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Our Goal - FDG Parameter Estimation.
Methods to find the input function.

A Simultaneous-Estimate Algorithm
Clustering : a novel clustering algorithm
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1. Ultimate Goal

Automated tool for parametric estimation of brain function in AD




Output Data of One Slice
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Input u(t)- FDG in blood—measured blood samples;
Output y(t)= y1(t) + y2(t), FDG and FDGG6P in tissue—from PET images.

FDG FDG FDG6P
K . ks |,
(blood) k—) (tissue) 7€—> (tissue)
u(t) 2y (2) <2 L ya(t) Tissue
y1 = Kiu(t) — (k2 + k3)y1(t) + kay2(t)
g2 = kayi(t) — kay2(1). L)

e K and ko—FDG transport rate

e k3 and k4 phosphorylation and dephosphorylation rate.

. Kiks & . & . . .
e LCMRglc: To ks TC = K &, a sensitive neuroimaging marker for AD.

e Given u(t) and y(t), estimate K1, ko, k3, k4 and K.



The Solution of the FDG Tracer Model
Denote IC = (Kl, kg, ]Cg, k4),
y(t) _ u(t) R (Cl(lc)e—M(/C)t 4 CQ(/C)Q_)\Q(K)t) 7

where ® stands for convolution.

Generally, parameter k4 is set to 0, because it is relatively very small and the

scanning time, 60 minutes, may not be long enough to provide a reliable
estimate of k4, [Huet]. Then

K1k3 Kika  _(hyths)t
t) = ul(t 2Ths . 2
() =u(t) s (e @

It is easy to solve the problem to find the parameters given the input
function u(t) and the output function y(t), when the data are clean and
equally spaced!
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What are issues with this parameter estimation problem?

e Expression for the input function - what is this exactly?

e Noise in the output Solving the estimation is made difficult because
noise is corrrelated

e (Cost Volumetric data analysis is expensive.

e C(lustering of data Optimization is assisted by using constraints on the
parameters

e Model Simplification Actual model used is more complicated.

Emphasis here on the input function step
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The data are only illustrated through time t5; = 25m.
The functions change little over the last scanning duration, Aty = 30m.
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Approximate Input Function—-Arterial Blood Samples
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2. Some Methods for Identifying the Input

e Golden Standard, arterial sampling method invasive.

Population based input function, ([Taki],1993 and [Eberl],1997). Fitting
arterial or arterialized venous samples from subject population samples:

UPhelps = AleAl(t_T) 4+ A26>\2(t—’7') 4+ A36>\3(t_7-),
or
UFeng = (A1(t — 7o) — Ag — Az)eMI770) 4 Aper2(t=70) 4 Agers(t=T0),
Requires the populations- not subject specific

e An Imaged-derived input function requires finding the carotid artery in
image ([Litt],1997; [Lipt],2004)
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Slices 26 and 27 of subject 1154: summed frames over two minutes. Semi-automatically
defined squares identify blood regions of interest. Lower row: identified CA-ROls just a few
voxels. On the right corresponding image derived blood time activity curves.
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Time Activity Curve of Blood Region
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Comparison of the arterial blood
samples (solid line with cross), un-
corrected average blood time activ-
ity curve (circles) and estimated in-
put function. Also illustrated is the
time at which the average blood
tracer activity is initiated in the
ROI, the time point for the peak
value, the time point which sepa-
rates the fast and slow phases and
three blood samples used for the
fit. Time on logarithm scale.
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A Composite Input Function

Observations
e Early activity very fast, sharp increase and decrease

e Later activity is a gradual decay

/

0 t S T0,
9 (1) (17, 7) 0 <EST
o(t,0,),6) = e
Ue ) = 4 Q(U(T)(t T(Z):r:p(;p)(f t)) T, <t<T
\ QU(T)Q—A(t—T)S t>T

Note parameters that define input 6, A and ¢ and the time points 7, 79, 7.
0 accounts for the partial volume, equvialently the low PET resolution
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The mean and standard deviation of the root mean square error for nonlinear
least squares data fitting over all subjects for different proposed input

functions
Analytic Input Function
T UPhelps UFeng UExp UPExp
1 | 1.53(—2)(8.0(—3 5.23(—2)(1.0(=2)) | 3.65(—1)(1.1(—1)) | 1.79(—2)(1.1(=2))
2 1.44(—2)(6.2( 3 1.59(—2)(7.3(=3)) | 2.75(—=1)(9.7(—=2)) | 1.69(—2)(9.9(—3))
3 | 1.48(—2 1.51(=2)(7.7(=3)) | 2.42(—1)(8.3(—=2)) | 1.67(—2)(1.0(—2))
4 | 1.49(— 2)(6 5( 3 1.44(—2)(7.4(—3)) | 2.50(—=1)(8.7(—2)) | 1.68(—2)(1.0(—2))
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Do numbers tell everything?

—*— blood sample
- — —new-IF

"""" Feng-IF
— — Tri-exp-IF
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Notice for one example how the fit is not good except for larger t other than
using the new formulation: here these results show impact of different point of
continuity 7.
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3.Simultaneous Estimate Algorithm(SIME)

m1n<I> (x, a) ZZ@U] ;TAC —ozz--yi(tj)—(l—ozi)-ue(tj,ﬁ)}z.

1=1 5=1

e «; account for spillover from blood to tissue (low value indicates high
spill)

e Here to reduce the error and increase accuracy, y; are output curves
obtained from clustering.

e Observe also that ® depends implicitly on parameters of u,

3
- 2
o~ MEi—7)° _ i
min |fu(r tes (f2)

1=1
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Subject:4248, Slice:16, t=23 Seconds Subject: 4248, Slice:16, t=43 seconds
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concentration values

Cluster curves: An Example

Averaged curves using clustering methods
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Premise
e (lustering must be cheap as possible
e Clustering results only used to obtain input and then for bounds.

e Validate using standard inter-intra cluster meaasures: separation,
diameter, silhouette etc

e Clustering Algorithms considered, optimized hierarchical (Guo et al), hi-
erarchical, and k-means (with weighted frame data).

Conclusions
e Sufficient to use cheap cluster algorithms

e Also just use the final frame for clustering
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The input function estimated by proposed method compared with arterial
blood samples. lllustrated are the data focused on the initial window (top),
the whole time window given on logarithm scale (middle), and the same data
with the estimated input shifted to account for the time delay relative to the
arterial blood samples (bottom).
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Representative Shifted Comparisons
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Subject 0 A ) a1 a2 s
1206 2.049 | 0.923 0.233 0.930 0.931 0.926
1227 4.000 | 1.438 | 0.158 | 0.952 | 0.956 | 0.953
817 2.843 | 0.691 | 0.241 0.935 | 0.935 | 0.919
1154 2.730 | 0.872 | 0.237 | 0.958 | 0.957 | 0.960
1208 1.790 | 0.518 0.318 0.912 0.915 0.912
1231 2.294 | 0.828 0.265 0.938 0.932 0.929
1245 2.287 | 0.350 | 0.364 | 0.928 | 0.929 | 0.922
827 3.190 | 0.797 | 0.257 | 0.935 | 0.934 | 0.928
1264 3.000 | 1.558 | 0.152 | 0.939 | 0.952 | 0.934
1078 4.000 | 0.889 | 0.260 | 0.961 0.963 | 0.963
1188 2.246 | 0.628 0.247 0.930 0.925 0.914
1234 3.543 | 0.781 0.277 0.941 0.941 0.943
1086 4.000 | 1.121 | 0.189 | 0.961 0.960 | 0.958
1191 3.781 | 0.792 | 0.257 | 0.942 | 0.940 | 0.941

Average | 3.100 | 0.89 | 0.239 | 0.941 | 0.939 | 0.936
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K, . y=0.61x+0.049 (r=0.64774, p=0.0019)
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4. Observations from Results

macro parameter K is well estimated as compared to blood sampled
approach.

micro parameters are reasonable in comparison, and note that the blood
samples may also not be correct so precise comparison is impossible.

consistency of the decay of the input across subjects to power nearer
0.25 on average.

spillover is consistent across most subjects, from blood to tissue is actually
quite low
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e Constraints It is essential to use constraints for the minimization.

e (luster curves Clustering provides subject dependent constraints

k4 - no bounds imposed FLS k4 - using bounds from Feng, 1995
0.03

K - no bounds imposed FLS K - using bounds from Feng, 1995
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Some Remaining Issues

e Postestimation Use the recovered input to do parameter estimation
comparison?

e Remove blood sampling: can input be recovered entirely without blood
samples?
Additional Image Analysis automate completely identifying CA
region.
MR to PET registration map MR structure to identify Carotid

Artery on PET
Independent Component Analysis to identify CA in PET.
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5. MR -PET Image Registration: Initial Work

e Multi-modal registration PET and MR are different modalities, with
different distributions of image intensities

e Mutual Information maximize the M| between images to obtain an elastic
match.

T1-MR Clustered PET
: w ;
60 400 60 3
80 80 2
100 200 100 1
120 120
20 40 60 80 100 120 20 40 60 80 100 120
Registered Image using Bspline Difference of PET and registered MR
20 600 20 )
40 40 = o _ 0.5
80 80 e ‘}:_.../q 0
100 200 100 e AT
120 120 -05
20 40 60 80 100 120 20 40 60 80 100 120

Example of PET /MR matching using M| and B-spline
joint work with Professor Farin




6. Independent Component Analysis for the ROI

Assume linear combination of input and output
ABTAC(t) = a-u(t)+ 6 -y(t)

for average blood region TAC, ABTAC(t), and neighbor tissue’s TAC,
y(t), [Chen], 1998.

Parameters o and 3 account for partial volume and spillover effects
respectively.

Use three blood samples of u(t) to solve for o and 3 by least squares,

[Chen], 1998.
In [Chen] ABTAC(t) was obtained from manually defined carotid artery.

New progress, Independent Component Analysis (ICA)-defined Carotid
Artery.
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Statistical technique that uncovers hidden independent factors in mixed
set of signals.

Here hidden factors are those from blood vessel and different brain
tissues.

Hidden factors are estimated as linear combinations of signals from all
brain regions.

Positive linear coefficients higher than threshold (z-threshold) indicate
blood vessel region.

—p.2



Software adopted: FMRLAB www.sccn.ucsd.edu/fmrlab (Duann, et al., 2002)

e Define a cubical sub-brain volume that contains the carotid artery.
e Use the first 5 PCAs for ICA analysis.

e Superimpose each ICA over PET for the first 20 seconds - to identify
that for blood vessel.

e Correct the partial volume and spillover effects.

—p.3



Evaluate robustness of the sub-brain volume size, shape and location.
Determine the z-threshold (Zinput) for carotid artery region definition.
Determine the z-threshold (Zoutput) for the adjacent tissue region
definition.

Compare the image-derived Input function via ICA to that by blood
sampling.

Compare the Patlak estimated CMRgl (K) with ICA input function to
that with blood sampled input function.
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7. Results of ICA defined ROI : Subvolume




ICA Determined Carotid Artery Region: Whole Brain
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Blood-sampled and ICA image-derived input functions
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Voxel-by-voxel CMRgl (K) comparison for one subject
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x-axis: blood samples; y-axis: CMRgl ICA derived. Calculations use Patlak not nonlinear fit. ;
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Global CMRgl comparison (24 subjects)
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Subj #
P01086dy
P01078dy
P00817dy
P0O0827dy
P01121dy
P01229dy
P01206dy
PO0781dy
P0OO770dy
P0OO796dy
PO0734dy
P01227dy
PO0737dy
POO774dy
PO0O794dy
P01208dy
P01154dy
P01241dy
P01245dy
P01235dy
P01233dy
P01234dy
P01231dy
P01264dy

Slope

1.0135
0.9681
1.0584
1.0174
0.9242
0.9680
0.9365
0.9800
1.0067
0.9869
1.0434
1.0313
0.9986
0.9554
1.0059
1.0613
1.05805
0.9801
1.0064
1.0245
1.0450
1.0185
0.9837
1.0139

Intercept

0.0010
0.0164
0.0133
0.0068
0.0140
0.0048
0.0075
0.0077
0.0032
0.0032
0.0065
0.0041
0.0018
0.0007
0.0085
0.0087
0.0115
0.0036
0.0058
0.0054
0.0014
0.0027
0.0028
0.0015

R square

1.0000
0.89897
0.9985
0.9989
0.9986
0.99889
1.0000
0.9986
1.0000
1.0000
0.9988
1.0000
1.0000
1.0000
0.9989
0.9988
0.9986
1.0000
0.9988
0.9989
1.0000
1.0000
1.0000
1.0000

Slope(\V)

1.0223
1.0224
1.0324
1.0316
1.0087
0.9798
0.9867
0.8268
0.9804
0.9804
1.0442
0.9822
0.9567
0.8657
0.9078
1.0625
0.8804
0.7671
1.0562
0.9941
0.8847
0.9773
1.0624
0.9364

0.0071
0.0088
0.0027
0.0043
0.0095
0.0527
0.0531
0.0026
0.0034
0.0034
0.0227
0.0094
0.0132
0.00486
0.0065
0.0134
0.0052
0.0820
0.0034
0.0062
0.0093
0.1048
0.0076
0.0252

Intercept(V) R square(\)

0.9982
0.9988
1.0000
1.0000
0.9986
0.8974
0.9986
0.9988
1.0000
1.0000
0.9985
0.9988
0.9987
0.9984
0.9988
0.9981
0.9988
0.9927
1.0000
0.9988
0.9988
0.9884
0.9978
0.9983




Image-derived input functions via both methods, novel simultaneous
estimate algorithm and linear model with ICA defined ROI, are excellent
alternatives to the blood sampled input functions.

The novel simultaneous estimate algorithm can also generate robust
rate constants, K1, ko and ks.

These methods will be helpful in our longitudinal study of AD and AD
risk associated with apolipoprotein E-4 genotypes.

Essential to extend the ICA approach for microparameter estimation.

Comparison between these two methods is necessary.
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