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Diagnosis of Parkinson’s Disease Using Two Types of
Biomarkers and Characterization of Fiber Pathways

T

Shintae Kang' - Wook Lee™ - Byungkyu Park™ - Kyungsook Han

ABSTRACT

Like Alzheimer’s disease, Parkinson’s Disease(PD) is one of the most common neurodegenerative brain disorders. PD results from
the deterioration of dopaminergic neurons in the brain region called the substantia nigra. Currently there is no cure for PD, but
diagnosing in its early stage is important to provide treatments for relieving the symptoms and maintaining quality of life. Unlike
many diagnosis methods of PD which use a single biomarker, we developed a diagnosis method that uses both hiochemical biomarkers
and imaging biomarkers. Our method uses a-synuclein protein levels in the cerebrospinal fluid and diffusion tensor images(DTI). It
achieved an accuracy over 91.3% in the 10-fold cross validation, and the best accuracy of 72% in an independent testing, which
suggests a possibility for early detection of PD. We also analyzed the characteristics of the brain fiber pathways of Parkinson's
disease patients and normal elderly people.
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Fig. 1. A standard brain image (FMRIB58__FA) with
a skeleton region of white matter (represented in green)
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Fig. 2. A standard brain image (FMRIB58__FA) with
a seed region (represented in red)
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Table 2. The performance of a random forest model that
used both FA and a-synuclein data in 10-fold cross validation

#voxels Sensitivity Specificity Accuracy
100 87.50% 77.30% 82.60%
200 95.80% 71.30% 87.00%
300 91.70% 81.80% 87.00%
400 95.80% 95.50% 95.70%
500 95.80% 81.80% 89.10%
600 91.70% 86.40% 89.10%
700 95.80% 86.40% 91.30%
800 95.80% 86.40% 91.30%
900 95.80% 81.80% 89.10%
1000 91.70% 81.80% 87.00%

Table 3. The performance of a random forest model that
used both FA and a-synuclein data in independent testing

#voxels Sensitivity Specificity Accuracy
100 46.20% 25.00% 36.00%
200 76.90% 25.00% 52.00%
300 69.20% 41.70% 56.00%
400 76.90% 25.00% 52.00%
500 53.80% 41.70% 48.00%
600 76.90% 16.70% 48.00%
700 46.20% 8.30% 28.00%
800 76.90% 66.70% 72.00%
900 69.20% 41.70% 56.00%
1000 46.20% 41.70% 44.00%
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Fig. 4. Distribution chart of fiber pathways in left 7 ROIs.
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indicates the number of fiber pathways.
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Table 4. Prediction results of using FA values in 800 voxels
and a-synuclein data in two age groups.
All 6 PD patients were correctly predicted, and 6 out of
the 8 NC in 40-50's were correctly predicted

Actual Predicted
e
PD NC PD NC
40d) 1 2 1 2
50th 2 6 2 4
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22 Table 4. The performance of a random forest model that used
both MD and a-synuclein data in independent testing
Table 1. The performance of a random forest model that used #voxels Sensitivity Specificity Accuracy
poth MD and a-synuclein data in 10-fold cross validation 100 16.20% 33.30% 40.00%
#voxels Sensitivity Specificity Accuracy 200 53.80% 33.30% 44.00%
100 87.50% 86.40% 87.00% 300 61.50% 95.00% 44.00%
200 91.70% 86.40% 89.10% 400 69.20% 95,00% 43.00%
300 91.70% 86.40% 89.10% 500 69.20% 95,00% 13.00%
400 9L70% 0.90% 91.30% 600 53.80% 58.30% 56.00%
S0 87.50% 8180% B4.80% 700 69.20% 33.30% 52.00%
600 B.80% 77.30% 87.00% 800 69.20% 16.70% 44.00%
0 FH.80% 86.40% 91.30% 900 46.20% 33.30% 40.00%
800 FB.80% 77.30% 87.00% 1000 61.50% 16.70% 40.00%
900 87.50% 95.50% 91.30%
1000 100.00% 81.80% 91.30% Table 5. The performance of a random forest model that used
both MO and a-synuclein data in independent testing
Table 2. The performance of a random forest model that used #voxels Sensitivity Specificity Accuracy
both MO and a-synuclein data in 10-fold cross validation 100 69.20% 33.30% 52.00%
#voxels Sensitivity Specificity Accuracy 200 76.90% 0.00% 40.00%
100 100.00% 86.40% 93.50% 300 76.90% 16.70% 48.00%
200 %.80% 8L.80% 89.10% 400 69.20% 25.00% 48.00%
300 91.70% 90.90% 91.30% 500 76.90% 16.70% 1800%
400 H.80% 0.90% 93.80% 600 8460% 8.30% 48.00%
500 10000% 71.30% 89.10% 700 69.20% 16.70% 4400%
600 87.50% 81.80% B1.80% 800 69.20% 25,009 48.00%
700 95.80% 90.90% 93.50% %00 .30 20009 000
800 8.30% 86.40% 81.80% 1000 61.50% 41.70% 52.00%
900 95.80% 86.40% 91.30%
1000 100.00% 86.40% 93.50%

Table 6. The performance of a random forest model that used
both RD and a-synuclein data in independent testing

Table 3. The performance of a random forest model that used

) : C itivi ifici A

both RD and a-synuclein data in 10-fold cross validation Avoxels Sensitivity Specificity e
— — 100 46.20% 66.70% 56.00%

#voxels Sensitivity Specificity Accuracy
200 69.20% 41.70% 56.00%

100 95.80% 81.80% 89.10%
300 69.20% 33.30% 52.00%

200 91.70% 86.40% 89.10%
_ 400 53.80% 25.00% 40.00%

300 100.00% 86.40% 93.50%
500 69.20% 16.70% 44.00%

400 100.00% 86.40% 93.50%
600 69.20% 58.30% 64.00%

500 95.80% 81.80% 89.10%
700 46.20% 16.70% 32.00%

600 87.50% 90.90% 89.10%
N _ 800 53.80% 33.30% 44.00%

700 100.00% 86.40% 93.50%
900 46.20% 16.70% 32.00%

800 91.70% 90.90% 91.30%
1000 61.50% 41.70% 52.00%

900 95.80% 81.80% 89.10%

1000 91.70% 81.80% 87.00%






