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Abstracts
Parkinson’s disease is a movement disorder often arising from the breakdown and death of dopaminergic neurons in the brain. This results 

in the catastrophic loss of motor function. The diagnosis of this disease is primarily made through history, symptoms and the outward progressive 
failure of the motor strip. To better understand the pathobiology of this disease, machine learning algorithms in conjunction with deep learning 
algorithms that rely on pathophysiological signals, neuroimaging and specific diagnostic tests can be studied and refined to study how interventional 
techniques and clinical trials can be evaluated. While traditional treatment paradigms have primarily relied on Dopamine supplementation therapy 
along with disease modifying medications, many of these have demonstrated limited success to date. We discuss strategies and a novel approach 
aimed at mapping disease progression using an artificial intelligence approach.

Introduction
Parkinson’s Disease (PD) is the pathological process involving 

neurodegeneration and death of the brain cells responsible 
for trafficking the neurotransmitter dopamine. The hallmark 
symptoms of Parkinson’s Disease are resting tremor, bradykinesia 
and rigidity In addition to motor symptoms, this disease results 
in profound autonomic and psychological dysfunction. Additional 
functional deficits include speech, sleep, eating and swallowing and 
it is associated with organ-specific and total-body pain [1,2].

What we call PD may be a spectrum of neurologic disease and 
the usage of artificial intelligence and machine learning can help 
subdivide the diagnosis to help arrive at the specific pathways 
involved in this pathologic degradative process.

 
Precision Medicine and Parkinson’s Disease

Diagnosing early PD can be challenging. PD researchers 
have recently begun work on new computational approaches 
and algorithms have been initiated to help analyze personalized 
profiles of neuronal degeneration and its clinical presentation. The 
current definitions of precision medicine are imprecise but mainly 
refer to usage of computational methods to better decide treatment 
strategies based on the individual characteristics of each patient. 
As such precision medicine guided by machine learning of this 
disease can individualize new prevention and treatment strategies 
according to each patient’s specific pathology. By isolating the 
individual traits and generating a machine-assisted comprehensive 
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patient map in each individual patient, it may be easier to select 
which therapeutic intervention may have the most chance for 
success.

Perhaps this approach will facilitate fewer off-target therapies 
and improve the targeted patient population for PD treatments.

Machine Learning in Parkinson’s Disease
The first effort to characterize PD in a more rigorous data 

collection approach was the Parkinson’s Progression Markers 

Initiative (PPMI). Developed in 2010, this study was a longitudinal 
observational study, following 1500 participants, using clinical and 
imaging data and biological samples from 33 clinical sites around 
the world [3].

Building on that dataset and more recent biomarker 
data, algorithms can be developed using functional inputs for 
detecting progression of PD. Data inputs can be broken down 
into Pathophysiological signals, Neuroimaging Techniques and a 
collection of miscellaneous modalities (Figure 1).

Figure 1: Diagnostic Inputs for Parkinson’s Disease.

Key pathophysiological diagnostic inputs include speech, 
electroencephalography and electromyography. Neuroimaging 
Techniques include MRI, fMRI, PET scan, SPECT scan and T1 
weighted MRI. Evaluating neuroimaging with machine learning 
has employed feature extraction and selection methods such as 
principal and independent component analysis, linear modeling 
and wrapper selection methods with internal selection filters. The 
known classifiers are scored with accuracy and include LS-SVM, 
Multi Kernel SVM, GLM, Boosted, LR, LDA, and PBL-McRBFN. To 
date, SVM has demonstrated best results [4-8]. Other modalities 
for evaluation of PD involve gait, writing and drawing samples and 
keystroke datasets. Similar classifier techniques have been used 
to organize these datasets including k-nearest neighbors, SVM, 
ensemble and adaptive boosting [9,10].

Moving from Current Treatment Modes to Future 
Treatment Modes

Dopamine has been used as a treatment for the spectrum of 
PD. While dopamine is unable to cross the blood brain barrier, its 
precursor, L-Dopa, can and is readily converted to dopamine in the 
brain [11]. L-Dopa therapies continue to be used in PD treatment, 
however this mode of therapy fails as the disease progresses. With 
poor available therapies, treatment of Parkinson’s Disease (PD) 
has been subdivided into 1. symptomatic therapy with symptom 
reduction using both dopamine and alternative medications, and 
2. developing new disease modifying treatments, using pathway- 
and receptor-targeted medications. McFarthing et al. recently 
characterized the major treatment categories associated with both 
symptomatic therapy and disease modifying treatments [12].
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An individualized medicine approach can focus on improving 
disease modifying treatments and help map the pathologic 
presentation into a more granular pathology and isolate the specific 
disease modifiers that will have the best chance for success. For 
example, can specific disease traits be mapped to correlate with 
inflammatory and infectious etiologies, with oxidative stress, or 
with the formation of α-synuclein?

Current trials for PD therapies target inflammatory and 
infectious etiologies which may act to degrade brain cell function 
prior to identifiable pathology and the onset of motor symptoms. 
The specific involvement of dopamine immunogenicity is poorly 
understood, although there is known involvement at synapses 
where dendrites interact with lymphocytes and in germinal centers 
with B- and T- cells [13,14].

Along with the decline in neuronal dopamine, Lewy bodies 
with known α-synuclein protein aggregates in the substantia 
nigra, are a central pathological finding in PD brain cells. Their 
role in impairing axonal and synapse functions remains unclear 
[15,16] Phosphorylated α-synuclein has been identified in the 
enteric nervous system and retrograde gut to brain translocation 
mechanisms are potentially implicated [17,18]. Deep learning 
can improve forecasting of which therapies will improve these 
pathological branch points.

More recently newer biomarkers for inflammation and 
neurodegenerative pathologies are gaining increased attention 
in the PD community and can be harnessed for deep learning. In 
particular, Neurofilament light (NfL), a marker of axonal nerve 
degeneration, has shown promise as a marker of severity and 
progression of PD and may be an excellent measure of clinical 
disease course [19].

Next Steps for Intelligent Mapping of PD
We aim to generate an array of subtypes of PD. To accomplish 

this aim, a parallel deep fusion framework is in development for 
diagnosis of specific Parkinson’s Disease subtypes. This approach 
will harness innovative fusion strategies along with Deep Neural 
Network Architectures to combine clinical, imaging, biological, and 
genetic data.

We suggest using the PPMI dataset and the numerical, 
categorical, and image data a Parallel Deep Fusion Framework is 
proposed for developing a PD subtype diagnosis. In this approach, 
innovative fusion strategies along with Deep Neural Network 
architecture will be used to combine clinical, imaging, biological, 
and genetic data. Our proposed method consists of three parallel 
paths based on the result of any deep or machine learning 
algorithms that have high accuracy. The three parallel paths are 
followed by a multilayer fusion layer, acting as a fusion center that 
combines localized features.

A machine/deep learning dataset is defined as the collection of 
data, training the model and predicting results. For many medical 
imaging analysis applications, a deep Convolutional Neural Network 
(CNN) is applied to perform segmentation tasks of MRI.

In the segmentation method, the reference standard, which is 
the target region of interest, based on different subtypes of PD, is 

defined by manual annotation of all scans in 2-D slices. In contrast, 
with machine/deep learning models, all input and output variables 
must be numeric. So the categorical data can be encoded into 
numbers prior to fitting and evaluating the model. Also, numerous 
strategies will be applied for transforming raw numerical data into 
features purpose-built for machine/deep learning algorithms in 
order to find the most accurate model. Finally, the fused data can 
be applied to a multi-input parallel deep fusion model to be trained. 
Refining the dataset provides a more precise methodology based 
on the specifications of each sample and feature.

Conclusion
Machine learning-assisted diagnosis of PD can vastly improve 

the clinical management of this disease. Incorporating novel 
biomarkers will improve PD diagnosis at an earlier stage. This will 
involve creating larger datasets and diagnostic information from 
which to draw. To diagnose and establish subtypes of PD, a parallel 
deep fusion framework for Parkinson’s Disease subtypes diagnosis 
can be developed. In this approach, innovative fusion strategies 
along with Deep Neural Network Architectures is in development 
to combine clinical, imaging, biological, and genetic data.
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