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The order of today's presentation is as follows

1. Description of fMRI data
2. Modes of Connectivity
3. Utilization of diffusion MRI results
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Acquiring the data

The MRI machine measures magnetic changes in ferromagnetic
metals

@ lIron, for example, is a ferromagnetic metal, which is contained
in blood cells

@ Oxygen binds to the iron, and when it leaves it changes the
magnetic properties
@ This allows us measure blood flow to any region of the brain,

known as the Blood Oxygenation Level Dependent signal
(BOLD)

@ We are looking at resting state fMRI experiments

This is useful because of the assumption that blood being sent to a
region of the brain implies that area of the brain has been activated
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Acquiring the data

A inverse fourier transform is used to give an image of the brain
from the magnetic wave readings

@ Brain is scanned approximately every 2-5 seconds, to obtain a
3D image with approximately 100,000 pixels referred to
henceforth as voxels

@ A single trial will have about 250 scans

@ At each voxel we have a measure for the BOLD response
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The data

Fori=1,..., N voxels,
j=1,..., M subjects,
t=1,..., T timepoints

Our data is x;;(t) the BOLD response at time t of voxel i in person
J

Refer to Matlab
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Modes of Connectivity

network modelling from FMRI data

functional connectivity
simpler, less meaningful,
network “discovery”,
better conditioned,

can handle more nodes

full correlation
partial correlation

regularised partial correlation
Bayes nets
effective connectwﬂ;y SEM
more complex, more meaningful,
pre-specify (constrain) network model,
harder to estimate,
can handle fewer nodes

non-biological dynamic Bayes nets

biophysical neural-groups to FMRI-signal forward
model, fit to data using Bayes (e.g. DCM)

Smith, S., (2012) The future of fMRI connectivity. Neurolmage (62) 1257-1266
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Partial Correlation

Partial correlation is done in a seemingly naive way, although has
been shown to perform very well even when compared to more
complex models (Smith 2011).
We will describe partial correlation as in Marrelec 2006.

@ Recall that we have i = 1,..., N as our voxels

@ Say we have R = {Ry,...,Rp} as our predetermined regions
of interest, such that i € Ry implies the voxel represented by /
is in the k" region
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Partial Correlation

For subject j and region k, recall x;;(t) as the BOLD signal for the
ith voxel as defined earlier. Define the signal for that region to be

(= 32 90

i€Ry [Ril

that is to say, the spatial average.
Normalize these for each region and subject to have mean 0 and

variance 1.
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Partial Correlation

Then assume, for all subjects j and regions k that

(X{(t),- .., xh(t)) ~ Np(0, )

Then partial correlations can be obtained from the zeros in the
inverse of the estimated ¥ matrix.

(As I've probably said by now) You can use the graphical lasso on
this in order to regularize.
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Bayes Net

Bayes network methods are another term for Directed Acyclic

Graphs (DAG)
OO O,
o o‘e

@ The Bayes Net methods used in [4] for the most part are
extensions of the PC method [8]

@ Assumes that the true casual model forms a DAG

@ Basically starts with an undirected graph and adds direction
and removes edges based on independence and conditional
independence tests
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diffusionMRI

Now we look at network structure determined anatomically
@ The diffusion MRI allows you to detect water in the brain
@ Myelin is 40% water and can be thought of the wiring system
for neurons
@ We can use this wiring system to define a network within the
brain to do our analyses
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diffusionMRI

Nature Neurology February 2012 vol 8 no 2 cover
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Network Diffusion Model

For predetermined regions {Ri,...,Rp} , let xi(t) be the spatial
average of activation over region i.

o Let C = (cj), where ¢ is proportional to the number of
myelin tracts going from i to j

o Let §; = Zji1 cijj be the degree of R;
@ Let V; be the number of voxels in R;

@ Assume the activation x;(t) is proportional to the number of
firing neurons per voxel, and the number of neurons per voxel
is fixed across the brain
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Network Diffusion Model

Assume for now D = 1.

@ The simpliest behavior of a damped dynamic system is

8x1(t)
ot

= —Bx(t)

@ this corresponds to exponential decay in the signal
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Network Diffusion Model

Now assume there are 2 regions, i.e. D =2
@ By assumption Voxp is proportional to the number of neurons
firing in Ry
@ The number of neurons firing in Ry that affect Ry is
proportional to

Cr2 - Voxo
2

@ and then we normalize for the size of V; to say the larger V4
is the less affect another region can have on it

1 1
e — V.
Vi C12 5 2X2
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Network Diffusion Model

Including the decay from R, combined with the decay from R, on
the previous slide, we now have

) 1 1
Xalgt) — 3 <\/1C1’252 Voxo(t) — Xl(t))

Now assuming D, the number of regions, is arbitary, we can extend
the equation above to obtain

Ox; 1 1
e =0 v g 0500 Y
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Network Diffusion Model

A simplifying assumption is to assume that V; oc 1/9;, i.e. the
number of tracts leading into R; is proportional to the squared size
of R;. If a26? = V; then in (1) this simplifies to

ox;(t
8t — 52 Z ci joixi(t) — xi(t)

which gives us the following matrix equation

dx(t)
dt

— —BLx(t) (2)

Where £ = — A~Y/2CA~1/2 and A is the diagonal matrix of
degrees
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Network Diffusion Model

This differential equation can then be solved as

x(t) = exp(—BLt)xo
Thus
Cr(t) = exp(—pBLt)

can be thought of the connectivity matrix. Since if (C¢(t)); =0
then the activation of the i" region has no affect on jt region
after time t.

In the modelling t is used as a parameter, along with 3. The goal
is to find t.; and 8 such that this model is closest to the data
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diffusionMRI

Table 1
Models' comparison.

Subject SC 1IFC nlFC Network diffusion FC Fisher's p-value
1 024 031 036 041 0.0036
2 027 0.35 041 045 0.0490
3 023 031 031 037 0.0010
4 023 0.35 034 041 0.0001
5 027 0.36 038 042 0.0250
6 024 033 034 038 0.0180
7 024 033 037 042 0.0041
8 024 032 038 043 0.0041

Correlation coefficients for all subjects. SC, IFC as proposed in (Galan, 2008), nlFC: non-
linear estimate {Honey et al,, 2009), and the proposed network diffusion FC. Last column
lists Fisher's p-value for all subjects.

Abdelnour, F., Voss. H.U., Raj, A., (2014) Network diffusion accruately models
the relationship between structural and functional brain connectivity networks.
Neurolmage 90 335-347
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