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Abstract 

Early detection of Parkinson’s disease (PD) is an important and challenging problem 

for effective management and treatment. There are no definitive diagnostic tests for 

PD and the clinical diagnosis relies on presence of classic symptoms, and by the time 

a patient shows these symptoms, more than 60% of dopaminergic neurons are lost. In 

this thesis, approaches based on multimodal data analysis and machine learning for 

early detection of PD are presented.   

Recent neuroimaging techniques, such as SPECT, have shown to be sensitive in 

discriminating PD from healthy normal even at the early stages of the disease. Striatal 

Binding Ratio (SBR) values are well-established and clinically used quantification 

measures obtained from SPECT. This work carries out a novel use of these features in 

developing classification and prediction models for discriminating early PD from 

healthy controls. A high accuracy is achieved in classification.  

Along with discriminating PD from normal, SPECT imaging have also indicated their 

usefulness in detecting a group of subjects, called Scans Without Evidence of 

Dopaminergic Deficit (SWEDD) who show normal scans who otherwise were 

clinically misdiagnosed as PD. This work carries out analysis of SPECT images, for 

segmenting and quantifying the high activity regions that correspond to striatal uptake, 

for extracting discriminatory features that eventually are used for classifying 

degenerative parkinsonism such as PD from healthy normal and non-degenerative 

conditions such as SWEDD. These computed features show good variation in PD as 
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compared to normal and SWEDD, and they are statistically significant as well. The 

classification accuracy is also observed to be very high.  

Research studies show that there exist a phase called the premotor or the prodromal 

phase before the motor phase in PD and that this phase is mostly dominated by non-

motor symptoms such as smell loss and REM sleep behavior disorder. This work 

carries out a novel use of these features along with other relevant features such as 

imaging and cerebrospinal fluid measurements to classify early PD from healthy 

normal. A very high accuracy is obtained in classification using an SVM classifier.  

As of now, there exists no standard screening procedures for detecting PD, and patient 

questionnaire are easy tools that might have the potential for a screening instrument. 

This work carries out the novel use of using the patient questionnaire portion of the 

widely-used Movement Disorder Society-Unified Parkinson's Disease Rating Scale 

(MDS-UPDRS) to classify early PD from healthy normal. We observe a very high 

accuracy in classification.  

Therapeutic options in PD depend on the stage and severity of the disease. This work 

carries out estimation of stage and severity of PD using MDS-UPDRS which 

evaluates the most pertinent features in PD. The AdaBoost-based classifier ensemble 

gave a high accuracy in classification. We infer from the study that such models have 

the potential to aid clinicians in the diagnostic process. 
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SBR Striatal Binding Ratio 

SBRLC SBR value of the left caudate 

SBRLP SBR value of the left putamen 

SBRRC SBR value of the right caudate 

SBRRP SBR value of the right putamen 

SPECT Single Photon Emission Computed Tomography 

SVD Singular Value Decomposition 

SVM Support Vector Machine 

SWEDD Scans Without Evidence of Dopaminergic Deficit 

TN True Negative 

TP True Positive 

T-tau Total tau 

UPDRS Unified Parkinson's Disease Rating Scale 

UPSIT University of Pennsylvania Smell Identification Test 



xxvii 
 

VMAT2 Vesicle Monoamine Transporter 

α-syn α-synuclein 
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