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Dynamic Magnetic Resonance Inverse Imaging of Human
Brain Function
Fa-Hsuan Lin,1,2* Lawrence L. Wald,1,2 Seppo P. Ahlfors,1,2 Matti S. Hämäläinen,1,2
Kenneth K. Kwong,1,2 and John W. Belliveau1,2
MRI is widely used for noninvasive hemodynamic-based functional brain imaging. In traditional spatial encoding, however,
gradient switching limits the temporal resolution, which makes
it difﬁcult to unambiguously identify possible fast nonhemodynamic changes. In this paper we propose a novel reconstruction approach, called dynamic inverse imaging (InI), that is
capable of providing millisecond temporal resolution when
highly parallel detection is used. To achieve an order-of-magnitude speedup in generating time-resolved contrast estimates
and dynamic statistical parametric maps (dSPMs), the spatial
information is derived from an array of detectors rather than by
time-consuming gradient-encoding methods. The InI approach
was inspired by electroencephalography (EEG) and magnetoencephalography (MEG) source localization techniques. Dynamic MR InI was evaluated by means of numerical simulations.
InI was also applied to measure BOLD hemodynamic time
curves at 20-ms temporal resolution in a visual stimulation
experiment using a 90-channel head array. InI is expected to
improve the time resolution of MRI and provide increased ﬂexibility in the trade-off between spatial and temporal resolution
for studies of dynamic activation patterns in the human
brain. Magn Reson Med 56:787– 802, 2006. © 2006 Wiley-Liss,
Inc.
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Single-shot fast MRI with 1–3-s time resolution has been
the principal technology for functional MRI (fMRI) (1– 4).
This time resolution is adequate for observing hemodynamic responses (HDRs), which are secondary to the much
faster neural activity (5). Because of its high spatial resolution, noninvasiveness, and ﬂexibility of contrast preparation, MRI has also been considered for its potential to
further detect fast, nonhemodynamic functional changes
related to human brain activity (6,7). However, efforts to
identify suitable MRI contrast mechanisms have been
hampered by the lack of required temporal resolution.
Ultrafast MRI (100 frames per second or more) is a mandatory tool for testing any novel direct neuronal contrast
mechanisms. It may not be possible to discern a contrast
change that occurs and then disappears on a 10-ms scale
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without an imaging technique with similar temporal resolution. Thus, a fast imaging technique with millisecond
temporal resolution is indispensable as the prerequisite for
allowing MR to probe direct neural contrast mechanisms.
In traditional Fourier MRI, the temporal resolution is
constrained by the k-space traversing scheme used to spatially encode the data. Echo-planar imaging (EPI) (8) and
spiral imaging (9) utilize switching gradients to achieve
k-space traversing at a faster imaging rate than gradientecho or spin-echo imaging. With state-of-the-art technology, 2D single-slice T2*-weighted images can be obtained
in approximately 80 ms by EPI or spiral imaging. This
allows whole-head coverage with 3-mm isotropic resolution in 2–3 s. Modest improvements can be made by optimizing the k-space sampling and reconstruction methods.
For example, instead of completing the k-space traversal
for every measurement, accelerated MR data acquisition
can be achieved by various alterations of the k-space trajectories and the associated image reconstruction algorithms, such as partial k-space sampling (10). Alternatively, a priori information-based methods can also
improve the temporal resolution of MR dynamic measurements (11) with various implementations, such as keyhole
imaging (12), singular value decomposition (SVD) MRI
(13), and wavelet-encoded MRI (14). Rather than a direct
measurement, it has been demonstrated that manipulating
experimental design can obtain fMRI with millisecond
temporal resolution (15).
Parallel MRI methods using spatial information derived
from the spatial distribution of the coils in the array have
been proposed to accelerate MRI scanning. These include
the k-space simultaneous acquisition of spatial harmonics
(SMASH) (16), generalized autocalibrating partially parallel acquisitions (GRAPPA) (17), and image domain sensitivity encoding (SENSE) (18) methods, all of which share a
similar theoretical background (19). Parallel MRI accelerates image data acquisition at the cost of a reduced signalto-noise ratio (SNR). The temporal acceleration rate is
limited by the number of coils in the array and by the
phase-encoding schemes used, and typically acceleration
factors of 2 or 3 are achieved. Incorporating a static image
as prior information has been shown to further improve
the sensitivity of fMRI using a parallel MRI technique (20).
The attainable acceleration in parallel MRI is limited by
the available independent spatial information among the
channels in the array. Mathematically, the parallel MRI
image reconstruction requires solving an overdetermined
linear system using this spatial information. Advances in
the coil array design with more channels can increase the
acceleration rate in parallel MRI. Recently, optimized head
coil arrays have been extended from eight-channel (21) to
16-channel (22) and 23-, 32-, and 90-channel (23,24) ar-
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rays. Interestingly, the geometric conﬁguration of our 90channel head array is similar to that of the electrodes or
superconductive quantum interference device (SQUID)
sensors in modern EEG and MEG systems (25). The MEG
sensors detect magnetic ﬁelds generated by neural currents
(25), while MRI detects oscillating electromagnetic ﬁelds
from magnetization precession (26). Whereas MEG derives
all of its spatial information from the geometry of the
detector array, accelerated MRI still relies heavily on gradient encoding.
Recently, a dedicated 64-channel linear planar array was
developed to achieve 64-fold acceleration using singleecho acquisition (SEA) and SENSE reconstruction (27).
The SEA approach depends on the linear array layout and
localized RF coil sensitivity in individual channels to
eliminate the phase-encoding steps required in conventional imaging. The challenge of this approach is the limited sensitivity in the perpendicular direction to the array
plane, and the extension of the methodology to headshaped geometries. In the present work we addressed
these issues by developing an MR reconstruction method
that was inspired by MEG source localization and utilizes
a similar detector array layout. We attempted to minimize
the gradient encoding and to reconstruct brain images
using only a single point or single line of k-space.
The goal of this work was to perform functional brain
imaging using MRI with high temporal resolution. We
sought estimates of dynamic spatially resolved changes
and statistical parametric maps (SPMs) for both hemodynamic response (HDR) and potential changes directly related to neural activity. The proposed MR inverse imaging
(InI) method represents a transition from the overdetermined linear system in traditional parallel MRI reconstruction to an underdetermined one. The novelty of this
approach is that it combines a large-N coil array with a
linear estimation approach to achieve an order-of-magnitude speedup in the acquisition of dynamic brain MRI
(20 ms temporal resolution). Since both novel contrast
mechanisms and ultrafast imaging are needed to ultimately image “direct” neuronal responses on the millisecond scale, ultrafast encoding is an enabling technology,
without which it is difﬁcult to even unambiguously test a
contrast mechanism. Indeed, today’s “rapid” imaging (EPI
in particular) was the enabling technology that led to the
ﬁrst hemodynamic-based fMRI studies in the early 1990s
(1– 4). In the following, we introduce a theoretical framework, experimental procedures, and results from simulations and in vivo HDR measurements to evaluate the proposed InI methodology.
THEORY
Here we describe a theoretical framework for MR InI and
its application to dynamic measurements to generate timeresolved dynamic SPMs (dSPMs) of brain activation. The
framework includes 1D, 2D, and 3D InI. Speciﬁcally, the
spatial information derived from an array of RF coils enables estimates of the dynamic changes and associated
dSPMs to be obtained. We attempt to combine the concepts, deﬁnitions, and notation of both conventional parallel MR reconstruction (18) and MEG source localization
reconstruction (25) into a single framework.
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Forward Problem
The generation of time-series images y(t) on an nc -channel
RF coil array in MRI can be formulated as:
y共t兲 ⫽ Ax共t兲 ⫹ n共t兲,

[1]

where t indicates time, and y(t) is an 共na 䡠 nc 兲-by-1 vector
with na vertical stacks (of k-space samples) with nc observations (number of array channels), x(t) is an n -by-1 image
vector to be reconstructed, n(t) is a 共na 䡠 nc 兲-by-1 vector
denoting the contaminating noise, and the matrix A is the
“forward operator,” which maps the signals to the coil
array observations. Here we introduce the symbol r to
indicate the “acceleration rate,” the ratio between the
number of fully sampled k-space data 共n 兲 and the number
of k-space samples in the accelerated dynamic scan (na ). In
traditional parallel MRI, na ⱕ np . In Fourier MRI, the
forward operator for nth coil in the array can be further
decomposed into Fourier encoding part (E) and coil sensitivity modulation part (Pn):

A n ⫽ EPn , n ⫽ 1· · ·nc , A ⫽

冋 册
A1
·
·
·
An c

.

[2]

The coil sensitivity describes how the spin density is
modulated by the reception proﬁle of each channel in the
RF array and thus differs among the coil array elements.
The Fourier encoding matrix, however, is identical for all
coils in the array due to the same applied gradients. Given
the k-space trajectory, E ⫽ ⌽n⫺1a S⌽n p, where S is the sampling matrix of size na -by-n consisting of row vectors of
the discrete delta function. In the ith row of S, the jth
element is one if the k-space spatially indexed entry j is
sampled, and zero otherwise. ⌽n is the discrete Fourier
transform matrix of size n -by-n . In addition, we can also
incorporate the off-resonance phase information and thus
formulate the “phase-constrained” forward matrix (28):

A n ⫽ EPn ⌰, n ⫽ 1· · ·nc , A ⫽

冋 册
A1
·
·
·
An c

,

[3]

where ⌰ is a diagonal matrix with diagonal entries describing the off-resonance phase shift. In cases without any
off-resonance, ⌰ is an identity matrix. By factoring out the
real and imaginary parts, we can constrain the reconstructed image x(t) to be real-valued:
Re兵A其
Re兵n共t兲其
冋 Re兵y共t兲其
Im兵y共t兲其 册 ⫽ 冋 Im兵A其 册x共t兲 ⫹ 冋 Im兵n共t兲其 册,

[4]

Phase constraint was previously proposed for parallel MRI
reconstruction (28,29). The purpose of the phase-constrained
forward problem is to enable dynamic statistical inference
with either a positive or negative estimate of x共t兲 to infer the
MR signal to be higher or lower than the baseline signal. This
is because we explicitly constrain x共t兲 to be a real-valued
vector. We describe the details in the “dynamic statistical
parametric map (dSPM)” section below.
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With the use of repeated parallel MRI acquisitions, noise
can be characterized with a noise covariance matrix, C.
The forward problem is ﬁrst whitened to facilitate the
formulation without a loss of generality. Employing the
Cholesky decomposition of the noise covariance matrix
C ⫽ 共C1/ 2 兲H 共C1/ 2 兲, where C1/ 2 is a upper-triangular matrix,
the whitened forward equation is:
y w共t兲 ⫽ Awx共t兲 ⫹ nw 共t兲,

[5]

where yw共t兲 ⫽ C⫺1/ 2 y共t兲, Aw ⫽ C⫺1/ 2 A, and 具nw共t兲nw共t兲H 典
⫽ In c. The superscript H indicates the complex conjugate
and transpose, 具•典 represents the average across ensembles, and In c is the identity matrix of size nc -by-nc .
Source Space
In MR InI, the spatial locations corresponding to the elements of x共t兲 constitute the source space. In practice, the
source space can be a 3D volumetric space representing
multiple partitions in conventional 3D MRI. This 3D InI
source space corresponds to using nonselective excitation
over the whole brain, and acquires only the central point
of the k-space volume for InI reconstruction. It is also
possible to have a 2D planar source space if a slice-selection gradient is employed to constrain the image to be
reconstructed from a single plane (2D InI). Similarly, a 1D
linear source space is possible if both slice-selection and
frequency-encoding gradients are employed in Fourier imaging (1D InI). In the latter case, the only uncertainty in
spatial localization is in the phase-encoding direction, and
we will resort to coil sensitivity proﬁle to resolve it. Incorporating a limited amount of phase-encoding steps, such
as in traditional parallel MRI SENSE/SMASH/GRAPPA
k-space sampling patterns, can further restrict the source
space. Subsequent derivation of InI image reconstruction
will show that traditional SENSE/SMASH/GRAPPA imaging is a special case of InI with an overdetermined linear
system. The choice of the conﬁguration of the source space
will determine the temporal resolution of the dynamic InI.
There is a trade-off between the time required for sliceselection, frequency-encoding, and phase-encoding gradient cycling.

Minimum-Norm Estimate (MNE)
The stability of the solution for x⬘共t兲 depends on the condition of the forward matrix. Traditional parallel MRI limits the forward operator such that Aw has more rows than
columns. In practice, this constrains the acceleration rate
(r) to be less than or equal to the number of the coils in the
array (nc). Mathematically, this is equivalent to the reH
Aw兲⫺1 . This is explicitly
quirement of the existence of 共Aw
required in SENSE and GRAPPA image reconstructions.
Nevertheless, in highly accelerated cases, the Fourier encoding matrix has very small number of rows, and thus
H
共Aw
Aw兲 is very ill-conditioned. In other words, dynamic InI
may encounter the inverse problem where there are more
unknowns than observations. A unique solution to the
ill-posed dynamic InI can be obtained by adding constraints. One common choice is the MNE:
x⬘共t兲 ⫽ arg min兵储y⬘w共t兲 ⫺ Awx⬘共t兲储22 ⫹ 2 储R⫺1/2 x⬘共t兲储22 其,

In dynamic imaging, prior information about the solution
is usually available. We previously demonstrated that incorporating priors can improve the image reconstruction
quality in anatomical and dynamic fMRI (20,30). Here we
will also include the option of using priors in the dynamic
InI framework. Denoting the time-invariant prior for the
solution by x0 , the forward problem can be rewritten as
[6]

where x⬘共t兲 ⫽ x共t兲 ⫺ x0 . The subsequent derivation of the
minimum-norm solution will incorporate the prior information to yield time-resolved images x共t兲. However, if no
prior information is available, we can experimentally deﬁne the “baseline interval” to estimate the Awx0 term. For
example, analogously to MEG/EEG evoked response ex-

[7]

x⬘

where 储•储22 is the square of the ᐉ2 -norm, 2 is a regularization parameter, and R is the source covariance matrix
R ⫽ 具x⬘共t兲x⬘共t兲H 典 ⫽ 具x共t兲x共t兲H 典.

[8]

The cost function in Eq. [7] consists of two parts: the ﬁrst
is the model error term, which quantiﬁes the discrepancy
between measured and modeled data, and the second is
the prior error term, which quantiﬁes the solution deviation from the prior. The second term in the cost function
implies the distance away from the prior x0 (in the ᐉ2 -norm
sense). The solution is provided by the linear inverse
operator Ww:
H
H
x̂⬘共t兲 ⫽ Wwy⬘w共t兲 ⫽ RAw
共AwRAw
⫹ 2 IN兲⫺1 y⬘w共t兲.

Prior Information and Baseline Measurements

y⬘w共t兲 ⫽ Awx⬘共t兲 ⫹ nw共t兲,

periments, the averaged InI accelerated measurements
over baseline interval can generate the averaged baseline
activity estimate, which will be subtracted from dynamic
InI measurements in the “activity interval” to generate
y⬘w共t兲. In the following section, we show that the spatial
distribution of the dynamic change can be still be resolved
based simply on y⬘w共t兲 without spatial prior x0 .

[9]

The calculation of the source covariance matrix R assumes
that a dynamically changing image is superimposed on a
static image. Note that in the calculation of R, the stationary part of the image is removed. Thus, only pixels with
dynamic changes contribute to the estimate of R, whereas
the static image does not affect the estimate of R. Experimentally, R can be estimated from repetitive measurements of the fully sampled k-space data with the assumption of no motion artifact during data acquisition. Theoretically, R is given as a spatial prior in the Bayesian
modeling framework, and it indicates the spatial distribution of the likelihood of contributing dynamic changes
from different voxels. If no estimate for R is available, R
may be speciﬁed as an identity matrix corresponding to an
equal likelihood everywhere in the image contributing to
the observed dynamic change. However, a better speciﬁ-
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cation of source covariance matrix R may improve the
localization accuracy of dynamic changes.
The speciﬁcation of the regularization parameter results
in a trade-off between the model error term and the prior
error term. Practically, it can be chosen from automatic
regularization techniques, such as L-curve (30,31). Here
we used an algorithm to estimate 2 based on the whitened
observation and SNR estimates (32).
Given the static prior image, the estimate of the image is

Relationship Between Over- and Underdetermined
Reconstructions
The MNE of the dynamic InI can be generalized to the
traditional parallel MRI as the case of underdetermined
H
parallel MRI reconstruction. Assuming that 共AwRAw
H
2
2 ⫺1
⫹  IN兲 and 共AwAw ⫹  R 兲 are both invertible, we have:
H
H
H
W w ⫽ RAw
共AwRAw
⫹ 2 IN兲⫺1 ⫽ 共Aw
Aw ⫹ 2 R⫺1 兲⫺1
H
H
H
⫻ 共Aw
Aw ⫹ 2 R⫺1 兲RAw
共AwRAw
⫹ 2 IN兲⫺1
H
H
H
⫽ 共Aw
Aw ⫹ 2 R⫺1 兲⫺1 AwH 共AwRAw
⫹ 2 IN兲共AwRAw
⫹ 2 IN兲⫺1

[11]

In the cost function, when no prior error term is considered (as in the case of traditional parallel MRI reconstruction (18,19)), the regularization parameter 2 is zero. Thus
the inverse operator can be simpliﬁed as:
H
H
.
Aw兲⫺1 Aw
W w ⫽ 共Aw

where Ww, and W indicate the -th row of Ww, and W,
respectively.
A noise-normalized estimate of local image intensity
power at location  is given by
VAR共x̂ 共t兲兲 |Ww, y⬘w共t兲|2 |W y⬘共t兲|2
⫽
.
⫽
H
VAR共ε 兲
Ww, Ww,
W CWH

[14]

[10]

where  ⫽ Ww Aw denotes the resolution kernel, and ⌬
⫽ I ⫺  denotes the deviation kernel. The resolution
kernel is important for quantifying the spatial resolution of
the InI image reconstruction, as discussed in the following
section.

H
H
⫽ 共Aw
Aw ⫹ 2 R⫺1 兲⫺1 Aw
.

[13]

f 共t兲 ⫽

x̂共t兲 ⫽ x̂⬘共t兲 ⫹ x0 ⫽ Wwy⬘w共t兲 ⫹ x0 ⫽ Wwyw共t兲 ⫹ 共I ⫺ )x0
⫽ Wwyw共t兲 ⫹ ⌬x0 ,

H
VAR共ε 兲 ⫽ 具共Ww, nw兲共Ww, nw兲H 典 ⫽ Ww, Ww,
⫽ W CWH ,

[12]

This is identical to the SENSE/SMASH reconstruction kernel (16,18,33). Note that the difference between underdetermined InI MRI and overdetermined parallel MRI is the
incorporation of the prior error term in the cost function.
The MNE of InI can be expressed in a form analogous to
the previously derived prior-regularized parallel MRI reconstruction (30). One could also adopt the g-factor formulation from previous parallel MRI studies (18,30) to
obtain the SNR ratio between fully sampled data and the
dynamic InI.
Dynamic Statistical Parametric Map (dSPM)
Traditional dynamic MR image reconstruction provides
time-resolved images. Subsequent statistical analysis on
the time-series data yields SPMs. However, with InI we
can normalize the reconstructed time-series image to the
noise estimate to obtain SPMs at every time point. Using
the linear inverse operator, the estimated variance of the
noise at source location  is

Under the null hypothesis, f 共t兲 is F-distributed with one
degree of freedom in the numerator and a large number of
degrees of freedom in the denominator, which depends on
the number of samples in the estimate of the noise covariance matrix. If a phase constraint is used (Eq. [1b]), the
following dynamic statistics can be used to test the hypothesis about spin density to be either above or below the
baseline:

z 共t兲 ⫽

x̂⬘共t兲

⫽

Ww, y⬘w共t兲

冑VAR共ε兲 冑Ww,W

H
w,

⫽

W y⬘共t兲

冑WCWH

.

[15]

By dividing the estimated spin density over the ﬁeld of
view (FOV) by the standard deviation (SD) of the estimated
contaminating noise, z 共t兲 follows the t distribution under
the null hypothesis of no spin density change 共x̂⬘共t兲
⫽ 0兲. When a large number of samples is used to estimate
the noise covariance matrix, the t-distribution approaches
the unit normal distribution. Thus z 共t兲 will be similar to
the z-score.
Note that during derivation of the dynamic statistics, the
prior information (x0) is not required. In other words, even
without a static prior image, spatially-resolved dynamic
changes can be obtained from the accelerated difference
observations between experimental conditions. In practice, we can deﬁne a “baseline” period in the time-series
experiment and calculate the differential data acquired
with respect to the baseline. In this way, we rely only on
the forward operator (and the associated inverse operator)
to obtain spatially and temporally resolved statistical
maps.
Analysis of Spatial Resolution
To quantify the spatial resolution in InI with MNE, we
combine both the forward and inverse operators to form
the resolution kernel:
ⴝWA ⫽ WwAw.

[16]

The columns of the resolution kernel specify the point
spread function (PSF) for each source location (i.e., the
spatial pattern of the estimated sources when a unit source
is placed in a speciﬁc location). Similarly to MEG/EEG
source analysis (34 –36), we can employ the averaged PSF
(aPSF) at location  to quantify the spatial spread of the InI
MNE:
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aPSF  ⫽

¥ i,i⫽|d  共i兲|i
,
l
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[17]

where d 共i兲 indicates the distance between source location
i and source location , i is the element from the i-th row
and -th column of the resolution kernel , and l is the
number of voxels to be spatially resolved by InI. A map of
the spatial distribution of the aPSF can be obtained by
repeating the calculation across the whole source space.
MATERIALS AND METHODS
In this report we demonstrate how 1D InI can be used to
reconstruct what would be the phase-encoding direction
in conventional MRI. The FFT of a single k-space readout
was used to obtain the spatial information from the frequency-encoding direction of a 2D image. The rationale for
the 1D InI is to limit the source space within 1D phaseencoding direction by retaining the conventional use of
the slice-selection and frequency-encoding gradients. This
considerably decreases the degree of underdetermination
in the InI reconstruction.

cated the acquisition to a single k-space line to simulate 1D
InI.
Stimulus
For a visual fMRI experiment, a checkerboard stimulus
was presented in a block-design paradigm using E-PRIME
software (Psychology Software Tools, Inc., Pittsburgh, PA,
USA). Each run consisted of an initial 64-s ﬁxation period
(“OFF”), an “ON” period of 64 s during which a circular
checkerboard pattern reversing its contrast at 8 Hz was
presented, and another 64-s “OFF” period. To increase the
SNR, four runs were obtained for each subject in order.
Data Acquisition

In this study we used a 23-channel and a 90-channel coil
array (23) for a 1.5T scanner (Avanto; Siemens Medical
Solutions, Erlangen, Germany). The 23-channel array was
tiled from circular coils of 9.5-cm and 7.5-cm diameter.
The 90-channel array consisted of 5.5-cm and 4.5-cm diameter coils. Both arrays used combinations of hexagonal
and pentagonal symmetry with partial overlap between
neighboring coils to minimize mutual inductance.

Before the functional scans were performed, we acquired a
structural spin-echo scan (59 3-mm-thick sagittal slices
with 1 mm ⫻ 1 mm in-plane resolution, covering the entire
brain) to localize the position of subsequent scan planes
(TR/TE ⫽ 600 ms/11 ms). In the functional scans we used
single-shot gradient-echo EPI with the 23-channel array.
The imaging parameters were as follows: TR ⫽ 1000 ms,
TE ⫽ 40 ms, ﬂip angle ⫽ 90°, slice thickness ⫽ 5 mm,
FOV ⫽ 200 mm ⫻ 200 mm, image matrix ⫽ 64 ⫻ 64,
total ⫽ 192 measurements. To deﬁne the source space and
forward operator needed in the InI reconstruction, coil
sensitivity maps with a gradient-echo sequence (TR ⫽ 10 ms,
TE ⫽ 3 ms, ﬂip angle ⫽ 10°, FOV ⫽ 200 mm ⫻ 200 mm,
image matrix ⫽ 64 ⫻ 64, slice thickness ⫽ 10 mm, 16 averages, total acquisition time, 11 sec) were acquired. The coil
sensitivity maps were averaged over 16 repeated scans to
increase the SNR, at the cost of a minor increase in the total
data acquisition time for the whole experiment.

Experiment 1: InI Evaluation Using Simulated Data

Postprocessing and Data Analysis

To construct the source space and the forward operator in
InI, we collected fully sampled (completely phase-encoded) coil sensitivity map images of a saline phantom
using both the 23- and 90-channel coil arrays. These images were acquired with a gradient-echo sequence (TR ⫽
10 ms, TE ⫽ 3 ms, ﬂip angle ⫽ 10°, and 16 averages) on a
1.5T scanner. These coil sensitivity map images were lowpass-ﬁltered with a 10-mm full width at half maximum
(FWHM) isotropic Gaussian ﬁlter. Based on these data, we
ﬁrst performed a spatial resolution analysis using the aPSF
described above.
To test InI in a dynamic imaging experiment, we used
the canonical HDR waveform (37) with 30-s duration in a
square region of interest (ROI; 5 ⫻ 5 voxels) to simulate the
“signal” of InI acquisitions with contaminating “noise”
using zero-mean unit-variance Gaussian distribution on
individual images in each channel of the array. The SNR of
the simulated data before spatial aliasing in the InI acquisitions was adjusted to different amplitude peak amplitude
SNRs, which were parametrically varied from 0.2 to 10.

To simulate InI acquisitions, only the central k-space line
was retained and all other phase-encoding lines in the EPI
raw images were discarded. The InI reconstruction algorithm provided time-resolved estimates of the functional
changes and the associated dynamic statistical maps. Ten,
ﬁve, or two neighboring time points were averaged in the
simulation to quantify the dependency of InI reconstructions on SNR. As required for InI, coil sensitivity maps
were estimated from the coil sensitivity map scan using
the discrete wavelet transform algorithm (38).
All reconstructed time-series data were temporally detrended and spatially smoothed by a 6-mm FWHM isotropic Gaussian kernel. The percentage BOLD contrast was
calculated by normalizing the time series signal to the
average of the signal during the “OFF” condition. Using
the general linear model (GLM), we calculated the t-statistics to reveal cortical regions that showed a statistically
signiﬁcant correlation with the experimental paradigm
(39).

RF Coil Arrays

Experiment 3: InI Using 90-Channel BOLD fMRI
Experiment 2: Comparison of InI With Traditional EPIBased BOLD fMRI
In Experiment 2 we used gradient encoding to reconstruct
a conventional EPI-based fMRI time series. We also trun-

In Experiment 3 we acquired only the central k-space line
using a principles of echo-shifting with a train of observations (PRESTO) echo-shifting scheme with TR ⫽ 20 ms
(which is shorter than the TE ⫽ 43 ms needed for BOLD
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contrast.) The 1D InI method was used to reconstruct a
time series with 20-ms temporal resolution such that the
right–left spatial direction was obtained from the FFT of
the readout line (conventional frequency encoding), and
the anterior–posterior direction’s spatial information was
obtained from the detector distribution.
Stimulus
The same visual checkerboard stimulus described above
for Experiment 2 was used. However, to mitigate a datathroughput issue in the current implementation, we adjusted the total duration of a run to 56 s, involving an 8-s
OFF, a 32-s ON, and a 16-s OFF period.
Pulse Sequence

FIG. 1. PRESTO pulse sequence diagram in InI. PRESTO intentionally dephases the spin using an overcompensated slice-selection
gradient during RF excitation. Before the end of the TR, a delay
compensation gradient is employed to shift the echo to the next TR.
This example illustrates a TE with a 4-TR delay PRESTO.

In MR InI, spatially encoded data from the RF coil array
can be acquired with a very short TR (⬍10 ms). With
classic steady-state-incoherent (SSI) fast imaging techniques (26), such as EPI or spiral imaging, TEs longer than
the TR cannot be obtained. This is particularly challenging
for BOLD and other experiments that require long TEs to
build up the dynamic contrast. To overcome the difﬁculty
imposed by the constraint of TR ⬎ TE in SSI sequences, we

FIG. 2. aPSF for a 23-channel array (a) and a 90channel array (b) at different peak SNRs, as indicated. The aPSF increases progressively as the
acceleration rate increases. [Color ﬁgure can be
viewed in the online issue, which is available at
www.interscience.wiley.com.]
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Table 1
The Average (Avg.), Standard Deviation (SD) and Maximum (Max.)
of the Averaged Point-Spread Function (aPSF) from 23-Channel
Array and 90-Channel Array at Different Peak SNR

steady state, and 56 s for the fMRI experiment. The experiment was repeated 20 times. Similarly to Experiment 2,
an additional scan was performed to estimate the coil
sensitivity map required in InI reconstruction.

aPSF (mm)
SNR

0.2
0.5
1
2
5
10

90-channel

Postprocessing and Data Analysis

23-channel

Avg.

SD

Max.

Avg.

SD

Max.

12.0
12.0
12.0
11.8
8.6
5.2

6.8
6.8
6.8
6.8
5.2
2.8

26.6
26.6
26.6
26.3
25.3
11.1

15.6
15.6
15.6
15.5
12.7
7.8

5.9
5.9
5.9
5.9
5.4
3.4

28.3
28.3
28.3
28.1
24.7
14.8

used another steady-state fast imaging technique, the
PRESTO sequence (40). Speciﬁcally, we used the sliceselection gradient to shift the TE by various multiples of
TR and obtain a TE ⬎ TR. This sequence is shown in Fig.
1. We implemented a PRESTO sequence with TR ⫽ 20 ms,
including RF excitation, off-resonance slice-selection
gradient, frequency-encoding prephase, slice-selection
prephase, and frequency-encoding readout. Before the end
of each TR, the frequency-encoding compensation gradient refocused the magnetization in frequency-encoding
direction. Also, at the end of each TR, a slice-selection
compensation gradient refocused part of the off-resonance
slice-selection during RF excitation to enable the prolonged TE in the next TR. The ﬁrst moment of the sliceselection compensation gradient was adjusted to shift TE
by two TR periods, resulting in TE ⫽ 43 ms. In the MR InI
with PRESTO sequence, no phase-encoding gradients
were used.
Data Acquisition
fMRI data were collected using the 90-channel coil array.
Before each functional scan session a structural spin-echo
sagittal scan with 5.93-mm-thick slices and 1 mm ⫻ 1 mm
in-plane resolution covering the entire brain was acquired
to localize the position of subsequent scan planes (TR/
TE ⫽ 600 ms/11 ms). Using the PRESTO sequence, we
collected ultrafast MR InI acquisitions with TR ⫽ 20 ms,
ﬂip angle ⫽ 20°, TE ⫽ 43 ms, FOV ⫽ 200 mm ⫻ 200 mm,
and slice thickness ⫽ 5 mm. A total of 3000 images were
acquired in 60 s, including 4 s of dummy scans to reach the

The time courses from all channels of the RF coil array
were detrended and averaged across experiments to improve the SNR. After InI reconstruction, spatial smoothing
was implemented by means of a 6-mm FWHM isotropic
Gaussian kernel. We deﬁned the baseline as the 24-s interval in the “OFF” condition, and calculated the dynamic
t-statistics maps with 20-ms temporal resolution. The required coil sensitivity maps in InI reconstruction were
estimated using a discrete wavelet transform based on the
coil sensitivity map scan (38). All image reconstructions
were performed on a Pentium-4 2GB dual processor Linux
system with code written in MATLAB (Mathworks,
Natick, MA, USA).
RESULTS
Experiment 1: InI Evaluation Using Simulated Data
Figure 2a shows the aPSF for the 23- and 90-channel
arrays. Note that for both coil arrays the aPSF decreased as
the SNR increased from 0.2 to 10. Table 1 lists the average,
SD, and maximum values of the aPSF for both RF coil
arrays at different SNRs. For both arrays the aPSF increased when the SNR decreased from 10 to 0.2. For
SNR ⬍ 1, the aPSF of a given RF coil array no longer
depended on SNR. This may reﬂect the fact that a high
regularization parameter was required for the inverse operator in the low-SNR case, and thus the aPSF was dominated by the noise covariance matrix rather than the forward operator. Thus, lower SNR increased the dependency on regularization, in agreement with a previous
MEG source localization analysis (41). One feature common to both the 23- and 90-channel arrays is that the aPSF
is larger at the center of the FOV than at the periphery of
the FOV. This is likely due to the lower array element
sensitivity at the center of the FOV and the increased
breadth of coil sensitivities at the center of the FOV. A
similar increased central aPSF was observed in a study of
MEG/EEG source localization using MNE (35). For brain
imaging, this indicates that dynamic changes originating
from deep-brain structures will be spatially blurred in InI

Table 2
The Average (Avg.), Standard Deviation (SD) and Maximum (Max.) of the Averaged Point-Spread Function (aPSF) from the 90-Channel
Array With Progressively Added Phasing Encoding Lines at Different Peak SNR
aPSF (mm)
r ⫽ 64

SNR

0.2
0.5
1
2
5
10

r ⫽ 32

r ⫽ 16

r⫽8

Avg.

SD

Max.

Avg.

SD

Max.

Avg.

SD

Max.

Avg.

SD

Max.

12.0
12.0
12.0
11.8
8.6
5.2

6.8
6.8
6.8
6.8
5.2
2.8

26.6
26.6
26.6
26.3
5.3
11.1

6.0
6.0
6.0
5.8
3.8
2.4

3.4
3.4
3.4
3.3
2.2
1.3

13.3
13.3
13.3
13.0
8.2
4.7

3.0
3.0
3.0
2.8
1.6
1.1

1.7
1.7
1.7
1.6
0.9
0.5

6.8
6.8
6.8
6.5
3.6
2.2

1.5
1.5
1.5
1.3
0.7
0.3

0.8
0.8
0.8
0.8
0.4
0.3

3.7
3.7
3.7
3.2
1.6
0.8
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FIG. 3. aPSF for a 90-channel array at peak SNR ⫽ 10 with different acceleration rates. As acceleration rates progressively increase
from eightfold to 64-fold, the aPSF
increases.

reconstructions. When we compared the 23- and 90-channel results, we found that the aPSF for the 90-channel
array was smaller, suggesting higher spatial resolution of

the reconstructions, presumably due to the presence of
more spatially independent information available from the
90-channel RF coil array.

FIG. 4. dSPM of MR InI from the simulated HDR with different peak SNRs. Left panels: Snapshots of the absolute value of the t-statistics
maps are shown at different time points, indicated by the lower-left corner numbers (in seconds). The blue square indicates the ROI of the
simulated HDR. Middle panels: Averaged t-statistics time courses within the simulated ROI. The blue error bars show the SD within the ROI.
The light gray vertical lines indicate the time points of the snapshot shown in the left panel. Right panels: One realization of a simulated
canonical HDR time course with noise at different peak SNRs (blue dots). The red trace is the simulated HDR signal without noise.
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As a generalization of parallel MRI, InI can employ
progressively more phase-encoding steps to approach classic SENSE reconstruction. Figure 2b shows the aPSF for
the 90-channel array with peak SNR ⫽ 10 as the acceleration rate increases from r ⫽ 4 to r ⫽ 64. Table 2 lists the
aPSFs from the 90-channel array coil when the acceleration rate r was decreased from 64-fold (one k-space line) to
eightfold (eight k-space lines). Note that more phase-encoding steps suppressed aPSF gradually. Again, lower
SNR corresponded to larger aPSF. Figure 3 illustrates the
progressive changes of aPSF as the acceleration rate
changes from eight- to 64-fold. The aPSF at the center of
the FOV increases more rapidly than at the periphery of
FOV as the acceleration rate increases.
To simulate dynamic imaging, we created canonical
HDRs of 30-s duration with peak SNRs of 1, 2, 5, and 10.
Figure 4 shows the realizations of these HDRs. The InI
t-statistics time-series reconstructions are also shown in
Fig. 4. For the case of high SNR (SNR ⫽ 10), InI provided
dynamic statistical inference with good spatial localization, particularly between 4 and 8 s. Even at the 12-s
post-stimulus undershoot, InI detected statistically significant activation in the simulated ROI. The time courses
within the ROI in the InI reconstructions matched well to
the simulated HDR with contaminating noise. As SNR
dropped from 10 to 1, we observed a gradual degradation
of localization precision. At SNR ⫽ 5, the localization was
still within the simulated ROI. Low SNR (SNR ⫽ 2 and 1)
resulted in more false-positives.
Experiment 2: Comparison of InI With Traditional BOLD
fMRI Acquisitions
Figure 5 shows a t-statistics map from the 23-channel
visual fMRI experiment. A strong activation was found in
the occipital lobe. The time course of the BOLD contrast
within the statistically signiﬁcant ROI was also shown.
The maximum BOLD contrast was approximately 3% in
this experiment. To simulate InI acquisitions, only the
central k-space line was kept and all other lines were
discarded. These InI reconstructions are shown in Fig. 6.
To test the dependency of InI reconstructions on SNR, we
averaged 10, ﬁve, or two subsequent time points in the
reconstructed data. In all cases, occipital activation was
seen. The SNR was improved when more time points were
averaged. Nevertheless, even with only two-timepoint collapsed dSPMs, consistent occipital lobe activation was
found in InI dSPMs at “ON” time points.
Experiment 3: InI Using 90-Channel BOLD fMRI
Using a PRESTO sequence and the 90-channel array at
1.5T, we performed BOLD fMRI at 20-ms temporal resolution (TR ⫽ 20 ms) with TE ⫽ 43 ms. Coil sensitivity
proﬁles in a single plane from all channels in the RF array
are shown in Fig. 7. Using InI reconstructions, we generated 2800 dSPMs. Figure 8 shows snapshots of “ON” and
“OFF” reconstructions, illustrating the quality of InI reconstructions. We selected two ROIs (one in the temporal
lobe and one in the occipital lobe) to examine the time
course of the InI estimates. Figure 9 shows the averaged
time courses at these two ROIs. Elevated dynamic change
estimates during the “ON” condition were found in the

FIG. 5. Top: A t-statistics map of brain activation observed in a
23-channel visual fMRI experiment with block-design ﬂickering
checkerboard stimulation. Bottom: The BOLD contrast time course,
in percentage with respect to baseline. The red dots are the mean of
the ROI deﬁned by the t-statistics larger than 7.0, and the blue error
bars indicate SDs. [Color ﬁgure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]

occipital lobe ROI, in contrast to the oscillatory time
courses around the baseline in both “ON” and “OFF”
conditions in the temporal lobe ROI (likely from cardiac
and respiratory modulations). Figure 10 shows side-byside MNE and dSPMs of three representative segments of
the experiment, including one baseline period and two
checkerboard ﬂashing periods. Note that during baseline
MNE can reconstruct time-series images with physiological modulation, while there is no statistically signiﬁcant
activation across the whole FOV. During checkerboard
ﬂashing, strong dynamic changes were identiﬁed around
the back of occipital lobe by MNE, and accordingly dSPMs
showed statistically signiﬁcant functional activation
around the visual cortex. The averaged time-resolved tstatistics over the occipital lobe ROI are also shown at
20-ms temporal resolution in Fig. 11. We observed a
clearly elevated statistical signiﬁcance level during visual
stimulation. We also clearly resolved oscillations that followed the cardiac and respiratory cycles.
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FIG. 6. MR InI dynamic F-statistics maps using decimated 23-channel visual BOLD fMRI data. To increase SNR, we sacriﬁced temporal
resolution by averaging neighboring two (a), ﬁve (b), or 10 (c) time points. The dSPMs showed statistical signiﬁcant activations in the
occipital lobe. The red box indicates the time points at which the visual stimulus was presented (“ON”).

DISCUSSION
The proposed MR InI framework provides a methodology
to obtain fast MRI acquisitions with a temporal resolution
in the millisecond range. In particular, we expect that InI
can be applied to dynamic imaging for improved characterization of temporal evolution of MR signals. The InI
approach can be used to investigate any potential MR
contrast mechanism with buildup and washout time on
the millisecond scale. We expect that, equipped with this

high temporal resolution, investigators will be able to
identify credible dynamic changes by using optimized InI
contrast-mechanism preparations, data-acquisition procedures, and image-reconstruction algorithms.
Traditional MR experiments consist of two steps: MR
contrast preparation and MR data acquisition. InI attempts
to improve the temporal resolution in the data-acquisition
step. In InI, the spatial resolution is not derived from
gradient switching, as in Fourier imaging (26), but rather
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FIG. 7. The coil sensitivity map images from a 90-channel RF
coil array. Disparate spatially localized sensitivity was observed in different channels.

from the B1 ﬁeld distribution from multiple channels in
the RF coil array. As described in the Theory section, InI
involves solving a 1D, 2D, or 3D inverse problem. In contrast to MEG and EEG source localization, which is intrinsically a 3D inverse problem, MR InI can utilize sliceselection and frequency-encoding gradients to substantially decrease the degree of uncertainty without much
compromise in the temporal resolution. Using modern
gradient technology, 64 frequency-encoding steps can be
accomplished within 0.5 ms (2K bandwidth). In addition,
the slice-selection and RF excitation typically take up to a
few milliseconds in most sequences. In theory, with appropriate modiﬁcation of the MR contrast preparation, InI
can be applied to different pulse sequences and anatomical regions for high-temporal-resolution imaging.
Since the spatial resolution of InI depends signiﬁcantly on
the spatial information from channels in the RF coil array, it

is expected that introducing more independent spatial information into the coil array, such as by increasing the number
of channels, or using another RF coil design to introduce
higher B1 variability, will improve the spatial resolution.
Indeed, as documented in the MEG source localization literature, increasing the number of sensors (analogously to the
number of channels in the RF coil array in MRI) contributes
to increased spatial resolution (25).
As expected, the spatial resolution in the InI-reconstructed direction was worse than that in Fourier imaging.
However, since no phase-encoding step was introduced,
the bandwidth in the phase-encoding direction was inﬁnite. This is in contrast to EPI, which suffers from low
acquisition bandwidth in the phase-encoding direction.
Since only frequency encoding is used, the geometrical
distortions due to B0 susceptibility effects are minimal in
the InI method.

FIG. 8. Snapshots of InI reconstructions before averaging during “ON” and “OFF” conditions, respectively. The images are shown
in arbitrary units. [Color ﬁgure can be viewed
in the online issue, which is available at
www.interscience.wiley.com.]
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FIG. 9. Averaged time courses within an ROI in
the temporal (blue) and occipital (red) lobes in
InI-reconstructed dynamic change estimates.
[Color ﬁgure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]

Here InI was explicitly derived as a generalization of
parallel MRI. Thus, within the uniﬁed InI framework, one
can choose the degree of uncertainty in image reconstruction from an overdetermined system in classic parallel
MRI, including SENSE, SMASH, and GRAPPA, to an underdetermined system in extremely accelerated InI. The
trade-off between these two is the required spatiotemporal
resolution in versatile applications. Parallel MRI can restore the spatial resolution and accelerate the data acquisition at a modest rate, which is usually limited by the
number of channels in the RF coil array. InI, on the other
hand, sacriﬁces spatial resolution for massive speedup.
Overall, InI provides more ﬂexibility for trade-offs between the spatial and temporal resolution.
In InI and traditional parallel MRI, the acceleration rate
r is calculated as the ratio between the number of k-space
data to be reconstructed and the number of acquired kspace data. In fact, the numbers of columns and rows in a
whitened forward operator Aw reﬂects the acceleration
rate, given the number of channels in an RF coil array.
When r is small in traditional parallel MRI acquisitions/
reconstructions, Aw has more rows than columns, and the
rank of Aw depends on the column dimension. This indicates that more spatial information is provided from channels of an RF array (row dimension) to resolve a full-FOV
image (column dimension). As r increases, k-space sampling decreases and Aw decreases the row dimension accordingly. Further increase of r leads to a transition point
where the rank of Aw depends on the row dimension,
instead of the column dimension. This transition point
indicates that the information encoded in Aw is limited by
the number of channels in the RF coil array. Beyond this
transition, r can be even further increased by expanding
the columns dimension of Aw, corresponding to a source
space of higher spatial resolution. However, since the
available information is limited by the row dimension of
Aw, the spatial resolution of the reconstructed image cannot be further improved by specifying a higher-spatialresolution source space.

Since only the central k-space line is acquired in InI, the
number of rows of Aw (the number of the channels in an RF
coil array times the number of acquired k-space lines) is
usually smaller than the number of columns (the size of
source space). Thus InI reconstruction involves an underdetermined linear system. However, by using coarser speciﬁcation of the source space or acquiring more k-space
lines, one can turn the reconstruction into an overdetermined linear system. As described in the Theory section,
one can control the transition between solving under- and
overdetermined linear equations by incorporating a regularization parameter and a prior term in the cost function.
One major feature of InI is that no prior image is necessary to obtain spatially resolved dSPMs. This is because in
dynamic imaging we focus on localizing the changes over
the experiment interval, rather than reconstructing the
time-resolved images themselves. In traditional functional
brain imaging, usually a time series of a fully phase-encoded image is acquired, and statistics are subsequently
calculated. In contrast, the computation of statistics inference and the image reconstruction are integrated in InI.
Even without a full-FOV prior image, InI can restore fullFOV time-resolved t-statistics or F-statistics maps using
the spatial information encoded in an RF coil array. If a
credible prior image is provided, InI can generate timeseries images with both dynamic change estimates and
underlying stationary anatomy. InI’s ability to reconstruct
estimates and associated statistics of dynamic changes
without a prior static image distinguishes it from priorinformed regularized parallel MRI (20,30) or other priorinformation-based imaging approaches (11,42). In fact, one
could also apply the derived dSPM formula in InI to other
dynamic MRI reconstructions by utilizing a linear inverse
operator to restore full-FOV dynamic changes without a
prior image.
Here we would like to clarify the distinction between
the coil sensitivity map images and the prior image in InI.
The purpose of the coil sensitivity image in InI is to provide the estimate of coil sensitivity maps for the RF coil
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FIG. 10. Snapshots of pairs of InI
MNE and dSPMs during one
baseline period and two checkerboard ﬂashing periods. The time
points for each snapshot are
marked at the center bottom for
each reconstruction pair. Strong
localized functional activation and
associated statistics are seen in
the occipital lobe during the “ON”
condition.

array. This is common to all parallel MRI reconstruction
algorithms. The purpose of a prior image, on the other
hand, is to generate the full-FOV reconstructed image dynamically for visualization by adding a stationary image to
the dynamically reconstructed images. Without a prior
image, time-resolved full-FOV images, including both stationary anatomical features and dynamic functional
changes, cannot be generated. Nevertheless, since the prior
image does not contribute to the reconstruction of dynamic changes, full-FOV dynamic statistical maps can still
be generated. Taking brain fMRI as an example, providing
a prior image can generate the time series of full-FOV brain
images with both anatomical features and BOLD contrast,
whereas without a prior image, only statistical maps can
be calculated by InI reconstruction algorithm. Thus,

whether the underlying stationary full-FOV image with
anatomical features is desired depends on the application
involved.
In InI, a regularization parameter is employed to stabilize the matrix inversion in the derivation of the inverse
operator. A large 2 penalizes the activation and biases the
MNE toward the baseline activity. On the other hand, if 2
is too small, the inverse operator may become unstable
H
because AwRAw
can be ill-conditioned due to strong correlations among channels in an RF array, and subsequently
the matrix inversion required to derive the inverse operator will be sensitive to ampliﬁed noise. It is crucial to
achieve a proper trade-off between these two ends in order
to ﬁnd an optimal regularization parameter to achieve
sensitivity for activation detection and robustness of the
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FIG. 11. Averaged BOLD fMRI t-statistics time course of 20-ms
temporal resolution within an occipital-lobe ROI. The shading indicates the “OFF” condition. Elevated statistical signiﬁcance values
were observed during the “ON” condition (white). [Color ﬁgure can
be viewed in the online issue, which is available at www.
interscience.wiley.com.]

inverse operator simultaneously. Potentially, this could be
done with the use of algorithms, such as L-curve (30,31) or
generalized-cross-validation (43). To illustrate the impact
of a chosen regularization parameter, Fig. 12 shows reconstructed InI t-statistics maps utilizing different regularization parameters. Note that with a small 2 (1% of the
estimated 02 as described in the Theory section), InI is not
sensitive to detect activation, possibly because of ampliﬁed noise from the inverse operator. However, with a large
2 (100 02), more falsely positive activation was estimated
at the same threshold. This is likely because of overly
suppressed noise estimates in the baseline compared to
the suppressed noise in InI reconstruction at all time
points. This result illustrates the importance of choosing
an appropriate regularization parameter in InI reconstruction to optimize detection power. Interestingly, we found
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that InI reconstructions using regularization parameters of
100 02 and 02 both detected signiﬁcant activation in the
ROI containing the synthetic HDR. The insensitivity of
dSPMs to large regularization parameters can be derived
from the expression of the inverse operator in Eq. [9]. The
H
second part of the inverse operator, 共AwRAw
⫹ 2 IN兲⫺1 , is
more dominated by the identity matrix as the regularization is large, which may be our cases of 100 02. The
insensitivity of localization accuracy to the regularization
parameter in the low-SNR case was previously reported in
an MEG study (41). Again, a full investigation into the
choice of the regularization parameter is necessary in order to optimize the InI reconstruction.
A high value of the regularization parameter leads to an
inverse operator suppressing the amplitude of MNE (see
Eq. [9]). However, calculating statistical maps by taking a
ratio between the MNEs of activation and noise level may
show a strong dependence on the transpose of whitened
forward operator (Eq. [9]). Thus the localization accuracy
is strongly determined by the whitened forward operator
itself.
The image reconstruction procedure makes the InI experimental design similar to MEG and EEG experiments.
In InI, we need to deﬁne a baseline interval in order to
detect dynamic change and statistical inference normalization. The baseline can be an interval before the presentation of the stimulus, as is commonly used in MEG/EEG
evoked-response experiments. Since baseline data are
used to subtract the measurements during the condition of
interest, in the context of InI, signal levels actually contrast
between the two conditions.
The localization accuracy of InI critically depends on
the SNR. Similarly to MEG/EEG experiments, one can
improve the SNR by averaging the data from repeated
trials. Another similarity between MEG/EEG and InI is that
InI has lower spatial resolution around the center of the
head. Thus, if InI is applied to brain imaging, the dynamic
changes in deep-brain areas will be spatially blurred.
Since spatial resolution depends on the SNR, we would
expect substantial improvements in the PSF from higher
ﬁeld acquisitions (or any other method that increases SNR,
such as trial averaging). In addition, as described in the

FIG. 12. dSPMs of MR InI from the simulated HDR with different peak SNRs using different regularization parameters. 20 is the
regularization parameter estimated in this paper. Snapshots of the absolute value of t-statistics maps at different time points are indicated
by the lower-left corner numbers (in seconds). The blue square indicates the ROI of the simulated HDR. [Color ﬁgure can be viewed in the
online issue, which is available at www.interscience.wiley.com.]
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Theory section, a limited amount of phase-encoding can
further improve the spatial resolution.
Besides SNR, the spatial resolution of InI also depends
on the B1 ﬁeld distribution. InI uses the spatial information
encoded in an RF coil array to resolve the spatially collapsed signals into a full-FOV image. The amount of independent information encoded in B1 ﬁelds thus determines
the ultimate spatial resolution in InI reconstructions. At
deep regions in the FOV (away from the RF coil array), the
B1 ﬁeld may be too smooth to resolve neighboring sources,
due to the inherent smoothness of electromagnetic ﬁelds
far from the coils. Thus, like parallel MRI, we expect that
the spatial resolution in InI will ultimately be limited by
the distribution of the electromagnetic ﬁelds from the
channels in the RF coil array. In this study, this phenomenon was demonstrated in the larger PSF at the center of
the FOV for both 23- and 90-channel coil arrays. We expect
that the spatial resolution of InI can be improved at high
ﬁeld because of the shorter wavelength. Compared to other
parallel MRI acquisitions, InI is expected to suffer more
seriously from limited spatial resolution because no
phase-encoding is employed.
In this study InI was used in conjunction with a PRESTO
sequence to acquire BOLD hemodynamic contrast. In the
context of InI, a pulse sequence with TE ⬎ TR is indispensable for optimal BOLD contrast, which requires TE
approximately equal to T2*. At ﬁeld strengths of 1.5–7T,
the T2* ranges between 20 ms and 50 ms in brain parenchyma. The echo-shifting technique allows the TE to be
tens of milliseconds while it suppresses the TR to be less
than 10 ms. PRESTO is one realization of this method.
In fast imaging (e.g., EPI and spiral imaging methods),
physiological effects from peripheral nerve stimulation,
the speciﬁc absorption rate (SAR), and acoustic noise often
limit the speed of the acquisition. In general, InI greatly
reduces these limitations. The nerve stimulation hazard
can be mitigated by InI compared to spiral or EPI methods
because a relatively low-amplitude, long readout is used
without switching the gradient polarity. One can achieve a
further reduction in nerve stimulation by discarding frequency encoding and using 2D InI, in which case only the
slice-selection gradient is employed. The high temporal
resolution limits SAR exposure by reducing the excitation
ﬂip angle to the Ernst angle, which for TRs of tens of
milliseconds is considerably lower than for conventional
EPI or spiral acquisitions. Since SAR scales linearly with
the duty cycle but quadratically with the RF pulse peak
power (amplitude), SAR is substantially reduced and becomes similar to that of typical low-ﬂip-angle gradientecho sequences. The challenge of acoustic noise is common in EPI-based fMRI studies. The source of such acoustic noise is the gradient switching required in the highbandwidth EPI readouts. One can reduce this artifact by
greatly reducing the readout bandwidth in 1D InI or eliminating the readout entirely in 2D InI.
Respiratory and cardiac rhythms may confound the time
course of dynamic InI. In fact, these are two common
sources of physiological noise in fMRI experiments (44).
With a temporal resolution about 1 s, temporal aliasing
makes it difﬁcult to remove these modulations in conventional BOLD experiments. Since InI allows fast acquisition
of dynamic scans, the physiological signals are adequately
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sampled without aliasing, thus potentially allowing better
removal of these confounding effects.

CONCLUSIONS
We have introduced an MR InI methodology to improve
the temporal resolution of dynamic MR measurements on
the millisecond scale. Using information from multiple
channels in the RF coil array, InI can spatially resolve
dynamic changes with statistics by solving an inverse
problem. This is analogous to MEG/EEG source localization. InI is a generalization of parallel MRI. We validated
the InI method using 23- and 90-channel RF coil array
simulations. In addition, we measured a BOLD hemodynamic fMRI response to visual stimulation at 20-ms temporal resolution. The proposed InI method can be ﬂexibly
applied to other MR contrast mechanisms and anatomical
regions for variable spatiotemporal resolutions based on
variants of InI source-space speciﬁcation, data-acquisition
schemes, and image-reconstruction algorithms.
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