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1 Ultimate Goal

An automatedool for parametricestimationof
brainfunctionfor Alzheimer's Diseasestudies.




Output Data of One Slice
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Inputu(t)- FDGin blood—measuredloodsamples;
Outputy(t) = y1(t) + yo(t), FDG andFDG6PIn tissue—fronPETimages.

FDG
(blood)
u(t)
Y1
Y2
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Ko

FDG k, [FDG6P

(tissue) kl (tissue)

ya(t) * lya(t) Tissue
Kau(t) (k2 + Kk3)yi(t) + kaya(t)
kay1(t)  Kaya(1):

K, andk,—FDGtransportate

ks andk, phosphorylatioranddephosphorylationate.

. Kiks Cp —  Cp
LCMRglc: (378 & = K &2

Givenu(t) andy(t), estimateK 1; ko; k3; kg andK::

; asensitve neuroimagingnarker for AD.

(1)



The Solution of the FDG Tracer Model

DenoteK = (K 1. Ko Ks; k4),
y(®) = ut) a(K)e O+ c(K)e 20O

where standfor convolution.

Parametek, is setto O, becausat is relatively very smallandthe scanningime,
60 minutes,s notlong enoughto provide areliableestimateof k4, [1]. Then

f— 4+ - - - 2 3 :
YO =) et e (2)

It is easyto solwethe problemto nd the parametergyiventhe input function
u(t) andthe outputfunction y(t), whenthe dataare cleanand equallyspaced!



Issueswith this parameter estimation problem

1. Expressiorfor theinputfunction- whatis this exactly?

2. Noisein the outputSolving the estimationis madedif cult becausaioise
IS corrrelated

3. Clusteringof dataOptimizationis assistedy usingconstrainton the pa-
rameters

4. Model Simpli cation Actual modelusedis morecomplicated.

5. CostVolumetricdataanalysiss expensve,

Emphasishereon the input function step
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Left:input Functionu(t);

Right: outputfunctionsy(t) for 6 pixels.

Thedataareonly illustratedthroughtimet,; = 25m.
Thefunctionschangdittle overthelastscanningduration, t,, = 30m.



Approximate Input Function—Arterial Blood Samples
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2 SomeMethodsfor Identifying the Input

1. “Golden Standard; arterial samplingmethod,causesdiscomfortand risks some
potentialproblems(arterialthrombosisarterial sclerosisandischemiato the ex-
tremity).

2. Arterializedvenoussamplingmethod heatingthelimb to avoid thediscomfort,
([2],1979),but still needdrequentbloodsampling.

3. Populationbasednputfunction ([3],1993and[4],1997). Fitting arterialor arteri-
alizedvenoussamplegrom subjectpopulationsampledo ananalyticalexpression.
Theestimatednputfunctiondoesnot shawv differencedetweenindividuals.

4. An Imaged-dewnedinputfunction Only correctspartialvolumeeffectsof the Av-
erageBlood TAC (ABTAC). ([5],1997;[6],2004).



5. Imaged-dewned input function correctsboth partial volume and spillover effects.
([71,1998).

AB TAC(t) = u(t) +  y(t):

6. Simultaneou&stimation,SIME. Two modelsof theinput:

u(t) = (A1t A, Ajz)e '+ Aje 2t + Age 3l

SimultaneoushestimateA;; ; andk; by decowolution, [8],1997. Using
Model (2) for y, (t);1 = 1,2 ; m; to estimateghecommonu(t) f m 2.
Practicalhumanstudiesdo not shav high quality estimation[9],2001.

ut)= ABTAC(t)+ A te ';

where is determinedyy threebloodsamplesat 20, 40 and60 minutesby
leastsquaresSimultaneouslgstimated; andk; by decowolution,[10,2003.
Ignorethe spillover effectsin laterwindow of AB TAC (t).



3 Developmentof a Novel Simultaneous
Estimate Algorithm

A new image-dened SIME method.To expressthe input functionu(t)
we partitionthe time intenval into two regions. An early window anda
late window. In the early windowwe useinformationfrom BTAC and
correctthe partial volume effects, and in the late windowwe t three
bloodsamples This tting avoidsusingthelaterwindow of the BTAC.

Only the reliable information from the early window on the BTAC is
usedfor theestmation.




Datafrom 20 healtly subjectsareusedfor this study

Filteredbackprojectionis usedfor imagereconstructiorjoutof our control)
Eachreconstructedatasetincludes31sliceswith 3:375mmseparatioand
eachslicehas128 128voxelswith resolutionof approximately9:5 mm
full width at half maximum(FWHM).

Thescanningime durationsn minutesfor framesare0:2;8 0:0333 2
0:16670:2;0:5;2 1,2 1.5;3.52 5;10and30.

Sequentialrterial blood samplesare dravn every 5 seconddor the rst
minute, every 10 seconddor the secondminute,every 30 seconddor the
next 2 minutesthenat5, 6, 8, 10, 12, 15, 20, 25, 30, 40, 50and60 minutes,
Ups(tj);] = 1,2, ;34



Summed frames for t<48 seconds, slice 25 to 28
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Neighboring TissueTACs
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12

-& - AIBTAC
—— blood samples
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Considerthetwo windows onthe AIBTAC partitionedat pointt, andonly usethe
earlywindow.

to—actvity startpoint.

t,—timeatwhich actwvity peaks.



Cr () o<t 1y (3)

For agivenc;, unknawnsc,; c; andc, aredeterminedy
®tting the four blood samplesat 10, 20, 30 and 60 min-
utes,andthe point (t; c;  t(t2)) to the decayportion
(t > t,) usingnonlineaneastsquaregNLS).
Equwalently c; is theonly unknowvn in thedetermination

of Ue(t), Ue(t; cy).



Simultaneoushestimatec; andKf); kg); kg), ( Setkg) = 0):

| Xt xh | . 2
min_ wi vi;)) Y a) @ W) ueltyier)
e (D) G) g () _
CiiK Tk 7Kg =1 j=1
subject to
0:015 Ki’ 03 0024 ki’ 054
001 k{’ 02 09 O 1
1.2 ¢ 4

where
|
(i) (i) (i), (0) o
Gi (t) = ue(t; C1) Kitks” , KiTka o iy
i i)

weightw; is setto thetime durationof eachframe,andparameter () is usedto
correctthe spillover from bloodvesselo tissue.



4 Resultsof SIME

Tablel: Parameter®f ue

Subject| c; C2 C3 Ca Subject| ¢ C2 C3 C4

1206 1.87 | 2.02 | -0.64 | 0.28 1241 260 | 7.69 | -1.66 | 0.14

1227 | 3.50 | 3.26 | -1.12 | 0.19 0817 245 | 5.22 | -1.48 | 0.15

1154 | 3.01 | 3.77 | -1.01 | 0.22 1208 1.98 | 3.96 | -1.08 | 0.21

1231 | 2.77 | 855 | -1.91 | 0.12 1245 | 2.10 | 3.83 | -0.71 | 0.25

0827 213 | 3.29 | -0.80 | 0.26 1182 261 | 6.02 | -1.00 | 0.22

1226 | 255 | 3.60 | -0.95 | 0.20 1233 | 260 | 1.57 | -0.74 | 0.24

1264 | 2.24 | 4.39 | -0.82 | 0.23 1078 | 250 | 455 | -0.93 | 0.25

1234 | 245 | 4.89 | -1.25 | 0.21 1086 | 2.35 | 3.76 | -1.02 | 0.20

1191 2.14 | 3.04 | -0.52 | 0.32 1235 1.95 | 6.06 | -1.26 | 0.16

1121 2.28 | 3.56 | -1.16 | 0.19 1229 247 | 240 | -0.65 | 0.29




Estlmated Input Function for Subject0827
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Estimated Input Function for All Subjects
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Validation by Quanti cation
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Table2: Parametersalculatedoy ue / Ups

Subject K1 ko ks
1227 0.121/0.107 | 0.122/0.111 | 0.051/0.057
817 0.110/0.141 | 0.151/0.153 | 0.089/0.064
1154 0.090/0.090 | 0.071/0.075 | 0.055/0.060
1208 0.102/0.097 | 0.076/0.080 | 0.060/0.071
1231 0.116/0.150 | 0.091/0.093 | 0.065/0.049
1245 0.120/0.122 | 0.126/0.139 | 0.070/0.075
827 0.113/0.103 | 0.118/0.099 | 0.067/0.069
1182 0.094/0.100 | 0.050/0.051 | 0.037/0.037
1226 0.116/0.138 | 0.077/0.086 | 0.036/0.032
1233 0.113/0.132 | 0.080/0.085 | 0.060/0.048
1264 0.108/0.128 | 0.070/0.100 | 0.055/0.061
1078 0.109/0.098 | 0.106/0.082 | 0.088/0.091
1234 0.192/0.147 | 0.262/0.193 | 0.115/0.128
1086 0.097/0.095 | 0.094/0.103 | 0.051/0.059
1191 0.114/0.124 | 0.041/0.049 | 0.047/0.050
1235 0.117/0.141 | 0.123/0.125 | 0.056/0.045
1121 0.087/0.090 | 0.057/0.056 | 0.038/0.036
1229 0.088/0.098 | 0.040/0.067 | 0.047/0.065
1241 0.102/0.105 | 0.144/0.129 | 0.087/0.074




macroparameteK is well estimatecascomparedo blood sampledapproach.

micro parametersare reasonablén comparisonandnotethatthe blood samples
may alsonot be correctso precisecomparisons impossible.

parametersf the estimatehave negative decaybut the power is not unity asused
In otherstudiesspeci cally it is nearel0:25 on average.



5 IndependentComponentAnalysisfor the
RO

Assumeinearcombinationof inputandoutput
ABTAC(t) = u(t) +  y(t)

for averagebloodregion TAC, ABTAC(t), andneighbortissues TAC, y(t), [7], K.
Chen,etal.,1998.

Parameters and accountfor partialvolumeandspillover effectsrespecitrely.

Usethreebloodsample®f u(t) tosolvefor and byleastsquares|7], K. Chen,
etal., 1998.

In [7] ABTAC(t) wasobtainedirom manuallyde ned carotidartery

New progressindependen€omponeniAnalysis(ICA)-de ned CarotidArtery.



Statisticaltechniquethatuncovers hiddenindependentactorsin mixed setof sig-
nals.

Herehiddenfactorsarethosefrom bloodvesselnddifferentbraintissues.

Hiddenfactorsare estimatedas linear combinationsof signalsfrom all brain re-
gions.

Positvelinearcoefcients higherthanthresholdz-threshold)ndicatebloodvessel
region.



SoftwareadoptedFMRLAB www.sccn.ucsd.edu/fmrlalbuann,etal., 2002)

De ne acubicalsub-brainvolumethatcontainshe carotidartery
Usethe rst 5 PCAsfor ICA analysis.

SuperimposeachlCA over PETfor the rst 20seconds to identify thatfor blood
vessel.

Correctthe partialvolumeandspillover effects.



Evaluaterobustnes®f the sub-brainvolumesize,shapeandlocation.
Determinethe z-threshold Zinput) for carotidarteryregion de nition.
Determinethe z-threshold Zoutput)for the adjacentissueregion de nition.
Compargheimage-dened Inputfunctionvia ICA to thatby blood sampling.

Comparethe Patlak estimatedCMRgl (K ) with ICA input function to that with
bloodsamplednputfunction.



6 Resultsof ICA de ned ROI : Subvolume




ICA Determined Carotid Artery Region: Whole Brain




blood-sampledand ICA image-dervedinput functions




Voxel-by-voxel CMRgl (K ') comparisonfor onesubject

x-axis: CMRgl with bloodsamplesy-axis: CMRgl with ICA image-dewedu(t).



Global CMRgl comparison (24 subjects)

x-axis: CMRgl with bloodsamplesy-axis: CMRgl with ICA image-dewedu(t).



Voxel-by-voxel CMRgl comparison (24 subjects)




Image-dened input functionsvia both methods hovel simultaneousstimateal-
gorithmandlinear modelwith ICA de ned ROI, areexcellentalternatvesto the
bloodsamplednputfunctions.

Thenovel simultaneougstimatealgorithmcanalsogenerateobustrateconstants,
Kq; k2 and k3.

Thesemethodswill be helpful in our longitudinalstudyof AD andAD risk asso-
ciatedwith apolipoproteirE-4 genotypes.

Essentiato extendthe ICA approacHor microparameteestimation.

Comparisorbetweerthesetwo methodds necessary
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THE END



