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Bioinformatics 

{/bioinfmattiks/}
Bioinformatics is the application of 

information technology to the field of 

molecular biology.

Bioinformatics nowadays entails the creation and 

advancement [...] computational and statistical 

techniques, to solve formal and practical 

problems arising from the management and 

analysis of biological data.



CARDINAL FEATURES OF 

PARKINSONôS DISEASE

ÅTremor

ÅRigidity

ÅAkinesia

ÅPostural instability



How Common is Parkinsonôs 

Disease ?

Å Second most common neurodegenerative 
disease (after Alzheimerôs disease)

Å Affects 120-180 per 100,000 Canadians

Å Ratio of Males:Females ~ 1.2 : 1



Parkinsonôs Disease
Loss of dopaminergic cells in the Substantia
Nigra (pars compacta)



Dopamine Releasing Cells

Releases Brain 
Chemical Dopamine



What does Dopamine do?
dopamine



What does Dopamine do?

ÅImportant for movement

ÅImportant for ñrewardò

We donôt know ïit may 
have many roles 

dopamine



Visual cues help 
Parkinsonôs



Gait Freezing in 
Parkinsonôs Disease

Movie from: Principles and Practices of Movement Disorders.  Stanley Fahn, Joseph Jankovic



Effects of L-DOPA 
Medication 



Dyskinesia and Blue Lenses



Magnetic Resonance 

Imaging (MRI)

BIAC 1.5T Scanner



Magnetic Resonance Imaging (MRI)



How does fMRI work?

Å Brain Activity results in increases in 
blood flow

Å Whether or not the blood has oxygen 
attached to it affects its magnetic 
properties



How small can we see with fMRI?

1-3 mm



How fast can we see with fMRI?



Fast Slow

Small

BIG

Methods to explore Brain Function

EEG
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Brain Activity during a motor task
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Time courses of 10 randomly selected voxels:
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fMRI Experiment -- the steps

40-s
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1 of 30,000



fMRI Experiment -- the steps

40-s

Exp Exp Exp Exp

Con Con ConCon Con

50-500

10,000-50,000



fMRI Experiment ïMotion Correction

ñReference 
Imageò

t=1 t=2 t=3 é t=n

Measurement of similarity 
(correlation, mutual 
information, etc.)



Preprocessing fMRI Data ï
Slice Timing Correction

t = 0 t = 2sec

time

slice 1 slice 3 . . .



Preprocessing fMRI Data ï
Spatial Filtering



Subject #1

Subject #2

Combining across subjects ï
spatial normalization



fMRI Experiment -- the steps

40-s

Exp Exp Exp Exp

Con Con ConCon Con
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ñReference 
Imageò

t=1 t=2 t=3 é t=n

t = 0 t = 2sec

time

slice 1 slice 3 . . .
t = 0 t = 2sec

time

slice 1 slice 3 . . .

Subject #1

Subject #2

Experiment 
(block or event-
related design)

Motion Correction

Slice Timing 
Correction

Smoothing

Spatial 
Normalization

Inference of 
task related 
activity



General Linear Model (GLM)
hemodynamic 

response function (HRF)
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Measured 
Signal

Task Non task-related
activations 

(e.g. Arousal)

PulsationsMachine Noise

Independent Component Analysis (ICA)

Assumption: spatial pattern from sources of variability 
unrelated (independent)

McKeown et al. PNAS, 1998



ICA applied to fMRI



Selected Components:
Consistently
task-related

Transiently
task-related

Quasi-periodic Slowly-varying Slow head
movement

Abrupt head
movement

Activated
Suppressed

McKeown et al. 
PNAS, 1998



fMRI Experiment ïMotion Correction

ñReference 
Imageò

t=1 t=2 t=3 é t=n

Measurement of similarity 
(correlation, mutual 
information, etc.)



Maximizing         as a way to 
correct for motion

{ }JE log

ñReference 
Volumesò

ICA
ICA components

possibly task - related component

Motion and other 
sources of variability 
are ñdecoupledò

{ }JE log
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Take the same volume (so there is no motion) 
and ñinjectò an artificial activation

Simulation
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ñMotion 
Correctò

Errors induced by 
Motion Correction!
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Simulation: MCICA is less likely to be ñfooledò into 
interpreting motion by activation

Liao, Krolik & McKeown ,2006



McKeown, M.J. and C.A. Hanlon. 'A re-sampling / region of interest (ROI) method for discriminating patterns of activity in fMRI data'. JOURNAL OF 
NEUROSCIENCE METHODS. 135 (2004): 137 - 147.

McKeown, Martin, Junning Li, X Huang, Mechelle Lewis, Seungshin Rhee, Young Truong and Jane Wang. 'Local Linear Discriminant Analysis 
(LLDA) for Group and Region of Interest (ROI)-based fMRI analysis'. NEUROIMAGE 2007

Subject #1

Subject #2

üROI approach

fMRI analysis at the Region of Interest 
(ROI) level



Automatic Segmentation

Prof. Faisal Beg



Martin J. McKeown: mmckeown@interchange.ubc.ca

Subcortical Segmentation via Large Deformation 
Metric Mapping (LDDMM) Based Registration



Compose ROI network with different Templates

FreesurferInitiation FS+LDDMM

Courtesy of Jingyun Chen & Faisal Beg, SFU



Martin J. McKeown: mmckeown@interchange.ubc.ca

Atrophy in PD Brains



Quantifying the shape of brain regions 
with Spherical Harmonics (SPHARM)

2.3, -2.5, 7.4, é,

Feature Vector

Prof. Rafeef
Abugharbieh



Group Volume SPHARM

Control, Left vs. Right 0.5630 0.1470

PD, Left vs. Right 0.5780 0.0060*

Left thalamus, PD vs. Control 0.4150 0.0270*

Right thalamus, PD vs. Control 0.1730 0.0290*

Changes in Shape (but not 
Volume) of the thalami  in 
Parkinsonôs Disease
PD: n=22, Controls: n=20

McKeown et al., 2008



Changes in Shape (but not 
Volume) of the ventricles in 
Parkinsonôs Disease

ROI Volume SPHARM 

Left Ventricle 0.2711 0.0462*

Right 

Ventricle

0.2837 0.0090*

Ashish Uthuma and Prof. Rafeef Abugharbieh



Compensating for anatomical variability 

é é

Masked functional statistics
Representing structural and functional information

SPHARM Feature Extractor

SPHARM-s SPHARM-fs

Principal Component Analysis

d Components
Representing directions accounting for 99% intersubject
structural variability

D-d Components 
Representing directions with less than 1% 
structural variations

Projection

SPHARM Feature Extractor

Features

Projection Directions

SPHARM-f

Binary ROI Masks
Representing structural information

Same corresponding 
physical dimensions

Rmax

Ashish Uthuma and Prof. Rafeef Abugharbieh



Martin J. McKeown: mmckeown@interchange.ubc.ca
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Compute High Dimensional 
Transformations for Image Registration

Find the diffeomorphism that registers the imagesj

Prof. Faisal Beg



Curved Curved



Martin J. McKeown: mmckeown@interchange.ubc.ca

Independent Component Analysis 
(ICA) on Velocity Fields

¸ 1st and 2nd Independent Components (IC) of 
velocity fields represent two independent directions 
of shape changes.

1st IC (Left Caudate) 2st IC (Left Caudate)



Task Design

Å Subjects control the width of bar by squeezing bulb such that squeezing the bar 
makes the bar width increase.

Å Continuous task using a block design with periods of constant force and periods of 
sinusoidal force at 3 frequencies: 0.25, 0.5 and 0.75 Hz, with target force output 
scaled to between 5 and 15% Max. Voluntary Contraction

Samantha Palmer



McKeown, M.J., et al., Local Linear Discriminant Analysis (LLDA) for 
group and region of interest (ROI)-based fMRI analysis. Neuroimage, 
2007. 37(3): p. 855-865.

üDevelopment of Statistical Analytical methods such as 
Local Linear Discriminant Analysis (LLDA)

Statistical Methods at the ROI level
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Relative Activity in Normal Network for Movement Speed



¸ In Parkinsonôs Disease (PD), medication can 
have profound clinical effects:

¸ However: effects of L-dopa on fMRI activation 
amplitude relatively mild:

Haslinger et al., Brain, 2001

Motivation for examining other 
features of the fMRI signal


