






[image: PDFHALL.COM]






Menu





	 maison
	 Ajouter le document
	 Signe
	 Créer un compte







































Identification of the hemodynamic response in fMRI

May 26, 2009 - Linear system: OK for ISIs > 2s. Stationary system: â€œsame cause same effectâ€�. Multiple condition designs: between-condition variability. 

















 Télécharger le PDF 






 30MB taille
 3 téléchargements
 383 vues






 commentaire





 Report




















Identification of the hemodynamic response in fMRI Part I: voxelwise approaches P. Ciuciu1,2 [email protected]



1: CEA/NeuroSpin/LNAO



May 26, 2009



www.lnao.fr



2: IFR49



JIRFNI- “advanced course”, Marseille



The BOLD signal
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Neuronal activation 7T



3T



Measured 4D signal : BOLD = Blood Oxygenation Level Dependent signal May 26th, Marseille



Brain dynamics in BOLD fMRI Probe brain dynamics non-invasively



stimulus



neuronal activity
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? [Ogawa et al, 1990,1992]



metabolism + hemodynamics



electromagnetic activity



EEG / MEG



BOLD fMRI May 26th, Marseille



Brain dynamics in BOLD fMRI Probe brain dynamics non-invasively



stimulus
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?



neuronal hemodynamic response metabolism + hemodynamics activityfunction (HRF)



parametric HRF [Friston et al, 1994; Glover et al, 1999] non-parametric HRF [Goutte et al, 2000; Marrelec et al, 2003]



non-stationary linear model [Donnet et al, 2006] Balloon model [Buxton et al, 1998; Friston, 2000; Buxton et al, 2004]



BOLD fMRI May 26th, Marseille
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Brain dynamics in diffusion fMRI Probe brain dynamics non-invasively



stimulus



neuronal activity



? [Le Bihan et al, 2006; Miller et al, 2008]



cell swelling + water diffusion + vascular contrib.



electromagnetic activity



EEG / MEG



dw-fMRI May 26th, Marseille



Brain dynamics in fMRI
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Why is it important? Elucidate neural code: Extract temporal information (magnitude, delay, width) Study variability between conditions or tasks Study non-linear or non-stationary effects Reflect subject's strategy or performance Between subject variability Complementary analysis of electromagnetic modalities



May 26th, Marseille



Brain dynamics in fMRI
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Not straightforward Sluggishness of the BOLD signal Discriminate hemo- and neurodynamics events Contrast conditions BOLD fMRI vs. dw-fMRI?



Account for variability sources:



Within-subject (session, region, ...) Between-subjects



Depend on the experimental paradigm Slow or fast event-related design Random or fixed design, ...



May 26th, Marseille
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Outline I. Objectives II. Standard techniques III. Regularized FIR models IV. Conclusions



May 26th, Marseille
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Objectives Why estimating the hemodynamic response? Quantitative analysis for inference about neuronal activity Account for sources of variability Improved detection of activated brain areas Compare BOLD fMRI sequences (eg, EPI vs EVI) Compare experimental paradigms EEG/fMRI fusion ...



May 26th, Marseille



Extract temporal information



●



Understanding the chronology of activations in single trial fMRI experiments Inferring the causality of underlying neural processes [Kruggel & von Cramon, 1999]



AICL (9.8 s)



ThR (8.34 s)



FOCL ( 9.66 s) HGL (6.98 s)



% signal change



●
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Delay



Time (sec)



ThL (8.49 s) Delays (sec):



MTGR (8.24 s)



HGL ~HG RMTG R ~ThR~ThL FOC L



[Saad et al 2001; Liao et al, 2002; Henson et al, 2002] May 26th, Marseille
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Delay mapping



early (3s)



late (10 s)



Comparison of the HRF time to peak between voxels [Rabrait, Ciuciu et al, ISMRM '06] May 26th, Marseille
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Sources of variability Subject, session



Subject 1 less variable



[Aguirre et al, NIM 1998]



Subject 2 most variable
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Outline I. Objectives II. Standard techniques III. Regularized FIR models IV. Conclusions



May 26th, Marseille
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Classical fMRI analysis 1. Detect and localise brain activations Ex: In SPM [Friston et al, 1994], the BOLD response is modelled with:



or



Compute statistical activation Maps



2. Estimate the dynamics of activation



[Goutte et al, IEEE TMI 2000; Marrelec et al, HBM 2003] HRF estimates



Probe brain dynamics Time s May 26th, Marseille
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Event-related averaging or FIR Event-related fMRI peristimulus time (PST)



Ability to average responses in



Selective Averaging:



For all trials of a given condition, average a specific number of time points before & after the onset (PST)



Finite Impulse Response (FIR) modeling



Specific GLM: each point in PST defines a separate regressor of stick (or delta basis) function removes all other modelled effects (confounds & effects of other conditions)



Comparison in terms of:



Robustness to recover the true shape Design efficiency & choice May 26th, Marseille
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ER averaging Implicit assumptions on the BOLD response



Linear system: OK for ISIs > 2s. Stationary system: “same cause same effect”. Multiple condition designs: between-condition variability cancelled out (for randomised event orders only!) Crucial baseline definition: signal averaging before the onset! Timing window ...



Underlying assumptions on the noise



Random noise assumed to cancel out over repeated trials



Performance depend on the design (ISI distribution)



May 26th, Marseille
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FIR modelling Explicit assumptions on the BOLD response Hyp. 1: linearity



Hyp 2: stationarity



+



Convolution kernel



[Aguirre et al, 1998; McGonigle et al, 2000; Smith et al, 2005]



Hyp 3: additivity



Time in s TR 2TR3TR ...



[Ciuciu et al, 2003; Makni et al, 2008] May 26th, Marseille



FIR modelling
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Design matrix for estimating the evoked BOLD response



May 26th, Marseille



FIR modelling
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Design matrix for estimating the evoked BOLD response



May 26th, Marseille
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FIR fitting procedure Least squares solution (white Gaussian noise)



Maximum likelihood solution:



Noise structure modelling & estimation
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Actual fMRI experiments “Asynchronous” paradigms (jittering)



May 26th, Marseille



over-sampled FIR model
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Design matrix for estimating a single HRF 3 events



May 26th, Marseille



over-sampled FIR model
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Design matrix for estimating a single HRF 3 events



May 26th, Marseille
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Actual fMRI experiments Possible extension to multisession datasets HRF fixed across sessions Session-varying low frequency fluctuations Session-dependent noise statistics Fixed effect model:



Noise assumptions homoscedasticity: heteroscedasticity:



Alternative: Random effect model Session dependent HRF Test HRF mean over sessions



May 26th, Marseille



FIR estimation efficiency
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May 26th, Marseille
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Direct comparison: simulations



[Serences, NeuroImage, 2004]



Simulated experiments conditions



using



a



gamma



HRF



&



4



Independent event ordering (Random) Fixed event ordering (event A always followed by event B) “Partial” event ordering (30% omissions of event B)



Each experiment at different jitter ranges (always jittered)



Exponential ISI pdfs more efficient than uniform ones [Dale, 1999; Buracas&Boynton, 2002]



May 26th, Marseille
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Direct comparison: simulations Evoked responses



More robust estimates with FIR modelling May 26th, Marseille
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ER averaging or FIR modelling A question of experimental design! Selective averaging procedure is adapted to: sparse ER designs (long ISIs > 20s) or ISI>6s and strictly randomised order



OTHERWISE



[Dale, 1999; Worldoff, 1993]



Deconvolution or FIR modelling procedure:



More accurate in presence of sequential dependencies Preferable across a wide range of experimental paradigms Estimation efficiency of deconvolution depends on ISI jittering and order randomisation [Ollinger et al, 2001a, 2001b; Serences, NeuroImage, 2004]
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Outline I. Objectives II. Standard techniques III. Regularized FIR models IV. Conclusion



May 26th, Marseille
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Bayesian inference



likelihood



Posterior distribution



Prior distribution



evidence



May 26th, Marseille
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Bayes’ rule likelihood



How the data are generated from the HRF? Forward modeling



May 26th, Marseille
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Forward BOLD signal model Unknown parameters HRF



= = BOLD signal measured in voxel



⊗ Arrival time of stimulus



Drift



+



Noise statistics in voxel



+ +



Orthonormal basis for low frequency drift modelling



Known parameters



May 26th, Marseille
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Likelihood definition Main hypothesis: noise decorrelated in space fMRI time series are statistically independent in space:



Temporal noise model: either white or serially correlated AR(1)



[Marrelec et al, HBM 2003; Ciuciu et al, IEEE TMI 2003]



May 26th, Marseille
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Noise modeling Temporal information White or correlated in time using autoregressive (AR) model [Kershaw et al, 1999; Woolrich et al, NIM 2001; Penny et al NIM 2003]



scans i.i.d.



AR(1)



Covariance matrix



scans Statistically Gaussian or heavy-tailed (-stable, GMM) May 26th, Marseille
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Bayes’ rule Prior



What do we know about the HRF before the data are acquired? Prior modeling



May 26th, Marseille
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HRF prior modelling Parametric approaches



canonical HRF



Canonical HRF: SPM [Friston et al, 1994] One function, several parameters ➔ ➔ ➔



Poisson functions: [Friston et al, 1994] Gamma functions: [Boyton et al, 1996] Gaussian functions: [Rajapakse et al, 1998; Kruggel & von Cramon, 1999; Kruggel et al, 2000]



May 26th, Marseille
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HRF prior modelling Function basis



[Friston et al, NIM 1998]



➔



Gamma function and its derivative(s)



➔



polynomial/spline functions:



[Genovese, JASA 2000; Gössl et al, NIM 2001; Gibbons et al, 2004] ➔



Half-cosine parameterization:



[Woolrich et al, NeuroImage 2004] May 26th, Marseille
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HRF prior modelling [Marrelec, Ciuciu et al, IPMI’03; Ciuciu et al., 2003]



Nonparametric approach: smoothing prior



May 26th, Marseille
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Drift modelling Parametric approaches Linear subspace spanned by DCT basis function: [Friston et al, 2000] ➔ A set of polynomial basis function: [Worsley et al, 2000] Wavelet subspace: [Meyer, 2003] ➔



Reduce autocorrelation in the residual noise process



May 26th, Marseille
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Drift modelling Nonparametric approach ●



Exploratory basis: Friemman et al (2004) ➔ ➔



Spatial extent of drift components Slow variation High autocorrelation



Apply Canonical Correlation Analysis: find underlying signal in fMRI data with maximum autocorrelation



May 26th, Marseille
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Bayes’ rule



What do we know about the HRF given the data? Keystone of learning scheme



May 26th, Marseille
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Bayesian HRF estimate Closed-form MAP estimate



Alternative Marginal MAP estimate:



May 26th, Marseille
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Drift & hyper-parameters Drift nuisance variables & hyper-parameters



Deterministic parameters: Maximum likelihood estimation EM or ECM algorithm



[Ciuciu et al, IEEE TMI 2003]



Drift parameters as random variables: marginalization



[Marrelec, Ciuciu, IEEE TMI 2004]



Hyper-parameters as random variables: combine marginalization & posterior inference using sampling



[Marrelec et al, HBM 2003] May 26th, Marseille



FIR vs. regularized FIR
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[Casanova et al, NeuroImage, 2008]



Increased temporal resolution with regularization Time-to-peak



Height



Width



Root Mean Square Error



FIR



Deterministic regularized FIR



“Bayesian regularized FIR” May 26th, Marseille



FIR vs. regularized FIR Exp. ITI pdf ITImean=3s



Time-to-peak



Height



Width
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Root Mean Square Error



FIR



Deterministic regularized FIR



“Bayesian regularized FIR”



Little impact of noise autocorrelation for short ISIs



May 26th, Marseille



FIR vs. regularized FIR Time-to-peak



Exp. ISI pdf ITImean=10s



Height



Width
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Root Mean Square Error



FIR



Deterministic regularized FIR



“Bayesian regularized FIR”



Stronger impact of noise autocorrelation for long ITIs irrespective of the method May 26th, Marseille



FIR vs. regularized FIR Time-to-peak



Various ITI densities FIR



Height



Width
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Root Mean Square Error



Deterministic regularized FIR



“Bayesian regularized FIR”



Regularization increases estimation efficiency at fixed ITI and performs even better using random designs May 26th, Marseille



FIR vs. regularized FIR



Bayesian approach: larger regularization parameters & smoother HRF estimates (low SNR & short ITImean)
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May 26th, Marseille
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FIR/regularized FIR: real data



[Casanova et al, NeuroImage, 2008]



Average HRF estimate



Standard FIR estimates: unstable for TR/4 temporal grid Regularized FIR models: similar & meaningful results May 26th, Marseille
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Improved detection Better sensitivity



[Marrelec et al, HBM, 2003]



Visuo-motor periodic paradigm HRF estimation + activation detection DLPC



CMA+PMA



lPPC+rPPC



Activation detection using a canonical HRF



regularized FIR model in a Bayesian approach May 26th, Marseille
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Results on real fMRI datasets



May 26th, Marseille
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Improved detection Better sensitivity



[Ciuciu et al, ISBI, 2002]



GLM built using HRF estimate



GLM built upon canonical HRF



May 26th, Marseille



Improved detection
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More sensitive tests using HRF estimates: bilateral activation for (sound – silence) contrast May 26th, Marseille
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Summary Temporal resolution:



HRF estimation more accurate using finer temporal grids Gain achieved only for regularized FIR models Gain achieved only for random designs



Robustness to noise autocorrelation:



HRF estimate robust for designs involving short ITIs Loss of robustness using longer ITI distributions Necessary to account for noise autocorrelation modelling



Design selection & ITI distribution



Each method gives similar results for geometric, exp. & uniform designs Regularization produces more accurate results Don't use fixed ITI even using regularized methods



May 26th, Marseille
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Outline I. Objectives II. Standard techniques III. Regularized FIR models IV. Conclusion



May 26th, Marseille
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Conclusions Precise estimation of the evoked BOLD response Efficient & random design Reasonable Signal-to-Noise ratio Regularization necessary



FIR modelling



Sufficient for ITI > 2s. Otherwise: inadequate to capturing non-linear effects Able to account for trial-by-trial variability



Voxelwise HRF estimation approaches



Computationally costly Only a scanner induced spatial resolution ... Less robust than regionwise counterparts



May 26th, Marseille



References



57/58



Aguirre et al (1998). Neuroimage 8:360–369. Birn et al (2000). Neuroimage 14:817–826. Birn et al (2005). Neuroimage 27:70–82 Boynton et al (1996). J Neurosci 16(13):4207–4221. Buckner et al (1996). Proc Natl Acad Sci U.S.A. 93:14878–14883. Buckner (1998). Hum Brain Mapp 6:373–377. Burock & Dale (2000). Hum Brain Mapp 11:249–260. Buxton et al (2004). Neuroimage 23:S220–S233. Chen et al (2004). Neurcomputing 61:395–400. Ciuciu et al (2003). IEEE Trans Medical Imag 22:1235–1251. Donnet et al (2006). NeuroImage. 31:1169-1176. Deneux & Faugeras (2006). NeuroImage. 32(4): 1669-1689. D'Esposito et al (1999). Neuroimage 10:6–14. D'Esposito et al (2003). Nat Rev Neurosci 4:863–872. Ford et al (2005). Neuroimage 26:922–931 Friston et al (1994). Hum Brain Mapp 1:153–171. Friston et al (1998). Neuroimage 7:30–40 Friston et al (2000). Neuroimage 12:466–477. Genovese (2000). J Amer Statist Assoc 1995:691–719. Gibbons et al (2004). Neuroimage 22:804–814. Glover et al (1999). Neuroimage 9:416-429. Gössl et al (2001a). Biometrics 57:554–562. Gössl et al (2001b). Neuroimage 14:140–148. Goutte et al (2000). IEEE Trans Medical Imag 19:1188–1201. Handwerker et al (2004). Neuroimage 21:1639–1651. Hansen et al (2004). Neuroimage 23:233–241. Henson et al (2002). Neuroimage 15:83–97. May 26th, Marseille



References



58/58



Kershaw et al (1999). IEEE Trans Medical Imag 18:1138–1153. Kruggel & Von Cramon (1999a). Magn Reson Med 42:787–797. Kruggel & Von Cramon (1999b). Hum Brain Mapp 8:259–271. Kruggel et al (2000). Neuroimage 12:173–183. Liao et al (2002). Neuroimage 16:593–606. Logothetis (2003). J Neurosci 23:3963–3971. Logothetis et al (2001). Nature 412:150–157. Makni et al (2005). IEEE Trans Signal Process 53(9):3488–3502. Marrelec et al (2003) Hum Brain Mapp 19:1–17. Marrelec et al (2004). IEEE Trans Medical Imag 23:959–967. McGonigle et al (2000). Neuroimage 11:708–734. Miezin et al (2000). Neuroimage 11:735–759. Neumann et al (2003). Neuroimage 19:784–796. Neumann et al (2006). Neuroimage 32(3): 1185-1194. Penny et al (2003). NeuroImage. 19(3): 727-744. Penny et al (2005). NeuroImage. 24(2): 350-362. Rajapakse et al (1998). Hum Brain Mapp 6:283–300. Richter & Richter (2003). Neuroimage 20:1122–1131. Riera et al (2004). NeuroImage 21(2): 547--567. Saad et al (2001). Hum Brain Mapp 13:74–93. Smith et al (2005). Hum Brain Mapp 24:248–257. Vazquez et al (1998). Neuroimage 7:108–118. Woolrich et al (2004a). Neuroimage 21:1732–1747. Woolrich et al (2004b). Neuroimage 21:1748–1761. Woolrich et al (2004c). IEEE Trans Medical Imag 23:213–231. Woolrich et al (2005). IEEE Trans Medical Imag 24(1): 1-11 Worsley & Friston (1995). Neuroimage 2:173–181. Worsley et al (2002). NeuroImage. :15(1): 1-15. May 26th, Marseille



59/58



V.2 Nonstationary model of the BOLD response [Donnet et al. 04] Modeling the trial by trial variability fMRI time series M



Jm



Unknown HRF



Gaussian noise



Q



y t n = ∑m=1 ∑ j=1  mj ht n−mj ∑q=1 T q t nlqt n 



Magnitude level of the jth trial of event type m



Nuisance variables Arrival times of the jth trial of event type m



Need to estimate the unknown parameters:{ mj },h ,{lq}, Smoothness constraint on the HRF:



2



t



h R hC reg



[Goutte et al. 00, Marrelec et al. 03] May 26th, Marseille
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V.2 Estimation issues ●



P ={mj } Parameter estimation problem for –



MP ,0



: model with constant magnitudes: regularized least square criterion M P ,1



–



: model with trial-varying magnitudes:



ML estimation problem using EM-like algorithms et al. 02] ●



M



P ,0



Model selection problem



or MP ,1



[Delyon







P P family for a given



–



Choose the best model ∗ size P P



–



Identify which event types should belong to



–



Select the best family



of



by varying the dimension P May 26th, Marseille
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V.2 Modeling the trial magnitudes P ●



is a p-dimensional family of event types: Model with constant magnitudes: M P ,0=



{



mj with m ≠0



M P ,0



~ N m ,V m  ∧ V m =0 if m∈P



} M P ,1



M P ,1= ●



{



 mj with m ≠0



~ N m , V m  ∧ V m ≠0 if m∈P



}



Model with trial-varying magnitudes:



mj =0 if m∉P May 26th, Marseille
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Extract temporal information [Donnet et al., ISBI 2004]



Predicted time series with a convolution model



Predicted time series by a non-stationary model



same fMRI time course May 26th, Marseille



Extract temporal information
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Response magnitude



Response magnitude



Responses to right button click



HRF estimate HRF estimate Responses to visual stimulus



Standard deviation



Time in s



Trial magnitude Data from left motor cortex [Donnet et al., NIM 2006]
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Noise modeling [Vincent et al, ICASSP'07]



Spatial information Independent or correlated in space (spatial AR model)



No spatial prior



Multivariate GRF prior



[Woolrich et al, IEEE TMI, 2004] May 26th, Marseille
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