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Introduction
While a canonical form of the haemodynamic response function (HRF) is often used in
fMRI data analysis, subject specific HRF has been shown to give greater sensitivity to
activation [1]. The most basic and simplest way to acquire individual HRF is the timelocked approach which applies a short-duration stimulus, followed by a long period of
rest, and observe the signal change over time. Several cycles are repeated for time-locked
averaging to improve signal-to-noise (SNR). The disadvantage of time-locked approach is
its inefficiency and also it assumes subjects’ attention and response, and the invoked HRF
being consistent throughout the scan.

Theory
Here we approximate the HRF by Coiflet 4 wavelets, since empirically it gives the sparest
transform of canonical HRF (made with sum of two gamma functions [2]) and the true
HRF is assumed sparse under wavelet transform. (Sparsity means having many zero or
very close to zero entries in a vector.) In other words, wavelet coefficients of HRF comprise
only a few spikes. It has been shown that using l1 norm can preserve spikes in the signals
under deconvolution. [3] The proposed technique deconvolves HRF from actual fMRI data
by solving the following optimization problem:
minimize kW hk1

where h ∈ Rn is the unknown HRF,

subject to y = Dh

Wh ∈ Rn is the discrete wavelet transform of h,
vector y ∈ Rm is the fMRI magnitude data,
D ∈ Rm×n is a convolution matrix.

h

Figure 1. (a) Jittered ER stimulus timing (1 = task, 0 = rest). (b)
Ideal fMRI response resulting from convolution of stimulus timing
from (a) and canonical HRF (Figure 2a). (c) Noisy fMRI response
(SNR = -10dB) approximated from adding ideal response in (b)
and uncorrelated Gaussian noise.

Figure 2. (a) Canonical HRF approximated by two gamma
functions. (b) Discrete Coiflet 4 wavelet coefficients of
canonical HRF (from (a) shown as blue circles) and from
deconvolution of a jittered ER paradigm corrupted with
noise (SNR = -10dB).

Figure 3 shows deconvolution results in both noise levels under the three types of input stimuli. The proposed deconvolution technique agrees with the input canonical HRF (hcanonical )
quite well. Error ε is defined as ε , 20 log10 khcanonical − hk/khcanonical k. The mean error
shown in Figure 3 are the averages of the 200 simulations.

(1)

To accommodate for actual fMRI noisy measurements, problem (1) is rewritten as unconstrained optimization,
minimize kW hk1 + λ1ky − Dhk2
h

subject to k 53 hk1 ≤ 
h(1) = h(n) = 0
E Th ≤ 0

(2)

The first constraint is to enforce smoothness, the second constraint is to set first and last
points of HRF to be 0, and the last constraint is to impose the tail portion of HRF to be
nondecreasing by enforcing it to belong to the monotone nonnegative convex cone [4].

Methods
Simulations
A canonical HRF composed of two gamma functions is used as true HRF. Three types of
stimulus designs:

Figure 3. Deconvolution results under (a) low noise (0dB) and (b) high noise (-10dB) simulations.

in vivo Results
Figure 4 shows the pixelwise median reference-HRF and its standard deviation (gray
bounds) for the highlighted ROI from one subject. Time-series from ER-design were extracted to deconvolve HRF by the proposed technique. The median-deconvolved HRFs
and standard deviation bars are overlaid on the respective reference-HRF in Figure 4.

1. event-related (ER) design (1s on) with fixed inter-stimulus-interval (ISI) of 29s,
2. jittered ER design with nonuniform ISI (average ISI = 11.8s), and
3. block design: nine on/off blocks (30s/30s).
Two levels of gaussian random noise are added such that the resulting SNR are 0dB (low
noise) and -10dB (high noise). Each simulation is run 200 times.
in vivo experiments
Six subjects were enrolled. Each took part in two scans at a 1.5T (GE,Signa) scanner:
• HRF calibration experiment: measured HRF directly by applying ER design with fixed
ISI (1s on, 29s off, 20 cycles).
• jittered ER experiment: used the same stimulus onset timing as in the simulation: 1s on,
average ISI = 11.8s, total scan time = 512s.
Eight oblique slices were collected with single-shot spiral-out trajectory and scanning parameters: TR/TE/α/matrix size/FOV = 1s/40ms/70o/64×64/20cm. Linear shim corrections, concomitant field effects and navigator corrections were performed on raw data. [5-6]
Second-order polynomials were first detrended from the pixelwise time-series of all data to
remove signal drifts. Data from the HRF calibration was synchronously averaged over all
stimulus-cycles to generate a reference HRF, while data from the second experiment was
used to deconvolve HRF using the proposed technique.

Figure 4. Pixelwise-median reference-HRF
(blue) and standard deviation (gray bounds)
with deconvolved HRF (black) from a visual
stimulus.

Figure 5. Activation maps (t-score>4) using (a) deconvolved HRF, (b)
canonical HRF, and (c) canonical HRF + derivative as reference.

Figure 5 shows activation maps from 1 volunteer using (a) HRF proposed deconvolution
method, (b) canonical HRF, (c) canonical HRF + derivative as reference during the jittered
ER experiment.

Discussion
Simulation and in vivo experiments show that our technique can estimate HRF from actual
scan-data just as well as it can by performing an impulsive HRF measurement; in other
words, we can dispense separate measurement of HRF and recover additional signal from
the subject’s own HRF as shown in Figure 5.

Results
Simulation Results
Figure 1 shows (a) one jittered ER stimulus timing, (b) an ideal fMRI response, and (c)
ideal response corrupted with high noise (SNR = -10dB). Figure 2 illustrates (a) canonical
HRF, (b) its discrete wavelet transform (DWT) coefficients, and one example of DWT
coefficients from deconvolved HRF under high noise in jittered ER stimulation.
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