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1 Ultimate Goal

An automatedtool for parametricestimationof
brainfunctionfor Alzheimer'sDiseasestudies.



Output Data of OneSlice
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TheReconstructedPETdataover onehour. Time SpaceDynamicsfor slice16
over22 time intervals.



The FDG Tracer Model

Inputu(t)- FDGin blood–measuredbloodsamples;
Outputy(t) = y1(t) + y2(t), FDGandFDG6Pin tissue–fromPETimages.

FDG
(blood)
u(t)

K 1� !
k2 �

FDG
(tissue)
y1(t)

k3� !
k4 �

FDG6P
(tissue)
y2(t) Tissue

_y1 = K 1u(t) � (k2 + k3)y1(t) + k4y2(t)

_y2 = k3y1(t) � k4y2(t): (1)

� K 1 andk2–FDGtransportrate

� k3 andk4 phosphorylationanddephosphorylationrate.

� LCMRglc: K 1 k3
k2 + k3

Cp

LC = K Cp

LC ; a sensitive neuroimagingmarker for AD.

� Givenu(t) andy(t), estimateK 1; k2; k3; k4 andK :



The Solution of the FDG Tracer Model

DenoteK = (K 1; k2; k3; k4),

y(t) = u(t) 

�

c1(K)e� � 1 (K ) t + c2(K)e� � 2 (K ) t
�

;

where
 standfor convolution.

Parameterk4 is setto 0, becauseit is relatively very smallandthescanningtime,
60minutes,is not longenoughto providea reliableestimateof k4, [1]. Then

y(t) = u(t) 

�

K 1k3

k2 + k3
+

K 1k2

k2 + k3
e� (k2 + k3 ) t

�
: (2)

It is easyto solve theproblemto �nd theparametersgiven the input function
u(t) and theoutput function y(t), whenthedataare cleanandequallyspaced!



Issueswith this parameter estimationproblem

1. Expressionfor theinput function- whatis thisexactly?

2. Noisein theoutputSolving theestimationis madedif�cult becausenoise
is corrrelated

3. Clusteringof dataOptimizationis assistedby usingconstraintson thepa-
rameters

4. ModelSimpli�cation Actual modelusedis morecomplicated.

5. CostVolumetricdataanalysisis expensive,

Emphasishereon the input function step



Representative input/output
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Left:inputFunctionu(t);

Right: outputfunctionsy(t) for 6 pixels.

Thedataareonly illustratedthroughtime t21 = 25m.
Thefunctionschangelittle over thelastscanningduration,� t 22 = 30m.



Approximate Input Function–Arterial Blood Samples
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Time Activity Curvesof Blood and TissueRegions
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Time Activity Curveof Blood Region
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2 SomeMethods for Identifying the Input

1. “Golden Standard”, arterialsamplingmethod,causesdiscomfortandrisks some
potentialproblems(arterialthrombosis,arterialsclerosis,andischemiato theex-
tremity).

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

3. Populationbasedinput function, ([3],1993and[4],1997).Fitting arterialor arteri-
alizedvenoussamplesfrom subjectpopulationsamplesto ananalyticalexpression.
Theestimatedinput functiondoesnot show differencesbetweenindividuals.

4. An Imaged-derivedinput function, Only correctspartialvolumeeffectsof theAv-
erageBloodTAC (ABTAC). ([5],1997;[6],2004).



5. Imaged-derived input function correctsboth partial volumeandspillover effects.
([7],1998).LinearModel:

AB TAC (t) = � � u(t) + � � y(t):

6. SimultaneousEstimation,SIME. Two modelsof theinput:

�
u(t) = (A1t � A2 � A3)e� 1 t + A2e� 2 t + A3e� 3 t :

SimultaneouslyestimateAi ; � i andkj by deconvolution, [8],1997. Using
Model (2) for yl (t); l = 1; 2 � � � ; m; to estimatethecommonu(t) if m � 2.
Practicalhumanstudiesdonotshow highqualityestimation,[9],2001.

�
u(t) = � � AB TAC (t) + A � te� �t ;

where� is determinedby threebloodsamplesat 20, 40 and60 minutesby
leastsquares.SimultaneouslyestimateA; � andkj bydeconvolution,[10],2003.
Ignorethespillover effectsin laterwindow of AB TAC (t).



3 Developmentof a Novel Simultaneous
EstimateAlgorithm

A new image-derivedSIME method.To expresstheinput functionu(t)
we partition the time interval into two regions. An earlywindow anda
late window. In the early windowwe useinformationfrom BTAC and
correctthe partial volume effects, and in the late window we �t three
bloodsamples. This �tting avoidsusingthe laterwindow of theBTAC.
Only the reliable information from the early window on the BTAC is
usedfor theestmation.



Data Acquisition

� Datafrom 20healthy subjectsareusedfor thisstudy.

� Filteredbackprojectionisusedfor imagereconstruction(outofour control)
Eachreconstructeddatasetincludes31sliceswith 3:375mmseparationand
eachslicehas128� 128voxelswith resolutionof approximately9:5 mm
full width at half maximum(FWHM).

� Thescanningtimedurationsin minutesfor framesare0:2; 8 � 0:0333; 2 �
0:1667; 0:2; 0:5; 2 � 1; 2 � 1:5; 3:5; 2 � 5; 10and30.

� Sequentialarterial blood samplesaredrawn every 5 secondsfor the �rst
minute,every 10 secondsfor thesecondminute,every 30 secondsfor the
next 2 minutes,thenat5, 6, 8, 10, 12, 15, 20, 25, 30, 40, 50and60minutes,
ubs(t j ); j = 1; 2; � � � ; 34:



Summationof early Frames

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



AverageBlood ROI TAC
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Neighboring TissueROI
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Neighboring TissueTACs
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AIBTAC vs. Blood Samples
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t0–activity startpoint.
t1–timeatwhichactivity peaks.



A Novel Expressionof u(t)

ue(t) =

8
>>><

>>>:

0 t � t0;
c1 � ~u1(t) t0 < t � t2;
c2ec3jt� t2jc4 t > t2;

(3)

For a givenc1, unknownsc2; c3 andc4 aredeterminedby
®tting the four blood samplesat 10, 20, 30 and60 min-
utes,andthe point (t2; c1 � ~u1(t2)) to the decayportion
(t > t2) usingnonlinearleastsquares(NLS).
Equivalently, c1 is theonly unknown in thedetermination
of ue(t), ue(t; c1).



Estimation of the input function

Simultaneouslyestimatec1 andK (i )
1 ; k( i )

2 ; k( i )
3 , ( Setk( i )

4 = 0):

min
c1 ;K ( i )

1 ;k ( i )
2 ;k ( i )

3

mX

i =1

nX

j =1

wj

h
yi (t j ) � � ( i ) � gi (t j ) � (1 � � ( i ) ) � ue(t j ; c1)

i 2
;

subject to

0:015� K (i )
1 � 0:3; 0:024� k( i )

2 � 0:54;
0:01 � k( i )

3 � 0:2; 0:9 � � ( i ) � 1;
1:2 � c1 � 4

where

gi (t) = ue(t; c1) 


 
K ( i )

1 k( i )
3

k( i )
2 + k( i )

3

+
K (i )

1 k( i )
2

k( i )
2 + k( i )

3

e� (k ( i )
2 + k ( i )

3 ) t

!

;

weightwj is setto the time durationof eachframe,andparameter� ( i ) is usedto
correctthespillover from bloodvesselto tissue.



4 Resultsof SIME

Table1: Parametersof ue

Subject c1 c2 c3 c4 Subject c1 c2 c3 c4

1206 1.87 2.02 -0.64 0.28 1241 2.60 7.69 -1.66 0.14
1227 3.50 3.26 -1.12 0.19 0817 2.45 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 8.55 -1.91 0.12 1245 2.10 3.83 -0.71 0.25
0827 2.13 3.29 -0.80 0.26 1182 2.61 6.02 -1.00 0.22
1226 2.55 3.60 -0.95 0.20 1233 2.60 1.57 -0.74 0.24
1264 2.24 4.39 -0.82 0.23 1078 2.50 4.55 -0.93 0.25
1234 2.45 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 2.47 2.40 -0.65 0.29



Estimated 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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ExamineWorst case:subject1234
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Table2: Parameterscalculatedby ue / ubs

Subject K 1 k2 k3

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



Observations

� macroparameterK is well estimatedascomparedto bloodsampledapproach.

� micro parametersarereasonablein comparison,andnotethat the blood samples
mayalsonotbecorrectsoprecisecomparisonis impossible.

� parametersof theestimatehave negative decaybut thepower is not unity asused
in otherstudies,speci�cally it is nearer0:25onaverage.



5 IndependentComponentAnalysisfor the
ROI

� Assumelinearcombinationof inputandoutput

AB TAC (t) = � � u(t) + � � y(t)

for averagebloodregionTAC, ABTAC(t), andneighbortissue'sTAC, y(t), [7], K.
Chen,etal., 1998.

� Parameters� and� accountfor partialvolumeandspillovereffectsrespectively.

� Usethreebloodsamplesof u(t) to solvefor � and� by leastsquares,[7], K. Chen,
etal., 1998.

� In [7] ABTAC(t) wasobtainedfrom manuallyde�ned carotidartery.

� New progress,IndependentComponentAnalysis(ICA)-de�ned CarotidArtery.



ICA Theory

� Statisticaltechniquethatuncovers hiddenindependentfactorsin mixedsetof sig-
nals.

� Herehiddenfactorsarethosefrom bloodvesselanddifferentbraintissues.

� Hiddenfactorsareestimatedaslinear combinationsof signalsfrom all brain re-
gions.

� Positivelinearcoef�cients higherthanthreshold(z-threshold)indicatebloodvessel
region.



ICA Procedure

Softwareadopted:FMRLAB www.sccn.ucsd.edu/fmrlab(Duann,etal., 2002)

� De�ne a cubicalsub-brainvolumethatcontainsthecarotidartery.

� Usethe�rst 5 PCAsfor ICA analysis.

� SuperimposeeachICA overPETfor the�rst 20seconds- to identify thatfor blood
vessel.

� Correctthepartialvolumeandspillovereffects.



ICA SettingDetermination and Validation

� Evaluaterobustnessof thesub-brainvolumesize,shapeandlocation.

� Determinethez-threshold(Zinput) for carotidarteryregion de�nition.

� Determinethez-threshold(Zoutput)for theadjacenttissueregion de�nition.

� Comparetheimage-derivedInput functionvia ICA to thatby bloodsampling.

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



6 Resultsof ICA de�ned ROI : Subvolume



ICA DeterminedCarotid Artery Region: Whole Brain



blood-sampledand ICA image-derived input functions



Voxel-by-voxel CMRgl (K ) comparisonfor onesubject

x-axis: CMRgl with bloodsamples;y-axis: CMRgl with ICA image-derivedu(t).



Global CMRgl comparison(24subjects)

x-axis: CMRgl with bloodsamples;y-axis: CMRgl with ICA image-derivedu(t).



Voxel-by-voxelCMRgl comparison(24subjects)



Conclusion

� Image-derived input functionsvia both methods,novel simultaneousestimateal-
gorithm andlinear modelwith ICA de�ned ROI, areexcellentalternativesto the
bloodsampledinput functions.

� Thenovel simultaneousestimatealgorithmcanalsogeneraterobustrateconstants,
K 1; k2 andk3.

� Thesemethodswill behelpful in our longitudinalstudyof AD andAD risk asso-
ciatedwith apolipoproteinE-4genotypes.

� Essentialto extendtheICA approachfor microparameterestimation.

� Comparisonbetweenthesetwo methodsis necessary.



References

[1] S.-C.Huang,M. E. Phelps,E. J. Hoffman,K. Sideris,C. J. Selin,andD. E.
Kuhl, “Noninvasivedeterminationof localcerebralmetabolicrateof glucose
in man”, Am.J. Physiol., vol. 238,no.E, pp.69–82,1980.

[2] M. E. Phelps,S. C. Huang,E. J.Hoffman,C. E. Selin,andD.E. Kuhl, “To-
mographicmeasurementof localcerebralglucosemetabolicratein manwith
(18F) �uorodeoxyglucose:Validationof method”, Ann.Neurol., vol. 6, pp.
371–388,1979.

[3] S. Takikawa, V. Dhawan, P. Spetsieris,W. Robeson,T. Chaly, R. Dahl,
D. Margouleff, andD. Eidelberg, “Noninvasive quantitative �uorodeoxyglu-
cosePETstudieswith anestimatedinput functionderivedfrom apopulation-
basedarterialbloodcurve”, Radiology, vol. 188,pp.131–136,1993.

[4] S.Eberl,A. R. Anayat,R. R. Fulton,P. K. Hooper, andM. J.Fulham,“Eval-
uationof two populationbasedinput functionsfor quantitative neurological
FDGPETstudies”,Eur. J. Nucl.Med., vol. 24,pp.299–304,1997.



[5] J.-E.Litton, “Input function in PET brain-studiesusingMRI de�ned arter-
ies”, J. Comp.Ass.Tom., vol. 21,no.6, pp.907–909,1997.

[6] M. Liptrot, K. H. Adams,L. Martiny, L. H. Pinborg, M. N. Lonsdale,N. V.
Olsen,S. Holm, C. Svarer, andG. M. Knudsen,“Clusteranalysisin kinetic
modellingof thebrain: a noninvasive alternative to arterialsampling”, Neu-
roimage, vol. 21,no.2, pp.483–493,2004.

[7] K. Chen,D. Bandy, E.Reiman,S.-C.Huang,M. Lawson,D. Feng,L.-S.Yun,
andA. Palant, “Noninvasive quanti�cationof thecerebralmetabolicratefor
glucoseusing positronemissiontomography, 18F-�uorodeoxyglucose,the
Patlakmethod,andanimage-derived input function”, J. Cereb. BloodFlow
Metab., vol. 18,pp.716–723,1998.

[8] D. G. Feng,K.-P. Wong,C.-M. Wu, andW.-C.Siu, “A techniquefor extract-
ing physiologicalparametersandtherequiredinput functionsimultaneously
from PETimagemeasurements:Theoryandsimulationstudy”, IEEETrans.
Inform.Technol.Biomed., vol. 1, no.4, pp.243–254,1997.



[9] K.-P. Wong,D. Feng,S.R.Meikle,andM. J.Fulham,“Simultaneousestima-
tion of physiologicalparametersandthe input function- In vivo PETdata”,
IEEETrans.Inform.Technol.Biomed., vol. 5, no.1, pp.67–76,2001.

[10] S. M. Sanabria-Bohorquez,A. Maes,P. Dupont,G. Bormans,T. de Groot,
A. Coimbra,W. Eng,T. Laethem,I. De Lepeleire,J. Gambale,J. M. Vega,
andH. D. Burns, “Image-derivedinput functionfor [11C] �umazenil kinetic
analysisin humanbrain”, Mol. Imag. Biol., vol. 5, no.2, pp.72–78,2003.



THE END


