Biophysical Journal Volume 76 February 1999 691-708 691

Analysis of Dynamic Brain Imaging Data

P. P. Mitra and B. Pesaran
Bell Laboratories, Lucent Technologies, Murray Hill, New Jersey 07974 USA

ABSTRACT Modern imaging techniques for probing brain function, including functional magnetic resonance imaging,
intrinsic and extrinsic contrast optical imaging, and magnetoencephalography, generate large data sets with complex
content. In this paper we develop appropriate techniques for analysis and visualization of such imaging data to separate the
signal from the noise and characterize the signal. The techniques developed fall into the general category of multivariate time
series analysis, and in particular we extensively use the multitaper framework of spectral analysis. We develop specific
protocols for the analysis of fMRI, optical imaging, and MEG data, and illustrate the techniques by applications to real data
sets generated by these imaging modalities. In general, the analysis protocols involve two distinct stages: “noise” charac-
terization and suppression, and “signal” characterization and visualization. An important general conclusion of our study is the
utility of a frequency-based representation, with short, moving analysis windows to account for nonstationarity in the data.
Of particular note are 1) the development of a decomposition technique (space-frequency singular value decomposition) that
is shown to be a useful means of characterizing the image data, and 2) the development of an algorithm, based on multitaper
methods, for the removal of approximately periodic physiological artifacts arising from cardiac and respiratory sources.

INTRODUCTION

The brain constitutes a complex dynamical system with a With the current exponential growth in computational
large number of degrees of freedom, so multichannel megower and storage capacity, it is increasingly possible to
surements are necessary to gain a detailed understandingmérform the above steps in a semiautomated way, and even
its behavior. Such multichannel measurements, made availa real time. In fact, this is almost a prerequisite to the
able by current instrumentation, include multielectrode ressuccess of multichannel measurements, since the large di-
cordings, optical brain images using intrinsic (Blasdel andmensionality of the data sets effectively precludes exhaus-
Salama, 1986; Grinvald et al., 1992) or extrinsic (Davila ettive manual inspection by the human experimenter. An
al., 1973) contrast agents, functional magnetic resonancgdditional challenge is to perform the above steps as far as
imaging (fMRI) (Ogawa et al., 1992; Kwong et al., 1992), possible in real time, thus allowing quick feedback into the
and magnetoencephalography (MEG) (Hamalainen et alexperiment. The intimate interplay between the basic ex-
1993). As a result of improvements in the capabilities of theperimental apparatus and semiautomated analysis and visu-
measuring apparatus, as well as growth in computationadlization is schematically illustrated in Fig. 1. Note that
power and storage capacity, the data sets generated by thesgen given the increases in storage capacity it is desirable to
experiments are increasingly large and more complex. Thfave ways of compressing the data while retaining the
analysis and visualization of such multichannel data is aippropriate information, so as to prevent saturation of the
important piece of the associated research program, and j§/ajlable storage.
the subject of this paper. Problems such as the above are clearly not unique to
There are several common problems associated with thgeyroscience. Automated analysis plays an important role in
different types of multichannel data enumerated aboveihe emergent discipline of computational molecular biol-
First, preprocessing is necessary to remove nuisance COrgyy. Despite the current relevance of these problems, the
ponents, arising from both instrumental and' physioIogical‘,ﬂ)propriate analytical and computational tools are in an
sources, from the data. Second, an appropriate represenigyyly stage of development. In addition, investigators in the
tion of the data} for purposes of analysis and yisualization ISield are sometimes unaware of the appropriate modern
necessary. Third, there is the task of extracting any undergigna| processing tools. Since little is understood about the

lying simplicities from the signal, mostly in the absence of yetajled workings of the brain, a straightforward explor-
strqng models for the; dynamics of the reIevan'F parts .of th%tory approach using crude analysis protocols is usually
brain. If there are simple features that are hidden in the,, o 0q However, given the increasing availability of com-
complexity of the data, then the analytical r,n?thOdOIOgyputationaI resources, this unnecessarily limits the degree of
should be such as to reveal such features efficiently. knowledge that can be gained from the data, and at worst
can lead to erroneous conclusions, for example when sta-
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different trials are regarded as forming a statistical ensem-
ble. However, the trial-to-trial fluctuations, and more gen-

erally the spontaneous fluctuations of the neural system in
question, are not necessarily completely random, and quite
often have explicit structure, such as oscillations. Under-
standing these “baseline fluctuations” may be quite impor-

Experimental
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-
)_v g;;?elr:]cquisition
7 tant in learning about the dynamics of neural systems, even
in the context of response to external stimuli. To character-
ize these spontaneous fluctuations is a more difficult task
than learning input-output relationships. The analytical
techniques developed in this paper should be of utility in

/
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l such characterization for multichannel neural data, particu-

Permanent larly dynamic brain images.
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FIGURE 1 Schematic overview of data acquisition and analysis.
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DIFFERENT BRAIN IMAGING TECHNIQUES

Imaging techniques and their
spatiotemporal resolution

mOSUY mUItI_Va”ate' While tephmques for treating St.atIC The three main techniques of interest here are optical imaging, fMRI, and
high-dimensional data are widely known and appreciatequeg. optical imaging falls into the further subcategories of intrinsic and
both in multivariate statistics and in the field of pattern extrinsic contrast. In extrinsic contrast optical imaging, an optical contrast
recognition, the techniques for treating time series data aregent sensitive to neuronal activity, is added to the preparation. Examples
less well developed, except in special cases. We fOCUgf such contrast agents include voltage-sensitive dyes aRtl Gancen-

rticular] n the dat multivariate tim fi In thi tration-sensitive contrast agents. Voltage-sensitive dye molecules inserted
particularly o € data as muitivariate € series. %n the cell membrane and the small Stark shifts produced in the molecule

paper, our concerns are twofold: 1) characterization angy changes in the transmembrane voltage are sources of the contrast. The
removal of the typical artifacts, and 2) characterization ofsignal-to-noise ratio (SNR) in these experiments is typically poor, being of
underlying structure of the signal left after removal of the order of unity. The spatial resolution is set by the optical resolution and
artifacts. The paper is Organized in two parts. scattering properties of the medium and can be of the order of microns. The

| . . . temporal resolution is limited by the digitization rate of the recording
n the first part We, rev,lew nge of t.he rEIevant.analytlcalapparatus (CCD camera or photodiode array) and can currently go up to
techniques for multivariate time series. In particular, We—1 kHz, which is the intrinsic timescale of neuronal activity. In calcium
provide a description of multitaper spectral methods (Thomion-sensitive imaging, the intrinsic timescales are slower, so the demands
son, 1982; Thomson and Chave, 1991; Percival and Walen the digitization rate are somewhat less. The SNR is significantly better

den, 1993). This is a framework for performing Spectra|compared to currently available voltage-sensitive dyes. The spatial reso-
I’ . f. . iat d It iate i . that h lution is greatly enhanced in confocal (Pawley, 1995) and multiphoton
analysis or univariate and muflivariate time series tha a%canning optical imaging (Denk et al., 1990). The imaging rates in mul-

particular advantages for the data at hand. A central iSSUghoton scanning optical imaging are currently significantly slower than
for the data we present is to be able to deal with very shorthe corresponding rates for CCD cameras.
data segments and still obtain statistically well-behaved Intrinsic optical imaging and fMRI rely on the same underlying mech-
estimators. Reasons for this are that gathering long-tim@nism. namely hemodynamic changes triggered by neuronal activity. He-
. . . modynamic changes include changes in blood flow and blood oxygenation
Series may be expenswe'(fo'r example In fMRl)_’ and that thefevel. The intrinsic timescale for these changes is slow, ranging from
presence of nonstationarity in the data makes it preferable tQndreds of milliseconds to several seconds. The intrinsic spatial scale is
use a short, moving analysis window. Multitaper methodsalso somewhat large, ranging from hundreds of microns to millimeters.
are particularly powerful for performing spectral analysis of These scales are well within the scope of optical techniques. In both the
short data segments. In the second part of the paper, we tre%)&rinsic and intrinsic cases discussed above, various noise sources, in-

. . . . . . cluding physiological fluctuations, are important indirect determinants of
in succession dynamic brain imaging data gathered in MEG g prysiolog P

. . . the spatiotemporal resolution.

optical, and fMRI experiments. Based on the analysis of |y fvRI, the instrumental limitations on the spatial and temporal reso-
actual data sets using the techniques introduced in the firgitions are significant, and for fixed SNR, a tradeoff exists between spatial
section, we discuss protocols for analysis to remove artifacand temporal resolution as well as between temporal resolution and spatial

tual components as well as to determine the structure of thgPverage. The fMRI images are typically gathered in two-dimensional
signal slices of finite thickness, and for a fixed SNR, the number of slices is

L L . . roughly linear in time. For single slice experiments, the temporal resolution
A principal motivation for the current study is the in- js 100 ms, and the spatial resolution-isL. mm. This spatial resolution

creasing interest in the internal dynamics of neural systemsan be improved for a single slice by sacrificing temporal resolution. For
In many experimenta| parading, past or present, neurapultiple slices covering the whole head, the temporal resolutiondss.
systems have been characterized from the point of view Olf\lote that these numt_Jer_s may be e>_<pected to _chz?mge somewhat based on
. . . . future improvements in instrumentation. The principal advantage of fMRI
!nDUt'OquUt relatlonShlpS' For example’ the quan.tlty ijs that it is noninvasive imaging, making it suitable for the study of the
interest is often a stimulus response, and the experiment {gman brain. In addition, optical imaging is limited to the surface of the

performed by repeating the stimulus multiple times, and the&ample, whereas fMRI is a volumetric imaging technique.
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In MEG, weak magnetic fields of the order of tens @iV (Hz) Joliot et al. (1994). For our purposes it is sufficient to note that the data
generated by electric currents in the brain are measured using supercowere gathered simultaneously from 74 channels using a digitization rate of
ducting quantum interferometric detector (SQUID) arrays positioned on2.083 kHz for a total duration of 5 min, and correspond to magnetic fields
the skull. Like fMRI, MEG is a noninvasive imaging technique and resulting from spontaneous brain activity recorded from an awake human
therefore applicable to the human brain. The temporal resolutidnnis) subject in a resting state with eyes closed.
is much higher than in fMRI, although the spatial resolution is in general Data set’ consists of dynamic optical images of the procerebral lobe
significantly poorer. The spatial resolution of MEG remains a debatableof the terrestrial mollusc Limax (Kleinfeld et al., 1994), gathered after
issue because of the ill-posed nature of the inverse problem that must b&taining the lobe with a voltage-sensitive dye. The digitization rate is 75 Hz
solved in order to obtain an image from the MEG data. A promising and the total duration of the recording is 23 s. The images arexL338
direction for future research appears to be a combined use of fMRI angixels in extent and cover an area 600 um X 200 pum.

MEG performed separately on the same subject. Data sets¢ and % contain fMRI data and consist of time series of
magnetic resonance images of the human brain showing a coronal slice
toward the occipital pole (Mitra et al., 1997; Le and Hu, 1996). The data

Sources of noise were gather_ed in the presenf}_@) (or absence) _of a visual st_imulu_s. qu
data sef€, binocular visual stimulus was provided by a pair of flickering

As mentioned previously, the “noise” present in the imaging data arise’€d LED patterns (8 Hz), presented for 30 s starting 40 s after the beginning

from two broad categories of sources, biological and nonbiological. Bio-0f image acquisition. The digitization rate for the images was 5 Hz and the

logical noise sources include cardiac and respiratory cycles, as well atal duration 110 s. The images are 8464 pixels and cover a field of
motion of the experimental subject. In imaging studies involving hemody-Vview of 20 cmx 20 cm.

namics such as fMRI and intrinsic optical imaging, an additional physio-

logical source of noise is slow “vasomotor” oscillations (Mitra et al., 1997;

Mayhew et al., 1996). In addition, in all studies of evoked activity, ongoing

brain activity not locked to or triggered by the stimulus appears as noise.ANALYSIS TECHNIQUES

_Nonb_iological _noise sour_ces_include photor_1 c_ounting noi;e in optical-l-ime series analysis techniques

imaging experiments, noise in the electronic instrumentation, 60-cycle

noise, building vibrations, and the like. Here we briefly review some methods used to analyze time series data. The

We first consider optical imaging using voltage-sensitive dyes in animalaim here is not to provide a complete list of the relevant techniques, but
preparations. The sensitivity of these experiments is currently limited bydiscuss those methods which are directly relevant to the present work. In
photon counting noise. The Stark shifts associated with the available dyegarticular, in the next section, we provide a review of multitaper spectral
lead to changes in the optical fluorescence signal on the ordéF(# analysis techniques (Thomson, 1982; Percival and Walden, 1993), since
~10"3mV. The typical SNR is therefore of order unity or less. In addition, these are used in the present paper, and are not widely known.
absorption changes arising from hemodynamic sources, whether related to The basic example to be considered is the power spectral analysis of a
the stimulus or not, corrupt the voltage-sensitive dye images. Perfusing theingle (scalar) time series, or an output scalar time series given an input
brain with an artificial oxygen-supplying fluid can eliminate these artifacts scalar time series. The relevant analysis techniques can be generally
(Prechtl et al., 1997). Motion artifacts and electronic noise may also becategorized under two different attributes: linear or nonlinear, and para-
significant. In contrast, calcium-sensitive dye images have comparativelynetric or nonparametric. We will mostly be concerned with multitaper
large signal changes for spike-mediated CHuxes, and are less severely spectral techniques, for which the attributes are linear and nonparametric.
affected by the photon counting noise. However, motion artifacts can stillalthough we categorize the techniques as linear, note that spectra are
be severe, particularly at higher spatial resolutions. quadratic functions of the data. Also, some of the spectral quantities we

In fMRI experiments in humans, the instrumental noise is small, typi- consider are other nonlinear functions of the data. We prefer nonparametric
cally a fraction of a percent. The dominant noise sources are of physiospectral techniques (e.g., multitaper spectral estimates) over parametric
logical origin, mainly cardiac, respiratory, and vasomotor sources (Mitra elones (e.g., autoregressive spectral estimates, also known as maximum
al., 1997). Depending on the time between successive images, these os@ntropy spectral estimates, or linear predictive spectral estimates). Some
lations may be well-resolved in the frequency spectrum, or aliased angveaknesses of parametric methods in the present context are lack of
smeared over the sampling frequency interval. Subject motion, resultingobustness and lack of sufficient flexibility to fit data with complex spectral
from respiration or other causes, is a major confounding factor in thesgontent. The reader is referred to the literature for a comparison between
experiments. parametric and nonparametric spectral methods (Thomson, 1982; Percival

In MEG experiments the SNR is usually very low. Hundreds of trial and Walden, 1993), and we also discuss this issue further below.
averages are sometimes needed to extract evoked responses. Magnetioye also do not use methods, based on time lag or delay embeddings,
fields from currents associated with the cardiac cycle are a strong noisghat characterize neurobiological time series as outputs of underlying
source, as are 60-Hz electrical sources and other nonbiological curremfonlinear dynamical systems. These methods work if the underlying dy-
sources. In studying the evoked response, the spontaneous activity nglmical system is low-dimensional and if one can obtain large volumes of
related to the stimulus is a dominant source of undesirable fluctuations. data so as to enable construction of the attractor in phase space. The

amount of data needed grows exponentially with the dimension of the
underlying attractor. On the one hand, it is true that neurobiological time

DESCRIPTION OF DATA SETS series are outputs of rather nonlinear dynamical systems. However, in most
cases it is not clear that the constraint of low dimensionality is met, except

In this section we describe the data sets used to illustrate the techniqueerhaps for very small networks of neurons. In cases where the dynamics

developed in the paper. We have used data from three different imagingay appear low-dimensional for a short time, nonstationarity is a serious

techniques, corresponding to multichannel MEG recordings, optical imagéssue, and precludes acquisition of very long stretches of data. One might
time series, and MRI time series. The data are grouped into four setghink that nonstationarity could be accounted for by simply including more
referred to below using the letter$ through%. Brief discussions of the  dynamical degrees of freedom. However, that also would require the
data collection are provided below. The data have either been previouslgcquisition of exponentially larger data sets. We constrain ourselves to
reported or are gathered using the same techniques as in other reports.dpectral analysis techniques as opposed to the techniques indicated above.
each case, a more detailed description may be found in the accompanyirithe reason for this is twofold: first, spectral analysis remains a fundamen-
reference. tal component of the repertoire of tools applied to these problems, and as

Data setsd consists of multichannel MEG recordings. Descriptions of far as we are concerned, the appropriate spectral techniques have not been
the apparatus and experimental methods for these data can be found safficiently well studied or utilized in the present context. Second, it
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remains debatable whether much progress has been made in understandapgcified interval is then “aliased” back into the intervalffy,, fuyql-

the systems involved using the nonlinear techniques (Theiler and RappZonsequently, the Nyquist theorem tells us how frequently a continuous

1996; Rapp et al., 1994). time series should be digitized. These concepts are fundamental to the
discussion, and the reader unfamiliar with them would benefit from con-
sulting an appropriate text (e.g., Percival and Walden, 1993).

Time domain versus frequency domain: resolution The Fourier transforni(f) of a discrete time series{t = nAt, n = 1,
and nonstationarity 2, ...,N}is defined in this paper as

In the neurobiological context, data are often characterized in terms of N

appropriate correlation functions. This is equivalent to computing corre- ;((f) _ E XteXFX—ZWiant) (1)

sponding spectral quantities. If the underlying processes are stationary,
then the correlation functions are diagonal in frequency space. For station-
ary processes, local error bars can be imposed for spectra in the frequenﬁ)(places where we use the conventitin= 1 the above equation may be
domain, whereas the corresponding error bars for correlation functions "r"ewritten replacingn by t as

the time domain are nonlocal (Percival and Walden, 1993). In addition, if

the data contains oscillatory components, which is true for the data treated N

here, they are compactly represented in frequency space. These reasons > _ :

form the basis for using a frequency-based representation. For some other X(f) - E x{exp(—met) (2)
advantages of spectra over autocovariance functions, see Percival and

Walden (1993, pp. 147-149). The arguments made here are directly ap- 1, corresponding Nyquist frequency is dimensionless and numerically

plicable to the continuous processes that are of interest in the current papee[qual to 1/2. In any real application, of course, both the digitization rate and
Similar arguments also apply to the computation of correlation functionsthe Nyquist frequency have appropriate units. The total time window
for spike trains. An exception should be made for those spike trainlengthT now becomes interchangeable with More generallyT = NAt
examples where there are sharp fgatures in -the time domain correlatiogls above. One frequent source of confusion is between the Fourier trans-
functhns, e_z.g., dqe to monc_)synaptlc_ connections. However, broad_er fe%rm defined above and the fast Fourier transform (FFT). The FFT is an
tures in spike train correlation functions would be better studied in thealgorithmto efficiently compute the Fourier transform on a discrete grid of

fre(g)uen(.:y dﬁmalg’ a point th?t P:S r}ot well apr;rema_teq. i d ab time points, and should not be confused with the Fourier transform, which
espite the advantages 0 ¢ € Irequency domain in icated & Oove, ﬂ}g the underlying continuous function of frequency defined above.
frequent presence of nonstationarity in the data makes it necessary in most

cases to use a time-frequency representation. In general, the window for

spectral analysis is chosen to be as short as possible to be consistent wighy hentional spectral analysis

the spectral structure of the data, and this window is translated in time.

Fundamental to time-frequency representations is the uncertainty principlén this and subsequent subsections, weMdet 1, T = N. Physical units

which sets the bounds for simultaneous resolution in time and frequencyare restored where appropriate. We consider below a model example of a

If the time-frequency plane is “tiled” so as to provide time and frequencytime series constructed by adding a stochastic piece, consisting of an

resolutionsAt by Af, thenAtAf = 1. Although there has been a lot of work autoregressive process excited by white Gaussian noise, to three sinusoids.

involving tilings of the time-frequency plane using timescale representa-The time series is given by = x, + =5_; A sin(2aft + ¢,), wheret =

tions (wavelet bases), we choose to work with frequency rather than scalg, 2, ... ,N with N = 1024, and the parameters of the sinusoids/qre-

as the basic quantity, since the time series we are dealing with are bett¢d.7, 0.7, 0.08)f, = (0.122, 0.391, 0.342), anp|, = (0, #/3, 2/3) fork =

described as having structure in the frequency domain. In particular, thél, 2, 3). Here, is an autoregressive process of order 4 givem,by =i _,

spectra typically have large dynamic range (which indicates good comax,_, + €, with a, = (1.87,—1.96, 1.55,—0.683). For successive time

pression of data in the frequency space), and also have spectral pealsampleg, ¢ are independently drawn from a normal distribution with unit

rather than being scale-invariant. The time-frequency analysis is oftewvariance. In Fig. 2, the first 300 points of the time series example are

crucial to see this structure, since a long-time average spectrum may proysotted.

to be quite featureless. An example of this is presented by MEG data In conventional nonparametric spectral analysis a tapered Fourier trans-

discussed below. form of the data is used to estimate the power spectrum. [We use “taper”
rather than “window” because window is used below to label a segment of
data used in spectral analysis, particularly in time-frequency analysis.]

n=1

t=1

Digitization rate, Nyquist frequency, Fourier transforms

Some quantities central to the discussion are defined below. Consider a

time series window of lengtfi. The frequency resolution is given by the 10 ' ' ‘ A
so-called Raleigh frequencgf = 1/T. In all real examples, the time series

is obtained at discrete time locations. If we assume the discrete time
locations are uniformly spaced at intervalsXif then the number of time
pointsN in the intervalT is given byN = T/(At). The digitization frequency

or digitization rate is by definition 1At). An important quantity is the
Nyquist frequencyfyq, defined as half the digitization frequengy,, =
1/(2At). In this context, it is important to recall the Nyquist theorem and the
related concept of aliasing. The basic idea of the Nyquist theorem is that
the digitized time series is a faithful representation of the original contin-
uous time series as long as the original one does not contain any frequency
components above the Nyquist frequency. Put in a different way, a con- -10 ‘ ‘ . . .
tinuous time series which is band-limited to the intervaB| B], should be 0 50 100 150 200 250 300

digitized at a rate=2B (i.e., At = 1/(2B)) in order to retain all the Time

information present in the continuous time series. Aliasing is an undesir-

able effect that occurs if this criterion is violated, namely if a time seriesFIGURE 2 Piece of a time series composed of a stochastic piece gen-
with frequency content outside the frequency intervalfy,,, fuyql is erated by an order 4 autoregressive process added to a sum of three
digitized at an intervalAt = 2/, The spectral power outside the sinusoids (see text).

e
L

Amplitude
o

|

-5

T




Mitra and Pesaran Analysis of Brain Imaging Data 695

There are various choices of tapers. A taper with optimal band-limitingadvantages of this technique can be found in Percival and Walden (1993,
properties is the zeroth discrete prolate spheroidal sequence, which 8hap. 7).
described in detail later in the text. Using this taper, a single taper spectral Consider a finite length sample of a discrete time proogss = 1,

estimate is given in the top right corner of Fig. 5. In this and the following 2, . .. ,N. Let us assume a spectral representation for the process,
section, the Fourier transforms are implemented using an FFT after the

time series of lengtiN is padded out to lengthNtor 8N. This still gives a 12

discrete representation qf the cor_re_spond?ng continuous functions of_ fre- X, = dX(f)eXFXZWifT) (3)
qguency; however, the grid is sufficiently fine that the resulting function

appears to be smooth as a function of frequency. -2

The Fourier transform of the data seque(f¢ is therefore given by
Autoregressive spectral estimation

To illustrate a parametric spectral estimate, we show in Fig. 3 the results of N . 12

an autoregressive (AR) modeling of the data using an order 19 AR process. X(f) = >, xexp(—2mift) = K(f—f7, N)dX(f')

We used the Levinson-Durbin procedure for purposes of this illustration 1 —1/2

(Percival and Walden, 1993, p. 397). The order of the AR model was (4)

determined using the criterion AIC (Akaike, 1974). Although the paramet-
ric estimate is smooth, it fails to accurately estimate the underlying theoyhare
retical spectrum. In particular, it completely misses the delta function peaks

atf = 0.122 andf = 0.391. ’ _ ; ’

Some comments are in order regarding AR spectral estimates. The basllé(]c f, N) - exp( 2 (f ) (5)
weakness of this method is that it starts with the correlation function of the Sin(Nﬂ'(f _ f/))
data in order to compute the AR coefficients. This, however, presupposes SN+ D/2)
the answer, since the correlation function is nothing but the Fourier sin(a(f —f'))

transform of the spectrum: if the correlation function were actually known,
there would be no need to estimate the spectrum. In practice, an estimate Note that for a stationary process, the spectrum is give&(Ihydf =
of the correlation function is made from the data, which contains the same[|dX( f)[?]. A simple estimate of the spectrum (apart from a normalization
bias problems as in estimating spectra. In fact, in obtaining the illustrate¢onstant) is obtained by squaring the Fourier transform of the data se-
fit, we computed the correlation function by Fourier transforming a directquence, i.e.|%(f)|? This suffers from two difficulties: firstx(f) is not
multitaper spectral estimate (to be described below). Attempts to escapequal toX(f) except when the data length is infinite, in which case the
from the circularity pointed out above usually result in strong model kernel in Eq. 5 becomes a delta function. Rather, it is relateq{ f by a
assumptions, which then lead to misfits in the spectra (for further discuseonvolution, as given by Eg. 4. This problem is usually referred to as
sions, see Thomson, 1990, p. 614). Despite these problems, AR methods tigias,” and corresponds to a mixing of information from different frequen-
have some use in spectral estimation, namely to obtain prewhitening filtergies of the underlying process due to a finite data window length. Second,
that reduce the dynamic range of the process, and thus help reduce biasdwen if the data window length were infinite, calculatiigf)* without
the final spectral estimate. Another valid usage of AR methods is to treatising a tapering function (a quantity known as the periodogram) effectively
sufficiently narrow-band signals that can be appropriately modeled bysquares the observations without averaging; the spectrum éxfieztation
low-order AR processes. of this squared quantity. This issue is referred to as the lack of consistency
of the periodogram estimate, namely the failure of the periodogram to
converge to the spectrum for large data lengths. The reason for this is
Multitaper spectral analysis straightforward. When one takes a fast Fourier transform of the data, one

. . . L is estimatingN quantities fromN data values, which obviously leads to
Here we present a brief review of multitaper estimation (Thomson, 1982). L . ) )
overfitting if the data are stochastic. More precisely, the squared Fourier

This method involves the use of multiple orthogonal data tapers, in pé?r'transform of the time series is an inconsistent estimator of the spectrum,

ticular prolate spheroidal functions, which provide a local eigenbasis in . - ) St
frequency space for finite length data sequences. A summary of th‘la)ecause it does nqt converge as the data time senes_te_nds to infinite length.
To resolve the first issue, the data are usually multiplied by a data taper,
which leads to replacing the kernel in Eq. 5 by a kernel that is more
localized in frequency. However, this leads to the loss of the ends of the
10000.00 ¢ " ‘ ‘ " 3 data. To surmount the second problem, the usual approach is to average
3 together overlapping segments of the time series (Welch, 1967). Repetition

g 1000.00 of the experiment also gives rise to an ensemble over which the expectation
5 100.00; can be taken, but we are interested in single trial calculations involving
1 10.00 r only a single time series. Evidently, some amount of smoothing is neces-
u,_) g sary to reduce the variance of the estimate, the question being what is an
g 1.00 appropriate and systematic way to performing this smoothing.
c 0.10 An elegant approach toward the solution to both of the above problems
0.01 is provided by the multitaper spectral estimation method in which the data
’ ‘ . . : are multiplied by not one, but several orthogonal tapers, and Fourier-
0.00 0.10 Oﬁagquer?é?lo 0.40 0.50 transformed to obtain the basic quantity for further spectral analysis. The

method can be motivated by treating Eq. 4 as an integral equation to be
. ) ) ) _solved in a regularized way. The simplest example of the method is given
F!GURE 3 Al,!toregresswe spgctral estlmatg of time series data shown 'By the direct multitaper spectral estimag,(f), defined as the average
Fig. 2 dashed ling Also shown is the theoretical spectrum of the under- over individual tapered spectral estimates,

lying process folid line). Note that the sine waves lead to delta functions,

whose heights have been determined for the display so that the integrated

intensity over a Raleigh frequency gives the correct strength of the theo- 1 K »

retical delta function. The autoregressive estimate completely misses the SMT(f) = R E |Xk(f)|2 (6)
peaks af = 0.122 andf = 0.391. k=1
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where ° & |
\ g —MWWWNWJ\WW
() = 2 w(K)xexp(—2mift) "n =
1
Herew (k) (k = 1, 2, ...,K) are K orthogonal taper functions with §
appropriate properties. A particular choice of these taper functions, with"_;l MM'A‘WMMWMW

optimal spectral concentration properties, is given by the discrete prolate<
spheroidal sequences (DPSS) (Slepian and Pollak, 1961yy,{letW, N)
be thekth DPSS of lengtiN and frequency bandwidth paramet&r The
DPSS form an orthogonal basis set for sequences of lehgtand are
characterized by a bandwidth paramatérThe important feature of these
sequences is that for a given bandwidth paramétemd taper lengtiN,

K = 2NW sequences out of a total bfeach have their energy effectively
concentrated within a range-W, W] of frequency space. Consider a
sequencey, of lengthN whose Fourier transform is given y(f) = =)

w, exp(—2mift). Then we can consider the problem of finding sequemges
so that the spectral amplitudé(f) is maximally concentrated in the
interval [-W, W], i.e.,

\ N /' WWMMWM M”WMWMW”W

I W WAMJWMWMMMWWW

Time Time

Amplitude

Amplitude

w

]U(f)]zdf (8) FIGURE 4 Left column prolate spheroidal data tapers féwW =5 (k =
-w 1...4).Right columntapered time series corresponding to the time series
in the example given in the text (part of which is shown in Fig. 2),
is maximized, subject to a normalization constraint which may be imposednultiplied by the data tapers in the left column.
using a Lagrange multiplier. It can be shown that the optimality condition
leads to a matrix eigenvalue equation fatk, W, N)

N Sil’{ZTrW(t _ t’)] Also shown in that figure is the theoretical spectrum of the underlying
2 —— Wy = /\Wt (9) model.
=1 W(t -1 ) In the direct estimate, an arithmetic average of the different spectra is

taken. However, the different data tapers differ in their spectral sidelobes,

The eigenvectors of this equation are the DPSS. The remarkable fact £0 that a weighted average is more appropriate. In addition, the weighting
that the first NW eigenvalues\ (N, W) (sorted in descending order) are factors should be chosen adaptively depending on the local variations in the
each approximately equal to one, while the remainder are approximatel?pewum- For more detailed considerations along these lines, the reader is

zero. Since it follows from the above definitions that referred to Thomson (1982). _ ,
Sine waves in the original time series correspond to square peaks in the

W |U(f)|2df multitaper spectral estimate. This is usually an indication that the time
AN, W) = 1_,;”72 (10) series contains a sinusoidal component along with a broad background. The
f—1/2|U( f)| df presence of such a sinusoidal component may be detected by a test based

on a goodness-of-fiE-statistic (Thomson, 1982). To proceed, let us as-
this is a precise statement of the spectral concentration mentioned aboveume that the data contain a sinusoid of complex amplitugefrequency
The fact that many of the eigenvalues are close to one makes the eigefy (The corresponding real series being Rekp(2nif t)]. Let us also
value problem Eqg. 9 ill-conditioned and unsuitable for the actual compu-assume that in a frequency interviy f W, f, + W] aroundf,, the process
tation of the prolates [this can be achieved by a better-conditioned tridito which the sinusoid is added, is white. Note that this is a much weaker
agonal form (Percival and Walden, 1993)]. The DPSS can be shifted irassumption than demanding that the process is white over the entire
concentration from+W, W] centered around zero frequency to any non- frequency range. Under these assumptions,féffy — W, f, + W] the
zero center frequency interviy — W, fy + W] by simply multiplying by tapered Fourier transforms of the data are given by
the appropriate phase factor exgi{ft), an operation known as demodu-
lation. The usual strategy is to select the desired analysis half-bandwidth X (f) = uU,(f — f)) + n(f), k=1,2,... K (11)
to be a small multiple of the Raleigh frequencyNl/and then take the
leading NW — 1 DPSS as data tapers in the multitaper analysis. Note that Here U,(f) is the Fourier transform of thkth DPSS, and is in the
<2NWof the sequences are typically taken, since the last few of these havenge f, — W, f, + W]. The assumption of a locally white background
progressively worsening spectral concentration properties. implies thatn,(f) are independently and identically distributed complex

For illustration, in the left column of Fig. 4 we show the first 4 DPSS Gaussian variables. Treating Eq. 11 as a linear regression equatfien at

for W = 5/N. Note that the orthogonality condition ensures that successive, leads to an estimate of the sine wave amplitude (which corresponds to a
DPSS each have one more zero crossing than the previous one. In the righarticular tapered Fourier transform of the data)
column of Fig. 4, we show the time series example from the earlier

subsection multiplied by each of the successive data tapers. In the left A Sx(fo)UR(0)
column of Fig. 5 we show the spectra of the data tapers themselves, l-’v(fo) = W (12)
showing the spectral concentration property. The vertical marker denotes K-k
the bandwidth parametef. and to anF statistic for the significance of a non-zefo
In Fig. 5 we show the magnitude-squared Fourier transforms of the
tapered time series shown in Fig. 4. The arithmetic average of these spectra |;’«(fo)|2
fork=1,2,...,9 (note that only 4 of 9 are shown in Figs. 4 and 5) gives F(fo) = (13)

a direct multitaper estimate of the underlying process, shown in Fig. 6. SlXe(fo) — ;AJ,(fO)Uk(O)|
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Frequency Frequency FIGURE 7 (A)F-statistic values for testing for the presence of a signif-

icant sinusoidal component in the time series example along with signifi-
FIGURE 5 Left column spectra of the data tapers shown in Fig. 4, left cance levels. (B) Direct multitaper spectral estimate of the time series
column.Right column spectra of the tapered time series shown in Fig. 4, example usingvVT = 5,K = 9 reshaped to remove the sinusoidal lines. The
right column, giving single taper estimates of the spectrum. theoretical spectrum is also shown in bold.

Under the null hypothesis that there is no line presg(ft) has anF
distribution with (2, X — 2) degrees of freedom. We plot this functie(f)
for the time series in the above example in Figh.7For this example we
have chosetW = 7/N, K = 13. One obtains an independdmistatistic
every Raleigh frequency, and since there [drRaleigh frequencies in the
spectrum, the statistical significance level is chosen to be I/N. This
means that on an average, there will be at most one false detection of
sinusoid across all frequencies. A horizontal line in Figh indicates this
significance level. Thus, a line crossing this level is found to be a signif-

icant sinusoid present in the data. The sinusoids known to be present in the
data are shown to give rise to very significanstatistics at this level of
significance, and there is one spurious crossing of the threshold by a small
amount. The linear regression leads to an estimate for the sinusoid ampli-
tudes. In the present example, the percentage differences between the
original and estimated amplitudes were found to be 6%, 4%, and 2% for
iﬁcreasing frequencies; the corresponding errors for the phase were 0.2%,
2%, and 2%. Note that the errors in phase estimation are smaller than the
errors in the amplitude estimates. From the estimated amplitudes and
phases, the sinusoidal components can be reconstructed and subtracted
from the data. The spectrum of the residual time series can then be

10000.00 ¢ . - — 3 estimated by the same techniques. This residual spectrum is shown in Fig.
F 1 7 B, along with the theoretical spectrum of the underlying autoregressive
1000.00: process.
S 100.00 :
S g Choice of the bandwidth parameter
& 10.00¢ , _ , _
5 E The choice of the time window lengtii = NAt and the bandwidth
g 1.00; parametelV is critical for applications. No simple procedure can be given
o £ for these choices, because the choice really depends on the data set at hand,
0_102 and is best made iteratively by visual inspection and some degree of trial
F and error. ZW = 2W/(1/T) gives the number of Raleigh frequencies over
0.01L s . s . which the spectral estimate is effectively smoothed, so that the variance in
0.00 0.10 0.20 0.30 0.40 0.50 the estimate is typically reduced by'@/ Thus, the choice ofVis a choice
Frequency of how much to smooth. In qualitative terms, the bandwidth parameter

should be chosen to reduce variance while not overly distorting the spec-
FIGURE 6 Direct multitaper spectral estimate of time series exampletrum. This can be done formally by trading off an appropriate weighted
usingWT = 5,K = 9. The estimates for the first four of the nine tapers that sum of the estimated variance and bias. However, as a rule of the thumb we
are averaged to create this estimate are shown in Fig. 5. The theoretictihd fixing the time bandwidth produciW at a small number (typically 3
spectrum is also shown. or 4) and then varying the window length in time until sufficient spectral
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resolution is obtained is a reasonable strategy. This presupposes that tegular value spectrum, organized in descending order, will show a decay

data are examined in the time-frequency plane so Thatay be signifi- indicative of the structure in the data.

cantly smaller than the total data length. To make sense of an SVD performed on a data matrix, it is important
to know the expected distribution of singular values if the entries of the
matrix were random. This problem lies in the domain of random matrix

Analysis of multivariate data theory, and can be solved in special cases (Sengupta and Mitra, 1996,
unpublished observations). As an example, consider the case of g

So far we have concentrated on the analysis of univariate time seriesnatrix Al = M, + N where.il, is fixed and the entries oN are

However, the principal subject of this paper is multichannel data, so wendependently normally distributed with zero mean and identical variance

now consider the analysis of multivariate time series. The basic methodg2, A, may be thought of as the desired or underlying signal; for an SVD

for dealing with such data are similar to those used for other multivariatero be useful,il, should effectively have a low rank structure. A typical

data, with modifications to take into account the fact that we are dealingyrocedure is to take the SVD oft and to truncate the singular value

with time series. In fact, a scalar time series can itself be usefully represpectrum to keep only values that cross a threshold. Consider the special

sented as a multivariate time series by going to a lag-vector representatiathse in whichil, = 0, so that we are dealing with a purely noise matrix.

or a time-frequency representation. Such a representation may be desirahjgthis case, it can be shown that (Denby and Mallows, 1991; Sengupta and

to understand the structure underlying the scalar time series. Other exanMitra, 1996, unpublished observations) the density of singular values,

ples of multichannel data include multiple spike trains and various forms ofgefined as

brain imaging, including optical imaging using intrinsic and extrinsic

contrast agents, magnetic resonance imaging, and magnetoencephalogra- p(A) = (O 8(A — Ay) a7

phy. In general one can think of one or two space dimensions added to the n

time dimension in the data. In the sections below we briefly review some

of the concepts useful to our analysis later in the paper. The techniques ca# given in the limit of large matrix sizes by

be grouped into two general classes: choosing an appropriate low-dimen-

sional representation (e.g., in principal components analysis) or choosing a _ 1 2 N2 2
partitioning of the multidimensional space (e.g., in various forms of clus- p()\) T o\ ()\Jr A )()‘ )\*) (18)
tering). In this section we concentrate on mode decomposition. A discus-
sion of clustering methods may be found in Duda and Hart (1973). where (recall that? is the variance of the matrix entries, apdq are the
dimensions of the matrix)
Eigenmode analysis: SVD p+q
g 4 A2 = 202[2 + \bq (19)

The singular value decomposition (SVD) is a representation of a general

matrix of fundamental importance in linear algebra that is widely used t0 |1 is somewhat easier to work with the integrated density of states
generate canonical representations of multivariate data. It is equivalent tp()\) = [ p(x)dx, sincex plotted against - P(\) gives the sorted singular
principal component analysis in multivariate statistics, but in addition is, 5 es (in decreasing order). More generally, is not zero, but is given
used to generate low-dimensional representations for complex multidimerby a low-rank matrix. The distribution of the singular values can be worked
sional time series. The SVD of an arbitrary (in general compex) q out in this case, but if the original matrix has low rank and if the “signal”
matrix (p > q) .t is given by.it = UA\_/*, where thep X qmatrixU has  gingular values are large compared to the noise singular values, then the
orthonormal columns, the X g matrix A is diagonal with real, non-  gingylar value distribution shows a tail which can be fit by the above

negative ent;ief, and thfx q matr;xv is unitary. Note that the matrices  ¢qrmy|a, the only quantity needing adjustment being the total weight under
MALT = UA2UT and ML = VA2V' are hermitian, with eigenvalues he density functiom()) (i.e., an overall normalization factor).

corresponding to the diagonal ehtrieszﬁandq, andV the corresponding To illustrate the above, in Fig. 8 we show the sorted singular values
matrices of eigenvectors. Consider the special case of space-timidata fom the SVD of data se€ consisting of 550 frames of fMRI data. The
t). The SVD of such data is given by original image data consisted of 550 images eachx684 pixels big, but
_ the space data were first masked to select out 1877 pixels. Thus, the SVD
I(x, 1) = E Anln(X)ay(t) (14) is performed on a 187% 550 matrix. The resulting singular values are
n

shown with the range truncated to magnify the noise tail. Also shown is the

) . . . theoretical singular value spectrum expected for the noisediashed ling
wherel, (x) are the eigenmodes of the “spatial correlation matrix”

C(x, x") = 2 1(x, (X', t) (15)

10

Similarly, a,(t) are the eigenmodes of the “temporal correlation
matrix”

Ct, t') = D 1(x, HI(x, t') (16)

Singular Values

If the sequence of images were randomly chosen from an ensemble of
spatial images, thet©(x, x’) would converge to the ensemble spatial
correlation function in the limit of many time samples. If in addition the 1
ensemble had space translational invariance, then the eigenrh@ees [

would be plane waves exj(- x), the mode number would correspond to 0 100 200 300 400 500
wavevectors and the singular values would correspond to the spatial Mode Number

structure factoiS(k). In general, the image ensemble in question will not

have translational invariance; however, the SVD will then provide a basiFFIGURE 8 Sorted singular values corresponding to a space-time SVD of
set analogous to wave vectors. In physics one normally encounters strugdunctional MRI image time series from data &tThe tail in the spectrum
ture factorsyk) that decay with wave vector. In the more general case, theis fit with the theoretical formula given in the text.
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based on the formula Eq. 18 for a pure noise matrix with a single adjustablshown for the first 20 modes (with the largest singular values). The spectra
parametew?, which has been selected to match the middle portion of theare coded as gray scale intensities, and are shown against the corresponding
tail. The total weight of the density has been adjusted to account for the lashode numbers. As is clear from studying the spectra as a function of mode
500 singular values. number (Fig. 9B), the decomposition mixes the various effects.

Unlike in the temporal domain, where going to a frequency-based We describe below a more effective way of separating distinct compo-
representation does make sense for neurobiological data, the spatial waveents in the image time series dealt with here using a decomposition
vector representation is not of general use because of the generic lack ahalogous to the space-time SVD, but in the space-frequency domain. The
translational invariance in space. However, the spatial basis generated Ispiccess of the method stems from the fact that the data in question are
an SVD is somewhat more meaningful. It may, for example, reflectbetter characterized by a frequency-based representation.
underlying anatomical structure. Application of the SVD on space-time
imaging data may be found in the literature, sometimes with modifications.

However, the space-time SVD suffers from a severe drawback in theSpace-frequency SVD

present context. The difficulty is that there is no reason why the neurobio-

logically distinct modes in the data should be orthogonal to each other, &Tom the presence of clear spectral peaks in Fi§itdcan be inferred that
constraint imposed by the SVD. In practice, it is observed that an SVD orflifferent components in the dynamic image data may be separated if the
space-time data, different sources of fluctuations, such as cardiac andvD were performed after localizing the data in the frequency domain.
respiratory oscillations and results of neuronal activity, may appear in thefhis can be achieved by projecting the space-time data to a frequency
same mode of the decomposition, thus preventing an effective segregatiditerval, and then performing SVD on this space-frequency data (Thomson
of the different degrees of freedom. and Chave, 1991; Mann and Park, 1994; Mitra et al., 1997). Projecting the

As an example, consider the SVD of the fMRI data §etthe corre- data on a frequency interval can be performed effectively by using DPSS
sponding singular value distribution of which has been shown in Fig. 8.With the appropriate bandwidth parameter. For a fixed center frequency
Note that in these data the digitization rate was 5 Hz, and the length of th@nd a half-bandwidthW, consider the projection matrix
time series 110 s. The mixing of physiologically distinct processes in the .
individual principal componer?t (Pg))t/ime sgeriesythus obtaFi)ned canbeseen  Pifi W) = wi(t, Wexp(2mitf) k=1,2,... K
by studying the spectra of the PCs. FigA%hows the average spectrum (20)
across PCs of data sét The peak near-zero frequency corresponds to the ) )
stimulus response as well as possible vasomotor oscillation or other slow In the above we assume that= [2NW), where [X] is the integer CIOS_ESt
fluctuations. The peaks at 0.3 Hz, 0.6 Hz correspond to breathing, and thi® X but less than X. Acting on the space of sequences of leNgthis

peak at 1.3 Hz corresponds to the cardiac cycle. In Fi 1% spectra are matrix projects out a subspace with frequencies concentrateid-inW,
f + W)]. Note thatP'P serves as an optimal band-limiting filter on the time

series. Given thé\, X N space-time data matrik = I(x, t), the space-
frequency data corresponding to the frequency bdnd W, f + W] are

A given by theN, X K complex matrixi = IPT. In expanded form,
1000.0 : T ——3— 3
E ] N
10001 T, k; ) = D 1(x, Hwilt, W)exp(2mitf ) (21)
£ : ’E 3 t=1
= [ fl
§ I‘. I i M We are considering here the SVD of tNg X K complex matrix with
% 1008, o M 3 entriesi(x, k; f) for fixed f
L E | l E , K .
g EA } IJ I'vm i, ,.J \ I-«]jﬂ.ir_,rw,l
L ! r,‘.\.‘ ,rl' f i I 1 7} T . _ ~ . .
& ol VN TS ALY 06k ) = 2 AP gk 1) (22)
‘ 4 : "
01! . : . = S This SVD can be carried out as a function of the center frequéncy
0.0 0.5 1.0 1.5 2.0 25 using an appropriate choice W. In the best case most of the coherent
Frequency (Hz) structure is captured by the dominant singular vector at each frequency. At
each frequency one obtains a singular value spectru)mf)~ (n=1,2,
B ..., K), the corresponding (in general complex) spatial mhée f), and

the corresponding local frequency modeggk; ). The frequency modes
can be projected back into the time domain usig(f, W) to give
(narrowband) time varying amplitudes of the complex eigenimage.

In the space-frequency SVD computation, an overall coher@fte
may be defined as (it is assumed tiat= N,)

()

) = S Xy

(23)

Frequency (Hz)

25
2.0
1.5
1.0
The overall coherence spectrum then reflects how much of the fluctu-
0.5 ation in the frequency band - W, f + W] is captured by the dominant
spatial mode. If the image data are completely coherent in that frequency
0.0 band, therC(f) = 1. More generally, &= C(f) = 0, and for random data,
0 5 10 15 20 assumingN, >> K, C(f) ~ 1/K. If N, andK are comparable, then results
SVD Mode Number such as those in the previous section may be used to determine the
distribution of C(f).
FIGURE 9 Spectra of first 20 principal component time series from data  To illustrate this technique, we show results of its application to data set
set6. (A) Weighted average spectrum; (B) image showing the spectrdé of fMRI data. The calculation used 19 DPSS, corresponding to a full
versus mode number. The log amplitudes of the spectra are color-codedandwidth of 0.2 Hz. The overall coherence spectrum resulting from a
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space-frequency SVD analysis of these data is shown in Fig. 10. Note th
correspondence of this spectrum, which is dimensionless, to the powe
spectrum presented in Fig./R The magnitude§l, (x; f)| of the dominant
spatial eigenmodes as a function of frequency are shown in Fig. 11. Th
leading eigenmodes separate the distinct sources of fluctuations as
function of frequency.

Local frequency ensemble and jackknife
error bars

One important advantage of the multitaper method is that it offers a natura

way of estimating error bars corresponding to most quantities obtained it

time series analysis, even if one is dealing with an individual instance of &

time series. The fundamental notion here is that dbeal frequency

ensembleThe idea is that if the spectrum of the process is locally flat over

a bandwidth 2V, then the tapered Fourier transformig(f) = =,

exp(—2mift)x(t)w,(t) constitute a statistical ensemble for the Fourier trans-

form of the process at the frequenfy Assuming that the underlying

process is locally white in the frequency randg + W, f, + W), then it FIGURE 11 Amplitudes of leading spatial eigenmodes for the space-

follows from the orthogonality of the data tapers tRgtf ) are uncorrelated  frequency SVD of fMRI data for data s&t Note that the spatial structure

random variables with the same variance. For langex (f) may be varies as a function of center frequency with the physiological oscillations

assumed to be asymptotically normally distributed under some generaiegregating into distinct frequency bands.

circumstances (for related results see Mallows, 1967). This provides one

way of thinking about the direct multitaper estimate presented in the

previous sections: the estimate consists of an average over the local

frequency ensemble. estimates from which an error bar may be computed (Thomson and Chave,
The above discussion serves as a motivation for multitaper estimates afg91). As an example, we show in Fig. 12 jackknife estimates of the

the correlation function, the transfer function, and the coherence betweestandard deviations of the spectral estimate in Fig. 6.

two time series. Given two time serigsy,, and the corresponding multiple

tapered Fourier transforn¥g(f), ¥i(f), the following direct estimates can

be defined (Thomson, 1982) for the correlation functigy,(f) = ANALYSIS TECHNIQUES FOR

E[Y(f)%*( )], the transfer functio,,(f) = E[J(f)X*( f)VE[X()[?], and DIFFERENT MODALITIES
the coherence functiop,,(f) = E[Y(f)5*( )/ VE[R(F)PIE[[F(F)T:

We now deal with specific examples of data from different brain imaging
. 1 K modalities. We concentrate on general strategies for dealing with such data,
ny(f) = K E )N/k(f)f(k(f) (24) and most of our techniques apply with minor changes across the modes.
— However, it is easier to treat the various cases separately, and we present
somewhat parallel developments in the following sections. The dataisets
Elf:l yk(f))“(t( f) through® have been briefly discussed before.

T, (f) === (25)
T B X))
K e Magnetoencephalography
~ o Y(HX(F) ) ) ) - )
pyx(f) = T s P 5 (26) In this section we consider data sdt consisting of multichannel MEG
\§2k:1|xk(f)| SV ()] recordings. The number of channels is 74 (37 on each hemisphere), the

digitization rate 2.083 kHz, and the duration of the recording is 5 min.
These definitions allow the estimation of the coherence and transfer

function from a single instance of a pair of time series. By using the local
frequency ensemble one can also estimate jackknife error bars for the
spectra and the above quantities. The idea of the jackknife is to create

different estimates by leaving out a data taper in turn. This creates a set of 1000.000 ] ’ '
100.000
E
1.00 ; ‘ ‘ " 2 10.000
[&3
4] R
0.75F 1 & 1.000:
g 0.50- | S 0.100
S 0.010%
© pa2st ] R:
0.001 L s . . ‘
0.00 ‘ ‘ 0.00 0.10 0.20 0.30 0.40 0.50

00 05 10 15 20 25 Frequency
Frequency (Hz)
FIGURE 12 Jackknife error bars on multitaper spectral estimate corre-
FIGURE 10 Overall coherence spectrum corresponding to the functionasponding to spectrum shown in Fig. 6. The spectral estimate is the thick
MRI time series examined in Figs. 8 and 9. line and the error bars are in dotted lines.
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Preprocessing

1000 ¢ i T T
An occasional artifact in MEG recordings consists of regularly spaced 3

spikes in the recordings due to cardiac activity. This is caused when the
comparatively strong magnetic field due to currents in the heart is not well
canceled. To suppress this artifact, we proceed as follows: first, a space-
time SVD is performed on the multichannel data. The cardiac artifacts are
usually quite coherent in space, and show up in a few principal component
time series. In those time series, the spikes are segmented out by deter-
mining a threshold by eye and segmenting out 62.5 ms before and after the
threshold crossing. The segmented heartbeat events are then averaged to
determine a mean waveform. Since the heartbeat amplitude is not constant
across events, the heartbeat spikes are removed individually by fitting a
scaling amplitude to the mean waveform using a least-squares technique.
Each spike modeled by the mean waveform multiplied by a scaling
amplitude is then subtracted from the time series. Fig. 13 illustrates the
results of this procedure.

A fairly common problem in electrical recordings is the presence of

100°

Power Spectrum

10,

0 10 20 30 40 50 60 70
Frequency (Hz)

(o)

60-Hz artifacts and on occasion sinusoidal artifacts at other frequencies. 60 ' }
Such sinusoidal artifacts, if they lie in the relevant data range, are usually 50 i
dealt with using notch filters. This is, however, unnecessarily severe since

the notch filters may remove too large a band of frequencies, in particular 40

in the case of MEG data where frequencies close to 60-Hz are of interest. 2

We find that the 60-Hz line and other fixed sinusoidal artifacts can be é’ 30 l |
efficiently estimated and removed using the methods for sinusoidal esti- CE"

mation described in Multitaper Spectral Analysis. Specifically, in this case < 20 ]
the frequency of the line is accurately known (this requires a precise

knowledge of the digitization rate) and one has only to estimate its 101 |
amplitude and phase. This is done for a small time window using Eq. 12.

By sliding this time window along, one obtains a slowly varying estimate 0 L s . . .

of the amplitude and phase, and is therefore able to reconstruct and subtract 0 5 10 15 20 25 30

the sinusoidal artifact. The results of such a procedure are illustrated in Fig. Time (s)

14 A, where a time-averaged spectrum is shown for a single channel before

and after subtraction of the line frequency component. In FigBlthe FIGURE 14 (A) Time-averaged spectrum befosel{d line) and after

amplitude of the estimated 60-Hz component is shown with its slow(dotted ling subtraction of 60-Hz artifact (single channel time series) from

modulation over time. MEG data in data set{. (B) Estimated time-varying amplitude of the
60-Hz line frequency.

Time frequency analysis

The spectral analysis of multichannel data presents the fundamental prolspectral content of the data. For purposes of illustration of our techniques
lem of how to simultaneously visualize or otherwise examine the time-we consider the first three PC time series in a 5-min segment recording of
frequency content of many channels. One way to reduce the dimensionalitypontaneous awake activity.
of the problem is to work with PC time series. A space-time SVD of MEG A useful preliminary step in spectral analysis is prewhitening using an
data gives a rapidly decaying singular value spectrum. This indicates thappropriate autoregressive model. This is necessary because the spectrum
one can consider only the first few temporal components to understand theas a large dynamic range. Prewhitening leads to equalization of power
across frequencies, which allows better visualization of time-frequency
spectra. In addition, a space-time SVD is better performed on prewhitened
data, since otherwise the large-amplitude, low-frequency oscillations com-
pletely dominate the principal components. The qualitative character of the
average spectrum is a slope on a semilogarithmic scale (Fig).1%he
goal is to prewhiten with a low-order AR model so that the peaks in the
spectrum are left in place, but the overall slope is removed. Considering the
M W derivative of the spectrum rather than the spectrum itself achieves a similar
\J M/ i result.

The procedure is to first calculate a moving estimate of the spectrum
using a short time windowT(= 0.35 s in the present case) and a direct

w multitaper spectral estimatov = 4/T; K = 6). These estimates are then
W{ W WV‘ averaged over time to obtain a smooth overall spectrum. Next, a low-order

Amplitude

autoregressive model (order 10 in the present case) is fit to the spectral
estimate. We use the Levinson Durbin recursion to fit the AR model.

0 1 2 3 4 5 Results of such a fit are shown in Fig. 15. The coefficients of the

Time (s) autoregressive process are then used to filter the data, and the residuals are
subjected to further analysis. Thus, if the coefficients obtainedyaend

FIGURE 13 PC time series of MEG data from data sktontaining the original time series i%, then the residuals a@, = x, — 27 X_ &,
cardiac artifacts. The upper plot shows the time course before suppressiavhich are subjected to a time-frequency analysis.
and the spikes due to the heartbeat are clearly visible. The lower plot shows Typical time-frequency spectra of prewhitened PC time series are
the time course after suppression of the heartbeat using the techniquhown in Fig. 16. The spectra were obtained using a direct multitaper
described in the text. estimate for 1-s long-time windows and féf = 4 Hz,K = 6.
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10000¢E T 3 PC time series obtained earlier, is displayed in FigAllh this figure, the

i ] magnitude of the estimaj#f, ') for the leading PC time series is displayed
as a function of the two argumenfsandf’. For comparison, in Fig. 1B,
results of the same procedure obtained after initially scrambling the time
series are also displayed. A visual comparison shows the lack of evidence
for correlations across frequencies in an average sense. This rules out, for
example, the scenario in which transient peaks in the spectrum at high
frequencies are predominantly harmonics of corresponding transient peaks
at low frequencies. Although in the present case we obtain a null result, it
can be expected that this measure will provide useful information when
correlations between different frequencies are actually present.

1000 &

100}

Power Spectrum

10

0 10 20 30 40 50 60 70

Frequency (Hz) Multichannel spectral analysis

The time-frequency spectra of leading PCs shown in the earlier section
FIGURE 15 Autoregressive fit to averaged spectrum of MEG data fromcapture the spectral content of the MEG signal that is coherent in space.
data setd averaged over nonoverlapping windows in time for purposes ofAlternatively, one can perform a space-frequency SVD with a moving time
prewhitening. The thick line shows the autoregressive fit to the averagevindow on the data. It is also desirable to obtain time-averaged charac-
spectrum. The thin line shows the average spectrum. A low-order ARerizations of the coherence across channels. This can be done by consid-
spectral estimate is used to reduce the dynamic range in the spectrusring the coherence functions between channgld), which can be
without fitting specific structural features of the data. estimated as in Eq. 26 using multitaper methods. The estimate, when

calculated for a moving time window, can be further averaged across time

windows. Displaying the matriy; poses a visualization problem, since the

To assess the quality of the spectral characterization it is important tandicesi, j themselves correspond to locations on a two-dimensional grid.

quantify the presence (or absence) of correlations between fluctuations dthus, an image displaying the matrp does not preserve the spatial
different frequencies. One measure of the correlations between frequencieslationships between channels. One solution to this visualization problem
for a given time series is given by the following quantity analogous to theis presented in Fig. 18, by representing the strength of the coherence

coherence between different channels: between two space points by the thickness of a bond connecting the two
) K X(H%E(F) -
Pxx\ T, =77 = =
\;’EL(:JXk(f)|ZEE:1|Xk(f’)|2 A

Frequency 2 (Hz)

Fraquency (Hz)

The estimate can be further averaged across time windows to increase 100 7 B
the number of degrees of freedom. This quantity, computed for the leading 3
80 1
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FIGURE 16 Time frequency spectrum of first three PCs obtained in aFIGURE 17 (A) Magnitude op(f, f') for the leading PC time series of
space-time SVD of MEG data from data sétprewhitened by the filter ~ MEG data from data setl. (B) Magnitude ofp(f, ') for the leading PC
shown in Fig. 15. time series after initially scrambling the time series.
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FIGURE 18 Magnitudes of coherences for MEG from datagebe-
tween points in space displayed by lines of proportionate thickness. The
coherences were computed for a center frequency of 20 Hz and half- > > < vV >
bandwidth 5 Hz, and truncated at 0.65 for display. R > L G - < > - >
-
< > > > < -> —>
—y—> > > > ﬂ\)
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points. This figure shows the coherengg(f) computed with a center < > > N > > N - T2
frequency 20 Hz and half-bandwidth 5 Hz. The bond strengths have beer < > s > - >
. . L o > 4 > > Ly >
thresholded to facilitate the display. This visualization, although not quan-
titative, allows for an assessment of the organization of the coherences in
space.

An alternative way of performing principal component analysis on FIGURE 19 Dominant spatial eigenmodes of a space-time SVD of band-
space-time data while localizing information in the frequency domain ispass-filtered MEG data from data sétfor the frequency band 35-45 Hz.
clearly to apply a space-time SVD to data which has first been frequencyThe two hemispheres of the brain are projected onto a plane, each being
filtered into the desired band. To obtain frequency filters with optimal sampled by 37 sensors.
band-limiting properties, projection filters based on DPSS are used. For
illustration, we perform this analysis on the data under discussion. The
individual channels were first filtered into the frequency band 35-45 Hz. ) o - o
This gives a complex time series at each spatial location. The first thredMage data, and is therefore of limited utility for a full characterization of
dominant spatial eigenmodes in a space-frequency SVD are displayed fhe data.

Fig. 19, with singular values decreasing from the top to the bottom of the
figure. Since the spatial eigenmodes are complex, their values are repr
sented by arrows, whose lengths correspond to magnitudes and who

directions correspond to phases. It is quite clear from the figure that thgye nave developed a method for efficient suppression of respiratory and
data show a high degree of spatial coherence on an average. cardiac artifacts from brain imaging data (including optical images and
MRI images for high digitization rates) by modeling these processes by
slow amplitude- and frequency-modulated sinusoids. Other approaches to
suppression of these artifacts in the literature include “gating,” frequency

In this subsection we consider optical imaging data. We consider the(iltering, modeling of the oscillations by a periodic functign (Le and Hu,
general case of imaging data gathered either using intrinsic or extrinsi(.lg%)’ and removal of selected components ina spa_ce—yme SVD (Orbach
contrast. The case of intrinsic contrast is closely related to fMRI, and the8t ‘_r"l" 1995)' These approaches_ have varying efficacies. For example,
analysis parallels that of the fMRI data s&tsand%. To illustrate some 9"’“!”9 allgses the relgvagt oscillations down to ng frgquency, so thgt qny
effects important in the case of extrinsic contrast, we consider daf.set yarlatlon in these‘ oscillations cause ‘slov_v fluctuations in the data, which is
Data set? was gathered in presence of a voltage-sensitive dye, and” geperal_undeswable. Frequency f|_|ter|ng remoyes more spe_ctra_l energy
consists of images of an isolated procerebral lobe of Limax, with athan ',S ;tnctly ngce§s§1ry from the signal. Modellng 9f the oscillations by
digitization rate 75 Hz and duration 23 s. a per!odl_c functhn is |mperfect_t_>ecause the _oscnlatlons themselves may
vary in time. This can be rectified by allowing the parameters of the
oscillations to slowly change in time. One must be able to fit a sinusoidal
Spectral analysis of PC time series model robustly to short time series segments to do this properly. Finally,
removing selected components in a space-time SVD is not a safe procedure
The general procedure outlined above for fMRI data consisting of abecause as discussed before, the space-time SVD does not necessarily
space-time SVD followed by a spectral analysis of the PC time series iseparate the different components of the image data.
useful to obtain a preliminary characterization of the data. In particular, in  Our method for suppressing the above-mentioned oscillatory compo-
the case of optical imaging data using intrinsic or extrinsic contrast in thenents is based on multitaper methods for estimating sinusoids in a colored
presence of respiratory and cardiac artifacts, this procedure helps theackground described earlier. The method is based on modeling the oscil-
assessment of the artifactual content of the data. However, as discussé&tions by a sum of sinusoids whose amplitude and frequency are allowed
earlier, the space-time SVD mixes up distinct dynamic components of theo vary slowly. The modeled oscillations are removed from the time series

z—z}emova/ of physiological artifacts

Optical imaging
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in the data to obtain the desired residuals. Although a space-time SVD i 0.08
not sufficient by itself, applying such a removal technique to the leading
temporal PCs and reconstituting the residual time series appears to giv
good results. This procedure was found to be effective for a wide variety
of data, including optical imaging using both intrinsic and extrinsic contrast
in rat brain, and in fMRI data. The details of the technique are presentec
below.

0.06

Space-frequency SVD .04
In this section we present the results of a space-frequency SVD applied t
data setB. This technique has been described above (Figs. 10 and 11) fo
data set6. In Fig. 20 the coherence spectrum is shown for datéisdthe
coherence was computed on a coarse grid, since there is not much fin
structure than that displayed in the spectrum. In this case, 13 DPSS wel
used, corresponding to a full bandwidth of 0.3 Hz. The preparation (pro-
cerebral lobe of Limax) is known to show oscillations, which are organized
in space as a traveling wave. Traveling waves in the image, gathered in the

presence of a voltage-sensitive dye, reflect traveling waves in the eIectricq._lIGURE 21 Leading spatial eigenmodes of the space-frequency SVD
activity. The coherence spectrum displayed in Fig. 20 shows a fundament%l

. . . orresponding to Fig. 20. Amplitudes of the leading modes as a function of
frequency of~1.25 Hz and the corresponding first two harmonics. P 9 9 P 9

. . N ) center frequency.
The amplitudes of the leading spatial eigenmode as a function of center 9 y

frequency are shown in Fig. 21. Note that the spatial distribution of

coherence is more localized to the center of the image at the higher

harmonics. This reflects the change in shape of the waveform of oscillatio®f constant phase. In Fig. 2B, the constant phase contours for center

that is known to occur in the preparation as a function of spatial positionfrequencies 1.25 and 2.5 Hz (fundamental and first harmonic) are super-

This phenomenon has been interpreted as a result of differing spatigtosed. On superposing the contours for the fundamental and the first

concentration profiles of two different cell types in this system (Kleinfeld harmonic, we discover an effect that was not evident in the earlier analysis

et al., 1994). Based on this past interpretation, the leading modes at thef the data (Kleinfeld et al., 1994), namely that the phase gradients at 1.25

fundamental and harmonic frequencies directly reflect the spatial distribuand 2.5 Hz are slightly tilted with respect to each other. This can be

tion of the different cell types. interpreted as two different waves simultaneously present in the system,
The spatial eigenmodes are complex, and possess a phase in additionfigt running in slightly different directions. Coexisting waves present at

an amplitude. This allows for the investigation of traveling waves in the

data. Let the leading spatial eigenmode, as a function of frequency, be

expressed as A

1,0 f) = Ax; Fexdiox f)] (28)

0.02

0.00

Given the convention we are following for the Fourier transform (Eq.
1), one may define the following local wave vector:

k(x;f) = =Vo(x; f) (29)

If the coherent fluctuations at a given frequency correspond to traveling
plane waves, thek(x; f) corresponds to the usual definition of the wave
vector. More generally, this quantity allows the systematic examination of
phase gradients in the system, which corresponds to traveling excitations.

The local wavevector map for data Sgfat a center frequency of 2.5 Hz
(the first harmonic) is shown in Fig. 2&, superposed on top of contours

1.00 i "
0.75- .
(]
[$]
]
o 050~ N
o
(&)
0.25~ il
FIGURE 22 Leading spatial eigenmodes of the space-frequency SVD
0.00 ‘ ‘ . . corresponding to Fig. 21. (A) Gradients of the phase of the leading SVD
0 1 2 3 4 5 mode at a center frequency of 2.5 Hz corresponding to local wave-vectors

Frequency (Hz) for the wave motion are shown as arrows. These are superposed on

constant phase contours for the mode. (B) Constant phase contours for

FIGURE 20 Overall coherence spectrum for a space-frequency SVD opatial eigenmodes of the space-frequency SVD for center frequencies 1.25
optical imaging data in data sé from procerebral lobe of Limax. Hz and 2.5 Hz. 2.5 Hz is shown by the bold contour.
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different temporal frequencies with different directions of propagation 25
have also been revealed by space-frequency SVD analysis of voltage-
sensitive dye images of turtle visual cortex (Prechtl et al., 1997). 2.0
N
L
Magnetic resonance imaging > 15
o
The data set® and% comprising functional MRI data have been used in g 10
earlier sections to illustrate the techniques presented in the paper (Figs. 8' ’
8-11). In this section we continue to illustrate analytical techniques on this i
data set. The data sets were gathered with a digitization rate of 5 Hz and 0.5
a total duration of 110 s. Data s&/% was gathered in the presence/
absence of a flashing LED checkerboard pattern serving as visual stimulus. 0.0 l ! y
An extra problem in the analysis of MRI data is the presence of motion- 0 20 40 60 80 100
related artifacts, which have to be suppressed (Mitra et al., 1997). Time (s)

FIGURE 23 Time frequency plot of frequency tracks for a moving
sinusoidal model of the cardiac and respiratory artifacts in fMRI data from
Here a detailed description is provided of the method for removal ofdata seté. The analysis is performed on a PC time series obtained by
physiological oscillations discussed in the section on optical imaging dataP€rforming a space-time SVD.
A space-time SVD of the data is first computed, followed by sinusoidal
modeling of the leading principal component time series. This is necessary
for two reasons: 1) the images in question typically have many pixels, anéis small as the digitization rate of the data, but is limited in practice by the
it is impractical to perform the analysis separately on all pixels; 2) theavailable computational resources. The estimated sinusoids are recon-
leading SVD modes capture a large degree of global coherence in thetructed for each analysis window, and the successive estimates are over-
oscillations. lap-added to provide the final model waveform for the artifacts.
Consider a single principal component time serés, We assume that The frequency tracks are shown in Fig. 23 superposed on a time-
the time series is a sum of two components. The first component consistgequency spectral estimate of the principal component time series. In Fig.
of a sum of amplitude- and frequency-modulated sinusoids representing4, results of the procedure described above are shown in the time domain
respiratory and cardiac oscillations. The second compodegt)tcontains  for the chosen PC. Notice the change in the frequency corresponding to the
the desired signal. cardiac cycle £1.3 Hz) in the initial part of the time period. This would
prevent the adequate estimation of this component if a model with fixed
a(t) = 2 Aj(tcodf, (bt + (D] + da(t) (30)  periodicity was used. In contrast the method used here allows for slow
n variations in the amplitudes of the oscillations in addition to variations in
frequency. A strong stimulus response is noticeable in this PC (data set
The goal is to estimate the smooth functiéngt), f,(t), and,(t), which was gathered in the presence of visual stimulus).
give the component to be subtracted from the original time series.
It is necessary to choose an optimally sized analysis window. This
window must be sufficiently small to capture the variations in the ampli- Space-Frequency SVD
tude, frequency, and phase, but must be long enough to have the frequency
resolution to separate the relevant peaks in the spectrum, both artifactub} this section, the results of a space-frequency SVD are shown for data
and originating in the desired signal. The choice of window size dependsets¢ and%. Recall that data set6 and% were collected with identical
to some extent on the nature of the data, and cannot be easily automatgeérotocols, except that in data séta controlled visual stimulus is applied.
However, in similar experiments it is safe to use the same parametergig. 25 shows the coherence spectra resulting from the space-frequency
Ideally, one would choose the window size in some adaptive manner, bugVD. In this calculation, the DPSS used corresponded to a full bandwidth
we find it adequate for our present purposes to work with a fixed windowof 0.1 Hz. The coherence spectra for the two data sets are more or less the
size.
The frequencied,(t) have to satisfy several criteria. Usually one is
removing the respiratory and cardiac components. The corresponding

spectra contain small integer multiples of two fundamental frequencies,

with the possible presence of sidebands due to nonlinear interactions t- W -
between the oscillations. The frequenEytest described in Multitaper NWMMMW

Spectral Analysis is used to determine the fundamental frequency tracks {?MMLW

Removal of physiological artifacts

f(t) in Eq. 30. The time series used for this purpose may either be a PC
time series or an independently monitored physiological time series. Note
that the assumption here is that within an analysis bandwidth of the

relevant peak in the cardiac or respiratory cycle, the data can be modeled - M\/\ i
as a sine wave in a locally white background. The fundamental frequency WMHMWW
tracks are used to construct the tracks for the harmonics and the sidebands. w W

In the example we show the results of the analysis on one principal
component time series from data $tThe fundamental frequency tracks ‘ s s
were determined by using tfetest on a moving analysis window on the 0 20 40 60 80 100
PC time series. Time (s)

If the F-test does not provide a frequency estimate for short segments of
the data, estimates may be interpolated using a spline, for example. AftdtfFIGURE 24 Top Part of PC time series forming the basis of Fig. 23.
the frequency tracks are determined, the amplitude and phase of thiliddle: Estimated cardiac and respiratory components corresponding to
sinusoids are calculated using Eq. 12 for each analysis window locatiorthe top plot.Bottom Time series with cardiac and respiratory components
Note that the shift in time between two successive analysis windows can bsuppressed.

%
:




706 Biophysical Journal Volume 76 February 1999

1.00 r \ ' w series reveals the degree of cardiac contamination. Exami-
nation of the corresponding spatial images reveals the spa-
tial locations of the artifacts. In case of fMRI data, where
the digitization rate may not be very high, studying the
spectra can reveal whether cardiac/respiratory artifacts still
lead to possibly aliased frequency peaks in the power spectra.
A further, more powerful characterization is obtained by
the space-frequency SVD. For optical data and for rapidly
sampled fMRI data, there is sufficient frequency resolution
that at this stage the oscillatory artifacts segregate well.
Studying the overall coherence spectrum reveals the degree
to which the images are dominated by the respective arti-
facts at the artifact frequencies, while the corresponding
FIGURE 25 Overall coherence spectrum for a space-frequency SVD ofeading eigenimages show the spatial distribution of these
fMRI data from data set® and% in presence of visual stimulusdlid artifacts more cleanly compared to the space-time SVD.
curve compared with absence of visual stimulagghed curve Moreover, provided the stimulus response does not com-
pletely overlap the artifact frequencies, a characterization is
also obtained of the spatiotemporal distribution of the stim-
same. The coherence near zero frequency is higher for dat®, setich ~ ulus response. In case of fMRI, if the digitization rates are
contains the visual stimulus. The stimulus response can be seen clearly o slow (say,<0.3 Hz), there may not be any segregation
the amplitude of the leading spatial eigenmode of the space-frequency, the frequency domain of the various components of the

SVD for data set€ (Fig. 26) at close to zero frequency. At higher . el . . -
frequencies, coherence arising from artifactual (respiratory) sources causé@age’ this can be established at this stage by €xamining the

a different pattern of spatial amplitudes. As opposed to the space-tim&ig€nimages of the space-frequency SVD. In this case, the
SVD, this procedure segregates the stimulus response from the oscillatofgchniques described in this paper would be of limited use.
artifacts.

0.75
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Coherence

0.25

000 L 1 1 L
0.0 05 1.0 1.5 2.0 25
Frequency (Hz)

Artifact removal

DISCUSSION

Based on the preliminary inspection stage, one can proceed
We have tried to outline analysis protocols for data from theg remove the various artifacts to the extent possible. The
different modalities of brain imaging. It is useful to reca- techniques described in this paper are most relevant to
pitulate the essential features of these protocols in a unifiedtifacts that are sufficiently periodic, such as cardiac/respi-
manner, and to indicate the domains of validity of the atory artifacts in optical/fMRI data, 60-Hz noise in optical
different techniques proposed. data/MEG, and other frequency-localized noise such as
building/fan vibrations (optical imaging data). There are
two basic ways of using the frequency segregation of the
artifacts to remove them. One method is to directly model
It is usually necessary to directly visualize the raw datathe waveforms of the oscillations using the frequency- and
both as a crude check on the quality of the experiment angmplitude-modulated sinusoidal fit described in the sections
to direct further analysis. In this stage one may look afon optical/fMRI data.
individual time series from the images or look at the data For fMRI data, if the digitization rate is too low, then the
displayed dynamically as a movie. The relevant images argechniques described here are not useful. However, for
often noisy, so a noise reduction step is first necessary eveivRI data, even with digitization rates of 1-2 s, it appears
before the preliminary visualization. In cases where the
visualization is limited by large shot noise, truncation of a
space-time SVD with possibly some additional smoothing
provides a simple noise reduction step for the visualization

Visualization of raw data

Preliminary characterization

In the next stage, it is useful to obtain quantities that helg
parse out the content of the data, in particular to identify the
various artifacts. Despite its limitations, a space-time SVD
is useful at this stage to reduce the data to a few time serie
and corresponding eigenimages. Examination of the aggre
gate spectra of the PC time series, for example’ reveals tnﬁGURE 26 Amplitudes of leading spatial eigenmodes corresponding to

extent of cardiac/respiratory content of fMRI/optical imag- the space-frequency SVD in Fig. 25. Center frequencies from 0 to 0.3 Hz
ing data. In case of MEG, direct examination of the PC timein 0.1-Hz incrementsTop Without stimulus.Bottom With stimulus.
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