medication used in the treatment of PD,

can further produce spatial gait benefits such as improved stride length, gait velocity,

swing velocity, as well as lower leg and arm range of motion (20; 45). However,

temporal aspects of gait such as cadence, double limb support, and swing duration

tend to be less responsive (20; 45).
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In advanced PD patients, deep brain stimulation (DBS) effectively treats motor

complications including, wearing offs and L-dopa induced dyskinesia (76; 208; 32; 69).

The subthalamic nucleus (STN) is one of the preferred anatomic substrates for the

implantation of electrodes for DBS (118; 199). High frequency stimulation (130-

185Hz) of the STN engenders an average reduction in dopaminergic medication

of 40 − 60% while improving L-dopa on time and lessening dyskinesia (119).

Axial symptoms tend not to respond to high frequency STN-DBS, with long-term

studies demonstrating a worsening over 5-10 years after STN-DBS related to disease

progression (76; 208; 32; 69; 224; 221). However, STN-DBS has been shown to improve

similar gait measures as L-dopa,including velocity and stride length, while increasing

the amplitude of trunk torsion and flexion along with arm and leg movements

(66; 71; 195). Several studies also suggest that the combination of L-dopa and STN-

DBS engenders synergistic effects on these gait parameters along with reducing gait

variability—a clinical marker associated with increased fall risk among PD individuals

(66; 93). Reports of gait benefit with low frequency (60-80Hz) STN-DBS have shown

potential benefit, but sustained responses are variable, with little known as to which

patients would show improvement (208; 153; 188; 24; 191). Furthermore, there is

a lack of understanding as to the interaction of dopaminergic medication and low

frequency stimulation, which has limited its widespread use.

In this study, we aim to identify the gait features impacted through the

combination of DBS stimulation frequency and medication in a cohort of chronic STN-

DBS patients with advanced PD and underlying gait disorder. We apply machine

learning (ML) techniques to a data set of gait kinematics acquired from instrumented

walking assessments to determine which gait features are impacted by either high

frequency (180Hz; HFS) or low frequency stimulation (60Hz; LFS) in both medicated

and unmedicated states.

67



4.2 Methods

4.2.1 Patient cohort and clinical data

The patient cohort consisted of twenty-one chronic PD patients (15 males/6 females),

with a mean age of 64 years (range 39-80 years) and a mean disease duration of 15

years (range 3-40 years). The cohort was collected from an ongoing 60Hz STN-DBS

gait disorder study (NCT identifier: 04184791) who had bilateral STN-DBS for more

than 3 months and had a documented underlying gait disorder as defined as a score

of two or more on the Movement Disorder Society’s unified Parkinson’s disease rating

scale (MDS-UPDRS) III gait subscore. Specifically, participants’ axial symptoms

were measured by the MDS-UPDRS III subscores (3.1, 3.3(a-e), 3.9, 3.11, 3.12,

3.13) for facial masking, speech, limb rigidity, freezing of gait, posture, and postural

instability. In addition, this cohort consisted of participants who received 60Hz

low frequency (three participants) and 130-186Hz high frequency DBS stimulation

(nineteen participants) as their standard-of-care therapy. Exclusion criteria for

this study included non-English speaking, cognitive impairment limiting compliance

with the study protocol, and vestibular or musculoskeletal problems affecting gait.

A summary of the patient cohort is presented in Table 4.1. All data collection

and analysis were performed in accordance with the Declaration of Helsinki and

approved by the Institutional Review Boards of The Feinstein Medical Research

Institutes/Northwell Health and the University of Tennessee (UTK-IRB-19-05559-

XP).

4.2.2 Instrumented stand and walk trials

The analysis was performed utilizing sensor data collected from instrumented stand-

and- walk (SAW) trials. Participants were evaluated in the following six conditions:

OFF DBS/OFF MED, OFF DBS/ON MED, HFS DBS/ON MED,
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Table 4.1: Summary of the study’s chronic DBS cohort demographics.

Mean (STD) (Min-Max)
Age (years) 64 (9) 39-80

Sex (Male/Female) 15/6 -
Disease Duration (years) 15 (8) 3-40

LEDD (mg) 624 (310) 150-1317
Standard-of-care Frequency (Hz) 130 (42) 60-186
MDS-UPDRS III Axial Subscore

OFF Stimulation/OFF Medication
9.14 (3.81) 2-17

MDS-UPDRS III Axial Subscore
OFF Stimulation/ON Medication

6.18 (3.22) 1-12
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HFS DBS/OFF MED, LFS DBS/ON MED, and LFS DBS/OFF MED. The medi-

cation OFF state was achieved following an overnight withdrawal of dopaminergic

medications, while the DBS OFF condition consisted of a 50-minute ‘wash-out’

period prior to evaluation. To ensure the transition to the ON MED state,

participants were administered 1.5 times their usual L-dopa dose (up to 300mg)

using carbidopa/levodopa 25-100 tablet(s). SAW trials were performed for each of

the STN-DBS electrode’s four contact pairs, which may lead to an overall increase

in variability of the measurements. Each pair was reprogrammed in the OFF MED

state under HFS. The amplitude was increased in 0.1mA increments until sustained

side effects were produced, with the final amplitude being 10% lower than the side

effect threshold. The LFS amplitude was determined for each contact by using the

HFS amplitude and the total electrical energy delivered (TEED), where,

TEDD =
Amplitude2 ∗ Frequency ∗ Pulse Width

Impedance
(4.1)

to keep the LFS and HFS conditions equivalent. There were eight stimulation trials

per medication state, and participants were blinded to their stimulation changes.

During the stimulation trials, contact pairs were randomly stimulated with either

HFS or LFS in both the ON MED and OFF MED states. The presence of L-dopa

induced dyskinesia was determined by the principal investigator for each of the trials.

Participants’ gait dynamics were recorded using full-body Opal sensors (APDM,

Portland, OR) on their wrists, feet, sternum, and lumbar spine (L5 level). Each SAW

consisted of a 30- second standing period, followed by a 7m walk at a comfortable

speed, a 180-degree turn, and a return 7m walk. Both the initial and return

7m walks are considered separate trails for the purposes of this study. Subjects

completed two trials per SAW for each stimulation condition. In the OFF stimulation

conditions, one SAW (two trials) was conducted compared to four SAWs (eight trials)

for each ON stimulation condition, as each contact pair was individually evaluated.

Walking aides were permitted for the study and their influence was reduced in the
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models by removing upper limb and postural sway parameters from the analysis.

The measurements assessed during the instrumented walks included: 1) Gait– cycle

duration (seconds), speed (m/s), stance (%GCT), swing (%GCT), heel strike angle

(degrees), toe off-angle (degrees), toe out angle (degrees), stride length (cm), cadence

(steps/min), step duration (seconds), elevation at midswing (cm) (foot clearance),

double support (%GCT), and circumduction (cm); 2) Lumbar – sagittal range of

motion (degrees), transverse range of motion (degrees), coronal range of motion

(degrees); 3) Trunk – sagittal range of motion (degrees), transverse range of motion

(degrees), coronal range of motion (degrees).

4.2.3 Data preprocessing

To preserve data, a standardized approach to recertify missing values (due to

partial instrument errors during a completed walk) was applied. Missing values

within a single trial were replaced with that participant’s mean value over all

trails corresponding to the same frequency/medication condition. However, if a

participant does not have a measured value under any trial, the missing value was

replaced with the mean of all other participants’ walks under the corresponding

frequency/medication condition.

Additionally, consistent with the literature, stride length, gait speed, and cadence

were adjusted to account for patients’ height. These gait measurements were adjusted

as such (67; 200),

Height Adjusted Stride Length =
Stride Length

Body Height

Mean Body Height

(4.2)

Height Adjusted Speed =
Speed√√√√ Body Height

Mean Body Height

(4.3)
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Height Adjusted Cadence = Cadence

√
Body Height

Mean Body Height
(4.4)

4.2.4 Random forest

Random forest classifiers were implemented to discriminate between the OFF

DBS/OFF MED condition, and each alternative stimulated/medicated condition.

Random forests have shown to be robust with high dimensionality data sets and

are highly interpretable (23). Features utilized by the classifier can be ordered by

their predictive power (175). Thereby, the most impactful features to the model’s

predictions can be identified. In this analysis, the top ten features were selected

to classify between different stimulation frequency and medication conditions, as

determined by the Gini index of node impurity (175).

Using leave-one-out cross-validation, the classifiers were trained to predict partic-

ipants’ frequency/medication conditions. Leave-one-out cross-validation was selected

to maximize the amount of training data available. In this process, one participant

from the training data set was removed during each fold to test the algorithm’s

performance on that “left out” participant. This process was then repeated for each

participant. As each training/testing fold will produce a unique model; these feature

sets are compared across models.

As participants conducted a different number of walks under each stimula-

tion/medication condition, data balancing was performed. Specifically, SAW trials

from the less common frequency/medication condition were randomly resampled, with

replacement, until both conditions were equally represented in the training data. Note

this process is not done for the testing data to ensure that each predicted SAW trial

is unique.

72



4.2.5 Statistical analysis

Statistics summarizing the classifier’s predictive performance were calculated. These

predictive metrics included accuracy, sensitivity, specificity, and F1 score, using the

sklearn python library (175). Each performance metric is based on ratios of true

positives (TP), true negatives (TF), false positives (FP), and false negatives (FP).

The formula for each predictive metric is as follows,

Accuracy =
TP + TN

TP + TN + FP + FN
(4.5)

Sensitivity =
TP

TN + FN
(4.6)

Specificity =
TN

TN + FP
(4.7)

F1 =
2TP + TN

2TP + FP + FN
(4.8)

Finally, each metric’s 95% confidence interval was determined over all folds in cross-

validation to provide bounds to the predictive metrics.

4.2.6 SHAP analysis

Following the classifiers’ identification of impacted gait features, Shapley Additive

Explanation (SHAP) analysis is performed to determine the magnitude and direc-

tionality of the impact. Shapley values are an explanatory prediction technique

that provides a metric to determine how each feature contributes to a model’s

predictive performance (137). Specifically, SHAP calculates points on a -1.0 to 1.0

scale representing each feature’s importance to the model (137). In the context of

this classification study, a value of -1.0 would be indicative of a feature’s importance

in selecting the OFF DBS/OFF MED condition, and 1.0 would be indicative of
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the stimulated/medicated condition. Specifically, SHAP analysis, utilizing a random

forest regressor, is applied for each stimulation/medication comparison using features

which appear in more than five of the models. This analysis is performed over the

entire patient cohort.

4.2.7 Comparison to non-PD cohort

To quantify stimulation frequency, and L-dopa impact on gait, four gait features

(stride length, gait speed, foot strike angle, and toe-off angle) were compared to

age and gender-matched healthy patients. These gait features were selected as a

comparable healthy age and gender discretized cohort exists in the literature (67).

The difference in each measured gait features between cohorts was calculated. This

process was performed for each stimulation/medication condition.

4.3 Results

4.3.1 Random forest performance

This section describes the predictive capabilities of random forest algorithms at

discriminating between six stimulation frequency/medication conditions compared

to the OFF DBS/OFF MED condition. Differences between the random forest

classifiers’ performance are due to the impact of stimulation frequency and medication

on gait kinematics. Each conditions models’ performance is presented in Table 4.2.

Overall, the random forest classifier achieves higher performance at discriminating

ON MED conditions compared to the OFF DBS/OFF MED conditions. Specifically,

the random forest achieves a predictive accuracy of 64 ± 9% for the HFS/ON MED

condition, followed by LFS/ON MED (64±10%) and OFF DBS/ON MED (61±13%).

For the OFF MED conditions, the random forest achieves a predictive accuracy of

60 ± 7% for HFS/OFF MED and 53 ± 7% for LFS/OFF MED, respectively.
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Table 4.2: Random forest classifiers’ performance at identifying the denoted
stimulation frequency/medication condition from OFF DBS/OFF Medication using
gait measurements (lower limb, lumbar, trunk) from instrumented SAW trials.
Presented are each performance metrics mean and 95% confidence interval over leave-
one-out cross validation.

HFS/
OFF Meds

HFS/
ON Meds

LFS/
OFF Meds

LFS/
ON Meds

OFF DBS/
ON Meds

Accuracy
0.595

± 0.072
0.637

± 0.090
0.525

± 0.070
0.637

± 0.097
0.607

± 0.128

Sensitivity
0.848

± 0.110
0.884

± 0.083
0.800

± 0.134
0.849

± 0.121
0.571

± 0.207

Specificity
0.343

± 0.198
0.390

± 0.205
0.249

± 0.168
0.425

± 0.208
0.643

± 0.205

F1
0.673

± 0.054
0.719

± 0.066
0.604

± 0.089
0.694

± 0.103
0.510

± 0.184
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As fewer SAW trials were conducted in OFF DBS conditions, the majority of the

random forest models must account for imbalance within the training data (i.e., fewer

SAW trials under the OFF DBS/OFF MED condition). Therefore, specificity is an

important metric. Specificity follows a similar trend as accuracy, with the ON MED

conditions having better predictive performance. Specifically, OFF DBS/ON MED

has the highest specificity at 64 ± 21%. However, LFS/OFF MED has the lowest

specificity at 25 ± 17%, meaning that the model rarely predicts the OFF DBS/OFF

MED condition.

4.3.2 Gait feature analysis

Each random forest model used different features in order to discriminate every

frequency/medication condition from the OFF DBS/OFF MED condition. The

features utilized in each comparison and their direction of influence are present in

Figure 4.1-4.3. In Figure 4.1-4.3, each model was trained using cross-validation,

meaning a feature with a frequency of 21 appeared in every model. Additionally, in

Figure 4.1-4.3, the directionality and magnitude of each feature is shown through

SHAP analysis. A negative SHAP value is associated with the OFF DBS/OFF

MED condition. In contrast, a positive value is associated with the comparative

frequency/medication condition. To assist with the interpretability of these results, a

Sankey diagram is provided in Figure 4.4, describing which gait features are impacted

by stimulation/medication.

4.3.3 Effects on lower limb kinematics

The effects of frequency/medication on lower limb features are some of the most

striking within the data set. All five comparative models used predominately lower

limb features. Specifically, stride length is observed under all stimulation (HFS or

LFS)/MED (OFF or ON) conditions and gait speed appears in all stimulation (HFS

or LFS)/ON MED conditions as well as the HFS/OFF MED condition. Greater
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Figure 4.1: Comparison of features in high frequency stimulation conditions by gait
category used in each random forest classifier discriminating the OFF DBS/OFF Meds
condition. Each graph represents a comparison between OFF DBS/OFF Meds and
A) HFS/OFF Meds, or B) HFS/ON Meds. Here A and B represents the frequency
of each gait feature inclusion in the top-ten features used in more than five random
forest models. Note that as leave-one-out cross-validation is utilized, each fold may
produce a model containing different features. As such, the frequency denotes in how
many models each feature appears. Additionally, the SHAP values are calculated
based on a random forest regressor applied to all participants’ top features. The
y-axis denotes the relative range in the value of the feature, and the x-axis denotes
how the feature impacts the predictive performance. Therefore, a lower SHAP value
would be indicative that the feature relates to an OFF DBS/OFF Meds condition
prediction. In contrast, a higher SHAP value would be indicative of the non-OFF
DBS/OFF Meds condition.
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Figure 4.2: Comparison of features in low frequency stimulation conditions by gait
category used in each random forest classifier discriminating the OFF DBS/OFF
Meds condition. Each graph represents a comparison between OFF DBS/OFF Meds
and A) LFS/OFF Meds, or B) LFS/ON Meds. Here A and B represents the frequency
of each gait feature inclusion in the top-ten features used in more than five random
forest models. Note that as leave-one-out cross-validation is utilized, each fold may
produce a model containing different features. As such, the frequency denotes in how
many models each feature appears. Additionally, the SHAP values are calculated
based on a random forest regressor applied to all participants’ top features. The
y-axis denotes the relative range in the value of the feature, and the x-axis denotes
how the feature impacts the predictive performance. Therefore, a lower SHAP value
would be indicative that the feature relates to an OFF DBS/OFF Meds condition
prediction. In contrast, a higher SHAP value would be indicative of the non-OFF
DBS/OFF Meds condition.
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Figure 4.3: Comparison of features in the OFF stimulation condition by gait
category used in each random forest classifier discriminating the OFF DBS/OFF Meds
condition. Each graph represents a comparison between OFF DBS/OFF Meds and
OFF DBS/OFF Meds. This represents the frequency of each gait feature inclusion
in the top-ten features used in more than five random forest models. Note that as
leave-one-out cross-validation is utilized, each fold may produce a model containing
different features. As such, the frequency denotes in how many models each feature
appears. Additionally, the SHAP values are calculated based on a random forest
regressor applied to all participants’ top features. The y-axis denotes the relative
range in the value of the feature, and the x-axis denotes how the feature impacts the
predictive performance. Therefore, a lower SHAP value would be indicative that the
feature relates to an OFF DBS/OFF Meds condition prediction. In contrast, a higher
SHAP value would be indicative of the non-OFF DBS/OFF Meds condition.
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Figure 4.4: Sankey diagram representing features used in multiple random forest
classifier discriminating the OFF DBS/OFF Meds condition. Each graph represents
a comparison between OFF DBS/OFF Meds and Blue) HFS/OFF Meds, Green)
HFS/ON Meds, Red) LFS/OFF Meds, Purple) LFS/ON Meds, and Orange) OFF
DBS/ON Meds. Here, following a models colored lines will connect to the features
utilized by feature category. Note that only features which are shared between models
are included in the Sankey diagram. For example, following HFS/OFF Meds — OFF
DBS/OFF Meds (blue) starting from the left one can observe the model uses features
from all three gait categories (lower limb, lumbar, trunk). Further, it utilizes a greater
number of lower limb features represented by the thicker line. Following the colored
lines to the right represents each feature used in the model which is shared with
another predictive model. For example, “Foot Strike Angle R” is used in HFS/OFF
Meds, HFS/ON Meds, LFS/OFF Meds, and LFS/ON Meds models; however, it is
not shared with OFF DBS/ON Meds model.
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stride length and gait speed are associated with stimulation (HFS or LFS)/ON MED

conditions. Comparing SHAP values, the effect on gait speed appears more prominent

than stride length for some participants. Further, foot circumduction is utilized in the

HFS/OFF MED condition, LFS/ON MED, and the OFF DBS/OFF MED conditions.

Stimulation and medication additionally impact foot positioning. Participants’

toe-off angle measurements are utilized in HFS/OFF and ON MED, LFS/ON MED,

and OFF DBS/ON MED conditions. A greater toe-off angle is associated with

stimulation/ON MED conditions, whereas a reduced angle associates with the OFF

DBS/OFF MED condition. Similarly, foot strike angle was present in all stimulated

conditions (both HFS and LFS) with a greater angle associated with Stimulation/ON

medication conditions.

Lateral step variability and stride length are the only gait features to be impacted

by all frequency and medication conditions. An increased lateral step variability

is highly associated with stimulation (HFS or LFS)/ON MED conditions. Further,

several gait features’ standard deviations (STD) are utilized in the models, albeit

inconsistently. Specifically, the STD of the single limb support and terminal double

support are present in both the OFF DBS/ON MED and LFS/OFF MED whereas the

STD of the stance and double support associate with LFS/ON MED and LFS/OFF

MED conditions. A reduced STD in these measurements is generally associated

with stimulation (HFS or LFS)/ON MED. Notably, the STD of stance (%GCT) is

increased under LFS.

4.3.4 Effects on lumbar kinematics

The effects of frequency/medication on lumbar features are more selective than lower

limb features, with the LFS/OFF MED condition using few lumbar features. All

stimulation (HFS and LFS)/ON MED conditions, and the HFS/OFF MED condition,

utilize coronal range of motion, which also appears to be more disparate amongst

participants in the OFF DBS/OFF MED condition. An increased STD in coronal
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range of motion is strongly indicative of being in a stimulated/medication condition,

compared to the OFF DBS/OFF MED condition.

4.3.5 Effects on trunk kinematics

The effects of frequency/medication on trunk features appear to be associated with

medication effects. HFS/ON MED, LFS/ON MED, and OFF DBS/ON MED models

consisted of more trunk features than their respective OFF Medication conditions.

Coronal range of motion is employed in HFS/OFF MED, HFS/ON MED, LFS/ON

MED, and OFF DBS/ON MED conditions. In comparison, transverse range of

motion is used in LFS/OFF MED, LFS/ON MED, HFS/ON MED, and OFF

DBS/ON MED condition models, while sagittal range of motion is used primarily in

the HFS/ON MED condition. Further, both coronal and transverse range of motion

increase under stimulated (HFS and LFS)/ON MED conditions.

4.3.6 Gait comparison to a healthy cohort

To consider the overall impact of frequency and medication on gait, features were

compared to a reported cohort of gender and age-matched healthy controls (67).

These results are presented in Figure 4.5. For most participants, HFS provides

improvements across all gait kinematics over LFS and the OFF DBS condition.

However, there are participants within the cohort, for example, participant 13, who

receive greater benefits from LFS. It is also interesting to note that participants

16 and 18 receive greater benefits under LFS only in combination with medication.

Additionally, participants 19, 20, and 21, experience a “narrowing of the gap” of

feature correction between stimulation frequencies with the inclusion of medication.

Further, a synergistic effect between HFS and medication can be observed in

participant 21.
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Figure 4.5: Comparison of stimulation and medication conditions’ gait features
from age and gender matched healthy patients. Each graph represents a comparison
between each patient’s gait parameters in the I) OFF Medication condition under
each stimulation frequency and in the II) the ON Medication condition under each
stimulation frequency. Each gait parameter is specific to a patient’s initially affected
hemibody. Each graph presents a different gait feature where A) Stride Length, B)
Speed, C) Foot Strike Angle, and D) Toe Off Angle, which is utilized in one or more
random forest models. Here, a value of 0 would represent a patient’s gait parameter
equaling that of a healthy age and gender matched control.
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4.4 Discussion

This study demonstrates the differential effects of stimulation (HFS and LFS) and

L-Dopa on gait kinematic domains: lower limb, lumbar, and trunk. We show that

by comparing gait features, captured by instrumented walking assessments, that a

predictive classification algorithm can be created to infer impact of stimulation and/or

medication on specific aspects of gait.

4.4.1 Stimulation frequency and levodopa effects on gait

features

The comparison of features in stimulation condition models (either HFS or LFS)

that are not shared in the OFF DBS/ON MED models indicate features that are

likely impacted primarily by stimulation. The results suggest that foot strike angle

increases with stimulation (HFS or LFS) from the OFF DBS/OFF MED condition.

Additionally, stride length and lumbar coronal range of motion are shared between

stimulation (HFS or LFS)/OFF MED conditions. Prior studies have shown that HFS

stimulation improves stride length in PD patients, (71; 195) but the results have been

mixed with respect to LFS (153; 177).

Little work has been done to determine the interplay between medication and

stimulation. Faist et al. (66) suggested that DBS and L-dopa have a synergistic

effect that improves a patient’s stride length and gait speed; however, this work did

not account for differences in stimulation frequency. Our results show that L-dopa

influences lateral step variability, stride length, gait speed, toe off angle, lumbar

coronal range of motion, and trunk transverse range of motion. These effects are

seen both with and without the presence of stimulation. However, greater effects on

lateral step variability, stride length, gait speed, toe off angle, and foot strike angle are

seen when either HFS or LFS is combined with L-dopa. This combined effect is also

observed with trunk and lumbar features, but since dyskinesia was observed in 11%
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of all SAW trials—83% of which were in the stimulation/ON medicated states—we

cannot exclude its effects on these specific features.

4.4.2 Treatment synergism and LFS responders

A subset of gait features (stride length, foot strike angle, toe off angle, gait speed),

which appear in several classifier models, were adjusted in reference to healthy controls

to determine the impact of stimulation frequency solely on these features. We again

find that all features improve for several participants with HFS and LFS. The results

further suggest that stimulation and L-dopa have a synergistic effect for several

participants’ stride length (participants 7, 11, 14, 16, 18, 21). Within the cohort,

there appears to be participants who are LFS responders. Participant 13 received

greater benefits from LFS compared to HFS in the OFF medicated state. For most

participants, HFS and LFS gait feature improvements are similar; however, there

are three participants (participants 3, 12, and 16), who did demonstrate worsening of

certain kinematics under LFS in the OFF MED state. Additionally, there is an added

benefit for participants receiving both LFS and medication. This combined effect

can be seen in the stride length changes in participants 16 and 18, whose reduced

stride length improvement in the LFS/ON MED state exceeds both medication alone

and HFS/ON MED. This improvement suggests that responders who would receive

additional gait benefits from LFS in combination with medication may exist and

requires a larger study cohort to confirm this supposition.

4.4.3 Stimulation frequency and levodopa effects on gait

variability

Our results suggest that HFS-DBS, LFS-DBS, and medication, increase lateral step

variability. In general, an increase in lateral step variability is seen with normal

aging (209), and in chronic PD patients, with STN-DBS, an increased lateral step

variability may reflect a trend towards a more age-appropriate gait cycle. Reduced
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STD in single limb support, double limb support, terminal double support associates

with the medicated and LFS states, while an increase in STD of stance (%GCT)

occurs under LFS. These temporal feature changes require additional investigation to

determine whether they influence balance dynamics in those with advanced disease.

Additionally, all stimulated and medicated conditions increase the STD of the lumbar

coronal range of motion, which likely reflects enhanced movement in this axial plane.

Such a change may not only underpin potential unmeasured influence on balance but

could also result from dyskinesia.

Each condition’s model incorporates the STD of one or more gait features,

suggesting the importance of feature variability in determining the impact of

stimulation and medication. The LFS/OFF MED model utilizes a disproportionate

number of gait measurements’ STD. While the classifier performs more poorly at

discriminating between the LFS/OFF MED and OFF DBS/OFF MED conditions,

these features are significant to the models’ performance. Typically, these STDs are

reduced in the LFS/OFF MED condition. However, the STD of coronal range of

motion is increased under all conditions. The reduced variability of gait under LFS

conditions could be influenced by the presence of walking aides, which were used

more in the LFS/OFF MED condition and likely produced a more consistent walking

pattern.

4.4.4 Study limitations

This study is subject to certain limitations: 1) A small cohort size coupled with the

fact that subjects were on non-standard of care stimulation/medication conditions

for short periods of time reduce our ability to extrapolate any of these results beyond

short-term effects. 2) The stimulation of different contact pairs in a randomized

manner may have increased some of the variability observed in this study. 3) The use

of walking aids could statistically affect gait parameters, particularly stability and

variability measurements.
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4.5 Conclusions

The results from this study show differential effects of HFS and LFS STN-DBS as well

as L-dopa on various spatial and temporal aspects of gait in an advanced PD-DBS

cohort. Synergistic benefits of combining stimulation (HFS or LFS) and medication

were demonstrated in several gait parameters—speed, stride length, foot strike angle,

toe off angle. Additionally, individual LFS responders were identified within the

study’s cohort. Finally, we demonstrate that leveraging ML modeling can highlight

and help elucidate the complexity of the interplay between DBS and medication on

gait kinematics, which in time, could lead to patient-specific predictive approaches.
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Chapter 5

Adapting Random Forests to

Predict Obesity-Associated Gene

Expression

5.1 Introduction

Large-scale expression quantitative trait loci (eQTL) analyses have demonstrated

that most genes have a genetic component to their expression (135). By combining

genotypes from multiple variants proximal to a gene, we can build models that can

predict tissue-specific expression of a gene at the patient level. PrediXcan is one such

genotype-based prediction method that can predict gene expression from individual-

level genotype data (75; 7). While there is empirical evidence that PrediXcan predicts

the expression of a wide range of genes well, this is not universally the case for all

genes (229; 148).

Machine learning approaches, such as random forests (RFs), have several desirable

traits for bioinformatics, including the clear identification of important features,

scalability, and robustness against noise (184; 17). Consequently, RFs have been

explored to predict gene expression (58; 116). While these studies have shown great
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promise, comparative studies between RF regressors and classifiers have been carried

out less extensively in the genetics literature.

The literature on how machine learning approaches generalize to many medically

relevant genes is limited. One genetic association with far-reaching impact is

obesity. Obesity is clinically linked to increased morbidity and mortality (230; 40).

Genetic effects on monogenic obesity have been well documented (230) and recent

GWAS studies have discovered many novel single nucleotide polymorphisms (SNPs)

associated with non-syndromic obesity (230; 40; 96).

In this work, we examine the capability of RFs to predict the gene expression

of key obesity genes based on genetic variants. Specifically, each genetic variant

is used as a potential feature in our models. Further, we compare these RFs to

PrediXcan, a state-of-the-art gene expression prediction method (75). PrediXcan

uses predetermined weights, often from PredictDB (https://predictdb.org), making

it a popular choice amongst researchers (179; 174). We apply RFs and PrediXcan to

subcutaneous adipose tissue samples from the Genotype-Tissue Expression (GTEx)

project (135; 87).

5.2 Data

In this study, we utilize the GTEx dataset (135; 87), which contains samples of

up to 43 highly genotyped tissue types from more than 700 post-mortem donors.

The GTEx database includes eQTL data, which represent gene-regulatory expression

across multiple tissues (135; 87). In this study, we examine the normalized expression

and genetic variant data in subcutaneous adipose tissue to predict the expression of

key obesity genes for 581 donors. The data were analyzed following GTEx’s Data

Use Certification Agreement. Ethical approval for GTEx was originally obtained from

each study site’s Institutional Review Board (135).
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The role of genetics in obesity has been well-documented leading to the iden-

tification of many impactful genes (230; 40; 96). The Centers for Disease Con-

trol (CDC) published an article identifying key genes associated with obesity

(Centers for Disease Control and Prevention). These genes include ADIPOQ

(ENSG00000181092), FTO (ENSG00000140718), INSIG2 (ENSG00000125629), LEP

(ENSG00000174697), LEPR (ENSG00000116678), PCSK1 (ENSG00000175426), and

PPARG (ENSG00000132170).

5.3 Methods

We apply five RFs (ordinal or one-hot encoded regressors and classifiers and a

balanced classifier) to predict gene expression using different feature selection and

encoding techniques. RFs are supervised machine learning models that use an

ensemble of decision trees, and are generally shown to be very robust when applied

to high-dimensional data, and not prone to overfitting (17). Therefore, RFs are well-

positioned to predict gene expression from genetic variants, which frequently entail

more than 30, 000 features.

We apply RFs to two different versions of the GTEx dataset for comparison with

PrediXcan. First, we perform 10-fold cross-validation (CV) on GTEx version 8.

Second, each RF is separately trained on GTEx version 7 and then tested on the

donors present in GTEx version 8 but not in GTEx version 7. The latter process is

visualized in Figure 5.1. Note that we use this process to ensure that we avoid any

potential overlap between training and testing data during the analysis. Each RF

was implemented using scikit-learn’s RF libraries in Python (26). A similar training

and testing approach is followed for PrediXcan; weights from PrediXcan defined for

GTEx version 7 are used for testing PrediXcan on donors available only in GTEx

version 8. This way, PrediXcan’s testing and training data do not overlap.
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5.3.1 Random Forest Regressor and Classifier

In this study, we compare the predictive performance of RF regressors and classifiers

in predicting obesity-associated gene expression. Gene expression is a normalized

continuous variable, typically ranging from −3 to 3, which justifies the use of an RF

regressor.

Much of clinical value in predicting gene expression comes from stratifying

individuals’ expression levels (192). Therefore, an RF classifier may prove beneficial

at predicting expression values at the extreme ends of the distribution. To apply an

RF classifier, we discretize the continuous variable of gene expression. Specifically, we

define five classes that group gene expression values. First, we define a class within

one standard deviation (SD) from the mean, then between one and two SDs away

from the mean (in both positive and negative directions), and finally beyond two SDs

away from the mean (in both positive and negative directions). Once an RF predicts

a class based on the genetic variants, we map the predicted class to a continuous

value at the center of the corresponding class to compute R2.

5.3.2 Ordinal and One-hot Encoding

The genetic variant data from the GTEx project are provided in the VCF file format.

We compare two different encoding methods. First, we apply the ordinal encoding

mapping .|. (missing data) → 0, 0|0 (no alt alleles) → 1, 0|1 and 1|0 (one alt allele)

→ 2, 1|1 (two alt alleles) → 3. Such encoding assigns higher importance to SNPs

with more copies of the alternate allele.

As an alternative approach, one-hot encoding represents each variant as a binary

vector. This encoding method is often a more efficient way to parse and store data.

To accomplish this encoding, we use Keras’ one-hot encoding library (39).
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5.3.3 Oversampling Approach for Data Balancing

One challenge in training a classification model is learning from unbalanced data

(60). This is the case in our constructed classes, where the expression values have

been pre-normalized by GTEx. One way of ameliorating the class imbalance problem

is to apply a domain-specific data oversampling technique in which noise is added to

the sampled data. Similar ‘oversampling with noise’ techniques have been employed

in the task of ordinal classification (60). In this study, we randomly sample a genetic

profile from an ‘under-represented’ class. We then randomly alter the ordinal encoding

of 100 genetic variants from this profile, acting as noise in the sampling process. This

profile maintains the same class representation as before the noise generation process.

The oversampling process is repeated for each under-represented class.

5.4 Results

We compare the predictive performance (as determined through R2, a standard

metric in gene expression prediction studies (75; 7)) of five RFs and of PrediXcan

at predicting gene expression. We first perform preliminary experiments to tune the

RFs’ hyper-parameters. Specifically, we determine the optimal number of decision

trees by iteratively adding trees from 100 to 1500 with a step size of 100 trees.

Further, we compare the optimal number of included features by keeping the most

important features ranging from 500 to the maximum number of genetic variants for

each gene (approximately 30, 000) with a step size of 500 features, as each gene may be

influenced by a unique number of variants. The corresponding CV results on GTEx

version 8 are presented in Figures 5.2 and 5.3, respectively. In general, these results

indicate that increasing the number of decision trees does not dramatically impact

predictive performance. Similarly, a relatively low number of features achieves overall

comparative performance. Based on these results, in each of the following
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Figure 5.1: Fitting a random forest (RF) to the GTEx data. The RF is trained
on GTEx version 7 and tested on the donors present in GTEx version 8 but not in
version 7. The same training/testing separation is performed for PrediXcan using
the publicly available weights defined for GTEx version 7.

Figure 5.2: Sample of the performance of the random forest regressor for incremental
amounts of decision trees for ADIPOQ, FTO, and INSIG2. Each point represents
the mean R2 averaged over 10-fold CV, where the error bars represent the standard
deviation.
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Figure 5.3: Sample of the performance of the random forest regressor for incremental
amounts of features for ADIPOQ, FTO, and INSIG2. Each point represents the mean
R2 averaged over 10-fold CV, where the error bars represent the standard deviation.
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experiments, we set the number of decision trees to 100, and we perform feature

pruning from 25 to 1000 features with a step size of 25 features.

5.4.1 GTEx Version 8

We compare the five implemented RFs using 10-fold CV to predict gene expression

in GTEx version 8 subcutaneous adipose tissue. These results are presented in Table

5.1. The RFs are benchmarked against PrediXcan’s elastic net and MASHR models,

which use predetermined weights previously trained on the entirety of GTEx version

8 (179). Note that the PrediXcan’s elastic net model does not have publicly available

predetermined weights for the genes LEP and PPARG in subcutaneous adipose tissue.

These results show that there is no universal winner between RFs and PrediXcan’s

methods based on paired t-tests on the differences in R2 between associated model

pairs at a 10% level of statistical significance. For LEPR, the ordinal RF regressor and

the balanced classifier outperform PrediXcan’s MASHR model; for LEP, the balanced

RF classifier outperforms PrediXcan’s MASHR model; for FTO, PrediXcan’s elastic

net outperforms PrediXcan’s MASHR and the ordinal RF regressor and classifier;

for INSIG2, PrediXcan’s elastic net outperforms PrediXcan’s MASHR model and

all RFs. Finally, for LEPR the ordinal RF regressor outperform both the one-hot

encoded regressor and classifier.

5.4.2 GTEx Version 7

We again compare the five implemented RFs and PrediXcan’s methods in terms of

gene expression predictions on the testing data. As discussed in Section 6.3 and

depicted in Figure 5.1, to avoid overlap between training and testing data, we use

PrediXcan’s predetermined weights from GTEx version 7 to predict expression for a

testing set that only contains the new donors added in GTEx version 8. Similarly,

the RFs are trained on GTEx version 7 and are tested on the donors added in GTEx

version 8 (174). We draw 1, 000 bootstrap samples from the testing set, each with
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Table 5.1: Mean R2 values of random forests and of PrediXcan benchmarks related to the prediction of obesity-associated
gene expression (standard deviations are shown in parentheses). Each R2 is averaged over 10-fold CV on GTEx version 8.
Models which exhibit improvement in gene-specific predictive performance at a significance level of 10% are presented in
bold (see Section 5.4.1). Significance is determined via paired t-tests in the difference of R2 values between model pairs.

Gene
Name

PrediXcan
benchmark

Random forest
regressor

Random forest
classifier

Elastic net MASHR Ordinal One-hot Ordinal One-hot Balanced
ADIPOQ 0.030(0.041) 0.050(0.066) 0.031(0.030) 0.023(0.018) 0.034(0.028) 0.029(0.039) 0.028(0.023)

FTO 0.050(0.035) 0.017(0.017) 0.020(0.023) 0.035(0.040) 0.022(0.019) 0.026(0.032) 0.036(0.038)
INSIG2 0.080(0.048) 0.060(0.044) 0.035(0.024) 0.029(0.034) 0.025(0.046) 0.047(0.061) 0.033(0.030)

LEP - 0.011(0.007) 0.026(0.037) 0.021(0.027) 0.039(0.064) 0.030(0.045) 0.040(0.045)
LEPR 0.035(0.022) 0.016(0.017) 0.045(0.041) 0.025(0.029) 0.028(0.026) 0.028(0.030) 0.036(0.031)
PCSK1 0.052(0.062) 0.038(0.051) 0.036(0.056) 0.037(0.060) 0.031(0.033) 0.034(0.042) 0.045(0.036)
PPARG - 0.028(0.021) 0.037(0.053) 0.020(0.021) 0.034(0.047) 0.041(0.055) 0.039(0.035)
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Table 5.2: 90% Bias-corrected and accelerated (BCa) bootstrap confidence intervals for R2 values of random forests and
of PrediXcan related to the prediction of obesity-associated gene expression. The testing data are extracted from GTEx
version 8, corresponding to donors not in GTEx version 7. Each BCa confidence interval is estimated from 1, 000 bootstrap
samples from the testing set. Models which exhibit improvement in gene-specific predictive performance at a significance
level of 10% are presented in bold (see Section 5.4.2). PrediXcan’s elastic net model does not have predetermined weights
for LEP and PPARG.

Gene name PrediXcan benchmark Random forest regressor Random forest classifier
Elastic net - V7 Ordinal One-hot Ordinal One-hot Balanced

ADIPOQ (0.000, 0.052) (0.014, 0.179) (0.004, 0.102) (0.003, 0.143) (0.004, 0.174) (0.000, 0.075)
FTO (0.000, 0.080) (0.027, 0.257) (0.011, 0.204) (0.000, 0.161) (0.000, 0.139) (0.000, 0.087)
INSIG2 (0.035, 0.194) (0.001, 0.102) (0.003, 0.181) (0.014, 0.160) (0.026, 0.258) (0.000, 0.012)
LEP - (0.000, 0.097) (0.001, 0.083) (0.014, 0.197) (0.016, 0.201) (0.000, 0.000)
LEPR (0.001, 0.111) (0.000, 0.079) (0.006, 0.148) (0.004, 0.169) (0.002, 0.146) (0.009, 0.161)
PCSK1 (0.000, 0.073) (0.000, 0.052) (0.016, 0.170) (0.006, 0.149) (0.000, 0.192) (0.000, 0.000)
PPARG - (0.002, 0.126) (0.012, 0.110) (0.001, 0.129) (0.000, 0.090) (0.067, 0.279)
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sample size equal to the sample size of the testing set. For each of the 1, 000 bootstrap

samples, we compute the R2 of each model. We then determine bias-corrected and

accelerated (BCa) confidence intervals for R2 over the bootstrap samples from the

testing sets as a range of predictive performance (59). These confidence intervals are

presented in Table 5.2. To utilize this approach, we translate variants from human

genome reference build b37 to b38.

We compute 90% BCa confidence intervals for the differences in R2 between model

pairs as a metric of statistical significance. The predictive performance of RFs is

statistically similar to PrediXcan at a significance level of 10%, that is based on the

90% BCa confidence intervals for the differences in R2. Moreover, at a significance

level of 10% the balanced RF classifier is outperformed on INSIG2 (by PrediXcan,

and the one-hot RF classifier), LEP (by ordinal and one-hot RF classifiers), and

PCSK1 (by ordinal and one-hot RF classifiers).

5.5 Discussion and Future Work

In this study, we compare RF regressors and classifiers in the prediction of obesity-

associated gene expression. The RFs are benchmarked against PrediXcan’s state-of-

the-art genotype-based prediction algorithms. Our results show, that in general the

RFs perform comparably and, in some cases, outperform PrediXcan. Finally, we find

that ordinal and one-hot encoding perform similarly for the majority of genes.

This work is subject to certain limitations. Due to the pre-trained nature of

PrediXcan, it is not trivial to make a fair and direct comparison. Using the GTEx

version 8 dataset, PrediXcan gains an advantage from having previously been trained

on the entirety of GTEx, meaning it has had exposure to the testing set. Although

GTEx presents one of the most deeply sampled genetic populations, testing on a

completely novel/separate obesity genetic dataset would be ideal for benchmarking.

RFs have shown to be effective in predicting gene expression for select gene/tissue

pairs (58; 116). This work expands the literature to encompass key obesity genes
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while additionally exploring the predictive merits of regressors, classifiers, encoding,

and the balancing of training sets. To this end, future work may include developing an

RF that trims features (genetic variants) based on their positional proximity relatively

to one another, for a biologically-inspired approach to parameter pruning.
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Chapter 6

Towards Faster Gene Expression

Prediction via Dimensionality

Reduction and Feature Selection

6.1 Introduction

The majority of genes’ expressions are modulated by multiple proximal variants

specific to that gene (135). These variants can be used as inputs to bioinformatics

models to predict tissue-specific expression of a gene at the patient level (75; 232).

However, the efficiency and effectiveness of such models can be limited due to the large

number of input features (genetic variants) relative to samples (donors), as several

genetic variants have little to no contribution to gene expression. Several methods

exist to reduce input size or dimensionality; however, these methods have not been

widely applied to patient-specific gene expression data.

Principal component analysis (PCA) is a dimensionality reduction technique with

applications in bioinformatics studies (138; 193). PCA’s effectiveness with genetic

variants has been demonstrated; however, it is commonly used to summarize genotype

data for use alongside other features in phenotypic classification studies (128; 237; 73;
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15; 19; 46). PCA’s ability to summarize genetic variants for the prediction of gene

expression remains an open question.

As an alternative approach, linkage disequilibrium (LD) pruning seeks to remove

redundant or highly correlated variants, thus eliciting a reduced but representative

set of genetic variants. LD pruning is a commonplace technique in the assessment of

polygenic risk scores and for genetic predictions in populations with small effective

population sizes and high LD, such as animal studies (28; 225; 98; 125; 229). Several

tools exist to apply LD pruning to a variety of genetic data types (183; 28). While

LD pruning does not directly relate to gene expression, it facilitates the selection of

a representative subset of genetic variants which could be used for the prediction of

gene expression.

In this study, we examine the role of PCA and LD pruning to summarize or

reduce the number of input genetic variants for the prediction of tissue-specific gene

expression. Specifically, the modified genetic variants are used as features in elastic

net models. Elastic nets have been shown effective at predicting individual-level gene

expression and have been demonstrated to provide accurate predictions (75; 179). We

carry out our analysis on skeletal muscle tissue samples from the Genotype-Tissue

Expression (GTEx) project (135; 87; 42).

6.2 Data

In this study, we analyze the GTEx data set (version eight, see (135; 87; 42)),

which contains individuals’ genetic variants and tissue-specific expression data from

more than 700 post-mortem donors. Specifically, our models predict the individual’s

normalized gene expression (dependent variable) using their ordinal encoded genetic

variant data as predictors (independent variables). These data are collected from 706

skeletal muscle tissue samples, representing the largest single tissue location in the

GTEx database. We predict the expression of 151 genes for which PrediXcan’s elastic
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net model, a state-of-the-art gene expression prediction model, achieves an R2 > 0.5

(75; 179).

6.3 Methods

We apply an elastic net to predict gene expression utilizing each PCA, LD pruning

and a combination of the two techniques to modify the genetic variants as inputs.

Elastic nets are used herein, as they have been demonstrated to be highly effective at

predicting gene expression (75; 179). An overview of the study’s design is presented

in Figure 6.1.

We perform 10-fold cross-validation on skeletal muscle samples from the GTEx V8

database (87; 42). For each of the 151 genes, PCA and LD pruning were performed

independently. We utilized Scikit-learn’s elastic net library in Python (176). In this

study, the elastic net’s penalty constant multiplier α was set to 1, and the l1 ratio,

which is the mixing parameter defined by 0 ≤ l1 ≤ 1, was optimized over the data

set, see Figure 6.2.

6.3.1 PCA

To create a lower-dimensional summary of the genetic variant data, PCA is used.

We utilize Scikit-learn’s PCA library in Python (176). For each gene and fold of

cross-validation, PCs are independently calculated.

To determine the efficiency and accuracy of PCA, different numbers of PCs are

analyzed across all genes. Specifically, 1, 3, 5, 10, 25, 50, 100, 200, 300, 400, 500 PCs are

analyzed. For each of these numbers of PCs, the average computational time for

PCA and elastic nets across all folds are determined, as well as their corresponding

R2 value.
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Figure 6.1: An overview of the study. PCA, LD pruning, and a combination of
the two are applied to the genetic variant data. LD pruning is performed using the
PLINK software package (183). Each reduced data set is analyzed by an elastic net
model to predict gene expression. This results in four different elastic net models for
comparison.
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Figure 6.2: Calibration plot of the elastic net over all genes utilizing both all variants
and LD-pruned data. Each point represents the mean R2 value of all 151 genes with
standard deviation. The l1-norm parameter dictates the regularization between ridge
(0.0) and lasso (1.0).
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6.3.2 LD pruning

LD pruning is a recursive technique that removes highly correlated variants via a

sliding window calculating pairwise variants’ R2 values and the variance inflation

factor (183). This process seeks to determine a ‘representative,’ independent variant

in regions of high LD. To accomplish this, we use the PLINK software package with

a 50 variant window using a 5 variant step and a 0.2 LD threshold (183).

6.3.3 Combined PCA and LD pruning

Finally, a combination of PCA and LD pruning is examined. In this combination, LD

pruning is first applied to all variants of each gene as described in Section 6.3.2, and

then the pruned subset is summarized by PCA as described in Section 6.3.1. For each

gene, 500 PCs are utilized, as such a larger number of PCs provides higher accuracy.

6.4 Results

We compare the performance of elastic net models with PCA and LD-pruned input

features to predict gene expression. Each elastic net’s l1-norm is calibrated across

all genes; the results of the calibration are provided in Figure 6.2. The elastic net’s

performance improves for a low l1-norm, which is descriptive of ridge regression, for

elastic nets utilizing both all genetic and LD pruned variants. Therefore, an l1-norm

of 0.05 is selected, as SciKit-learn’s elastic net is reported to be unstable for l1-norms

< 0.05 (176).

6.4.1 Dimensionality reduction and feature selection results

We compare the average R2 for each gene across all elastic net models for each PCA,

LD pruning, and a combination of the two. The results of these comparisons are

provided in Figure 6.3. For all genes, 10-fold cross-validation is performed for each

elastic net model.
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Figure 6.3: Comparison of the elastic net’s R2 performance with each dimensionality
reduction or feature selection technique. Each plot displays a comparison between
an elastic net utilizing all variants and an elastic net with PCA performed with 500
PCs (left figure), LD pruning via the PLINK software package (middle figure), and a
combination of LD pruning and PCA performed with 500 PCs (right figure).
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The results indicate that the elastic net utilizing the full genotype data (all

variants) has the best performance, followed by PCA with 500 PCs. Specifically,

elastic nets utilizing PCA-summarized features have a 7% reduction in overall

performance compared to the elastic net model utilizing all variants. However,

PCA performs very well at summarizing the genes for which the elastic net has its

best performance. These genes’ expressions are likely correlated with a few highly

significant genetic variants, and therefore, PCA is able to more effectively summarize

the information contained in these genetic variants.

Finally, elastic nets utilizing inputs from LD pruning and a combination of LD

pruning and PCA have lower average R2 scores than elastic nets utilizing all variants

and PCA. Specifically, an elastic net using LD-pruned variants has an average 30%

reduction in overall performance, and the combination of LD pruning and PCA has

an average 35% reduction in overall performance. Further, applying PCA to these

LD pruned-variants results in a greater number of genes that have an R2 < 0.2.

6.4.2 PCA performance and timing

As PCA outperforms LD pruning, we further compare the number of PCs’ impact on

predictive accuracy and computational time. The performance results are presented

in Figure 6.4-A, and the timing results are presented in Figure 6.4-B. This analysis

is performed for 1, 3, 5, 10, 25, 50, 100, 200, 300, 400, 500 PCs.

These results demonstrate that the elastic net’s performance improves with a

greater number of PCs as expected, achieving its best performance for 500 PCs.

However, the elastic net achieves similar performance with a relatively low number

of PCs, such as 100 PCs. Specifically, using 1, 3, 5, 10, 25, 50, 100, 200, 400, 500 PCs

results in an R2 of 0.06, 0.17, 0.24, 0.42, 0.47, 0.49, 0.50, 0.50, 0.50, 0.50, respectively.

Similar to the PCA’s R2 values, the computational time required also increases

with the number of PCs. Specifically, using 1, 3, 5, 10, 25, 50, 100, 200, 300, 400, 500

PCs results in an average per gene computation time of 2.03, 2.06, 2.13, 2.28, 2.74, 3.47,
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Figure 6.4: Comparison of the effectiveness and efficiency per the number of PCs
in PCA. The dashed line displays the performance of the elastic net model when
provided all genetic variants. Presented is the average R2 score of each model (top
figure), and the clock-based run time of 10-fold cross-validation averaged over all
genes (bottom figure).
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Figure 6.5: The relative effectiveness and efficiency of an elastic net model utilizing
lower-dimensional representations of genetic variants based on varying number of PCs
in PCA, compared to an elastic net utilizing all genetic variants.
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3.66, 6.25, 9.20, 12.19, 15.05 seconds, respectively. The trade-off in computational

timing to predictive accuracy relative to the elastic net’s performance utilizing all

genetic variants is provided in Figure 6.5. For example, when 100 PCs are used, the

elastic net achieves 82% of R2 in only 19% of the time relative to the elastic net

utilizing all genetic variants.

6.5 Discussion and Future Work

In this study, we analyze the performance of dimensionality reduction and feature

selection techniques to modify genetic variants to be utilized in an elastic net model

for the prediction of tissue-specific, individual-level gene expression. The reduction

of the input space for large-scale genetic analyses can have a significant impact

on the effectiveness and efficiency of genetic models. Our results show that, in

general, PCA performs most effectively than LD pruning, and utilizing a relatively low

number of PCs (100) can achieve similar performance with significant improvements

in computation time. These results are specific to the GTEx database, which was

selected due to its high number and quality of samples; however, the trends of this

analysis should generalize to any similarly sized gene expression data sets. However,

more work is necessary to determine how PCA scales to tissues with a lower number of

samples or to genes with a lower correlation between genetic variants and expression.

While previous studies have shown PCA to be effective at creating a lower-

dimensional representation of genetic variant data (128; 237; 73; 15; 19), little work

has been done to determine the impact of PCA in terms of computational time and

predictive accuracy in gene expression prediction. Improvements in computational

efficiency in gene expression prediction has significant implications. The GTEx

database contains over 27, 000 genes for more than 50 tissues; predictive models are

routinely made to predict expression for each gene-tissue pair. In our study, on

average, an elastic net requires 19.6 seconds to perform 10-fold cross-validation per

gene, whereas performing PCA along with an elastic net that takes 100 of the resulting
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PCs as input requires only 3.7 seconds per gene. Therefore, PCA may provide an

effective method for reducing the computational burden of gene expression prediction.

Further, LD pruning is a variant reduction technique that works to remove highly

correlated variants. It is often performed as a ‘first step’ in many genetic analyses,

specifically polygenetic risk scores and genome-wide association studies (GWAS)

(28). However, while LD pruning generates a representative subset of the genetic

variant data, it does not optimize for specific variants’ influence on gene expression.

Therefore, as our results show, LD pruning does not as effectively reduce the input

variables for the elastic net model, as PCA does. One major consideration is that

LD pruning may remove variants that have a very strong biological effect on gene

expression, but are not influentially correlated due to their scarcity in the population.

Therefore, both LD pruning and PCA, utilizing a low number of PCs, may fail to

recognize the influence of several low-level determinate variants that have a large

aggregate influence on gene expression. Thus, further work is necessary to determine

how PCA and LD pruning generalize to such genes.
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Appendix A

Clustering Performance

A.1 Cohort Analysis

A total of 1309 features were extracted and engineered from dyskinesia and

bradykinesia time-series collected by PKG sensors using TSFresh (175). Demographic

information (patient’s age at visit 1, age at diagnosis, number of years experiencing

PD symptoms, and gender) was also provided as features. The top ten most

important features were included in the random forest analysis based on preliminary

experiments. These parameters are presented in Table A.1. The Within Cluster Sum

of Squares (WCSS) measurement is presented in Figure A.1. The WCSS measurement

seeks to minimize the within-cluster variance applied in k-means clusters for the

number of cluster selections.
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Table A.1: Features included in the random forest analysis based on preliminary
experiments.

Calculated Features Description
Dyskinesia

Dyskinesia ar coefficient
k 10 coeff 2

Unconditional maximum likelihood
of an autoregressive AR(k)

process—coeff 2—k10

Dyskinesia fft coefficient
coeff 39 attr “angle”

One-dimensional discrete fast
Fourier transform
—coeff 39—angle

Dyskinesia spkt welch
density coeff 5

Cross power spectral density
—coeff 5

Bradykinesia
Bradykinesia agg
autocorrelation

f agg “mean” maxlag 40

Aggregation function fagg
—mean maxlag—40

Bradykinesia agg linear trend
f agg “mean”chunk len 50

att “rvalue”

Linear least-squares regression aggregated
over chunks versus the sequence

from 0 up to the number of chunks
minus one—mean—chunk length

50—attribute rvalue

Bradykinesia agg linear trend
f agg “min” chunk len

50 attr “slope”

Linear least-squares regression aggregated
over chunks versus the sequence

from 0 up to the number of chunks
minus one—mean—chunk
length 50—attribute slope

Bradykinesia fft coefficient
coeff 23 attr “abs”

One-dimensional discrete fast Fourier
transform—coeff 23—abs

Bradykinesia fft coefficient
coeff 94 attr “angle”

One-dimensional discrete fast Fourier
transform—coeff 94—angle

Bradykinesia fft coefficient
coeff 76 attr “imag”

One-dimensional discrete fast Fourier
transform—coeff 76—imag

Bradykinesia index mass
quantile q 0.9

Relative index i where q% of the
mass of the time series x lie

left ofI-quantile 0.9
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Figure A.1: WCSS as a function of the number of clusters when clustering patients
based on their best symptom control medication regimens between the two visits
according to PKG’s summary dyskinesia and bradykinesia scores. The number of
clusters is set to four, as a number towards the bottom of the “elbow” is considered
best, but further increasing the number of clusters has been shown to reduce the
model’s robustness.
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