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Summary

Multiple time series of scalp electrical potential activity are generated routinely in
electroencephalographic (EEG) studies. Such recordings provide important, non-invasive
data informing on brain function in human neuro-psychiatric disorders. Analyses of
EEG traces aim to isolate characteristics of their spatio-temporal dynamics that may be
useful in diagnosis, may improve the understanding of the underlying neurophysiology,
or that may improve treatment through identifying predictors and indicators of clini-
cal outcomes. In this applied context, we discuss the development and application of
novel, non-stationary time series models for multiple EEG series generated from individ-
ual subjects in a clinical neuropsychiatric setting. The subjects are depressed patients
experiencing generalized tonic-clonic seizures elicited by electroconvulsive therapy (ECT)
as antidepressant treatment. EEG data routinely recorded during such ECT seizures have
previously been explored in a number of studies suggesting that deeper analysis of the
spatio-temporal properties of multiple EEG traces have promise for improving our under-
standing of the remarkable but poorly understood therapeutic effects of ECT. In addition,
there is evidence that such analyses may be helpful for improving the effectiveness of the
treatment while decreasing side-effects. Two varieties of models — dynamic latent factor
models and dynamic regression models — are introduced and studied. We discuss model
motivation and form, and aspects of statistical analysis including parameter identifia-
bility, posterior inference and implementation of these models via Markov chain Monte
Carlo (MCMC) techniques. In an application to the analysis of a typical set of nineteen
EEG series recorded during an ECT seizure at different locations over a patient’s scalp,
these models reveal time-varying features across the multiple series that are strongly re-
lated to electrode placement around the scalp. In this application we illustrate various
model outputs, the exploration of such time-varying spatial structure and its relevance in
the ECT study, and discuss the potential uses of such methods as a clinical aid in ECT
work and in basic EEG research in general.
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1 Introduction

Multichannel electroencephalographic (EEG) recordings arise from the simultaneous mea-
surement of electrical potential fluctuations at a number of sites on the scalp of a human
subject and represent important tools in neuro-psychiatric research. Analysis of such data is
presently the least expensive and most widely available way to effectively and non-invasively
study human brain function. For a useful, recent collection of articles on analysing EEG
data, see Angeleri et al. (1997).

One area where the study of brain function through multichannel EEG is particularly
promising is in studies of brain seizures induced via electroconvulsive therapy (ECT) as
part of the treatment of depression. ECT involves the electrical induction of a series of
generalized tonic-clonic seizures for therapeutic purposes and is the most effective known
treatment for patients suffering from major depression (Weiner and Krystal 1994). However,
the mechanisms of action of this remarkably effective treatment remain poorly understood and
there is a need for the development of markers for the prediction and indication of therapeutic
response. A number of studies have suggested that the therapeutic effects of ECT seizures
may be associated with changes in brain function that are manifest in terms of various EEG
features: changes in the patterns of evolution of spectral content over time, changes and
differences in raw amplitude of EEG waveforms recorded at different scalp locations, and
the relationships between activity among channels (see the review, for example, in Krystal
et al. 1999). However, prior work has generally focussed on single or double channel EEG
recordings, and this limits the capacity to reflect the complex spatio-temporal dynamics of
brain activity. In our previous work we have demonstrated the usefulness of various classes
of dynamic models for the analysis of univariate EEG studies and begun exploratory studies
of the relationships between multiple traces on a single subject (West et al. 1999, Prado and
West 1997 and Krystal et al. 1996). Here we describe further development and application
of more formal multivariate dynamic models.

The EEG data studied here is part of a full data set, code named Ictall9, that corre-
sponds to records of 19 EEG channels recorded in 8 subjects in each of 3 different states:
while awake, with eyes closed, prior to receiving an electrical stimulus; after methohexital
anaesthesia administration but prior to the electrical stimulus; and, finally, during an ECT
seizure (Krystal et al. 1996, Zoldi et al. 1996). During each induced seizure, 19 parallel
series were recorded simultaneously from 19 Ag/AgCl electrodes of the International 10-20
EEG System, located around and over the patient’s scalp utilising a linked-ear reference and
two additional channels dedicated to detecting eye-movement artifacts (Krystal et al. 1996).
Here we study the 19 EEG traces recorded in one seizure of one of the patients. The purpose
of the study is explore commonalities and differences across the 19 traces, and to characterise
aspects of the temporal dynamics that aid in understanding the physiology that drives the
antidepressant effectiveness of electroconvulsive therapy.

The EEG measurements record fluctuations in levels of cortical electrical activity, as
measured at the scalp locations. Typical traces exhibit highly periodic fluctuations with
power across a continuum of frequencies and with time-variations in spectral structure. In the
neuro-psychiatric communities, EEG activity is loosely categorised into four main frequency
ranges: the low frequency delta band, of roughly 0-4Hz; the theta band, of roughly 4-8Hz; the
alpha band, of roughly 8-13Hz, and the beta band, of more than 13Hz. Often the appearance
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Figure 1: Left frame: schematic representation of the Ictall9 electrode pla cement. Right
frame: sections of EEG voltage levels recorded during an ECT seizure at site Fz

of activity in a specific band characterises a particular physiological state (Dyro 1989).

The left frame in Figure 1 shows a schematic representation of the approximate locations
of the 19 electrodes over the scalp. By convention, electrodes located on the left side are odd
numbered while those on the right side are even numbered. The capital letters F, Fp, P,
T, C and O refer to the frontal, prefrontal, parietal, temporal, central and occipital cortical
regions (Dyro 1989). Electrodes down the centre of the scalp are labelled with the letter z, in
particular, channel C, is referred to as the vertex in EEG nomenclature. Prior to recording,
EEG signals are amplified and filtered with a bandpass of 1.6-70Hz, are then stored on
magnetic tape and digitised off-line at 256Hz with 12bit accuracy. Manual artifact rejection
was performed (by A.D.K.) prior to analysing the data in order to remove artifacts present
in the signals due to patient movement and other laboratory interference.

ECT seizure EEG records usually last between 0.5 and 3 minutes therefore a typical
series constitutes between 15,000 and 50,000 observations. We study sub-sampled series with
between 40 to 50 equally spaced observations per second. After sub-sampling we deal with
series of a few thousand observations that produce graphical displays that are essentially
indistinguishable from the graphs produced by the original data. The right frame in Figure
1 shows sections of an EEG recorded at site Fy. The original recordings of about 26,000
observations were sub-sampled every sixth observation from the highest amplitude portion
of the seizure resulting in a series of 3,600 observations. The graph shows sections of 500
consecutive observations taken from near the start, two central sections and close to the
end of the seizure period. The EEG series displays typical high frequency oscillations at
the beginning that slowly decay into lower frequencies accompanied by an increase in the
amplitude of the signal relative to the amplitude observed at initial states, until it finally



decreases towards the end of the seizure. These general features are consistent across the 19
traces from this subject/seizure, suggesting the existence of a common underlying process
driving the behaviour of the multiple series. However, variations over time in the frequency
content and amplitude fluctuations appear to differ markedly across channels.

Section 2 summarises previous analyses of some of the Ictall9 data based on univariate
time-varying autoregressive (TVAR) models and decompositions (Prado and West 1997, West
et al. 1999). The use of TVAR decompositions in isolating common features across multiple
EEG series is highlighted. In Section 3, we begin by exploring latent factor models as a
multivariate modelling approach to recover and describe latent processes underlying multiple
series. We then discuss dynamic regression models with time-varying lags/leads that describe
additional structure linking the series that TVAR and factor models are unable to capture.
Finally, Section 4 provides conclusions, comments and some discussion of future directions.

2 Univariate TVAR models and decompositions

Previous studies of EEG series using TVAR models have been most encouraging in delivering
useful insights into EEG structure and their connections with ECT outcomes. Sections of
some of the series from the Ictall9 data set have been analysed using this approach in Prado
and West (1997), West et al. (1999) and Krystal et al. (1999). A key aspect of those analyses
is the use of time series decomposition methodology to explore non-stationary time:frequency
structure of latent components of the EEG traces. In this aspect, the work extends the uses
of TVAR models that have been earlier used and validated as empirical representations of
other kinds of EEG data (Gersch 1985, Gersch 1987, Kitagawa and Gersch 1996).

In Prado and West (1997) selected portions of Ictall9 series are analysed using univariate
TVAR models in which the AR parameter vector evolves stochastically in time as a random
walk. Formally, write z; for observed value of an EEG series at time ¢, on an equally-spaced
time scale t = 0,1,.... The TVAR(p) model is z; = xj¢, + v, and ¢, = ¢,_; + w; where
xt = (T4-1,...,%1—p), ¢; is the “instantaneous” AR parameter vector at time ¢, {11} is a
sequence of independent normal observation innovations with possibly time-varying variances
o2, and {w;} is a sequence of independent p—vector parameter innovations. The degree to
which ¢, and o7 vary is determined via standard discount methods (West and Harrison 1997).
Suitable values of discount factors and model order p may be assessed via marginal likelihoods
as discussed in West et al. (1999). Once the EEG series are modelled via TVAR models the
focus is on exploring time:frequency structure of latent processes using decompositions based
on the eigenstructure of the TVAR evolution matrices of the dynamic model. The basic result
for TVAR models states that (West et al. 1999)
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where p, is the number of pairs of complex characteristic roots of the instantaneous AR
characteristic polynomial defined by ¢, at time ¢, and p, is the number of real characteristic
roots, such that 2p, + p, = p. In general the processes z; ; and y; ; are, under certain condi-
tions discussed in West et al. (1999), dominated by TVARMA (2,1) and TVAR(1) processes,



respectively. The autoregressive structure of each z; ; process is quasi-periodic, with time-
varying characteristic frequency and modulus w;; and r; ;. Figure 2 displays the estimated
decomposition and trajectories of the frequency and modulus of the lowest frequency compo-
nent in the analysis of series Cg based on a TVAR(12) model. The top frame graphs, from
the bottom up, the data, followed by the estimated z; ; in order of increasing characteristic
frequency. Component (1) corresponds to the delta/slow-wave whose instantaneous charac-
teristic frequency and modulus are displayed in the bottom frames. This component lies in
the delta range which is characteristic of slow-waves manifest, in particular, in the middle
and late phases of effective ECT seizures (Niedermeyer 1993; Staton et al. 1981; Weiner et
al. 1991; Weiner and Krystal 1993). Component (1) dominates in amplitude and has moduli
values higher than 0.9 during most of the seizure course (see Figure 2). Component (2) lies
in the theta band and is much lower in amplitude and modulus than component (1). Higher
frequency components also appear in the decomposition and have much lower amplitudes
than the lower frequency components that really characterise the seizure episode.

Repeating the TVAR(12) analysis and exploring the decompositions for the 19 EEG series
we find similarities in patterns of behaviour of the dominant frequency components across
channels (see Prado and West 1997). As we move through the time course of the seizure,
the instantaneous AR characteristic polynomials exhibit and maintain at least two dominant
pairs of complex conjugate roots across the 19 series — dominant in the sense of having higher
moduli and lower frequencies than the remaining roots. These two pairs of characteristic
roots correspond to the dominant “seizure” latent processes living in the delta and theta
frequency bands. The ranges of the corresponding frequencies are consistent across the 19
channels, varying over time between one and five cycles according to the gradual decay as the
seizure dies off — see Figure 2. The moduli trajectories of the lowest frequency components
are also similar across the 19 channels. These common patterns exhibited by the dominant
components in the decompositions suggest the notion of the existence of at least one latent
quasi-periodic process underlying the 19 series. Modelling the traces via latent factor models,
with one or two common latent processes or “factors” driving the series, therefore seems
appropriate. This direction was anticipated in Prado and West (1997), and is now explored
in the development of dynamic factor models and dynamic regressions with time-varying
lag/lead structures.

3 Multivariate dynamic structure

3.1 Factor models and autoregressions

A relatively simple model, based on the results obtained via univariate TVAR analyses of the
Ictall9 data, is suggested as a first step towards a characterisation of the system underlying
the 19 series. In more generality, suppose we have m series under study, and let y;; be the

observation recorded at time ¢ on electrode/channel i, (i = 1,...,m). Assume that the system
under study is characterised by a latent process x; such that, for each 1 =1,...,m,
Yig = Bize+vig
T = 20 by + e (1)
¢t = ¢t71 +w
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Figure 2: Top frame: data and estimated components in the decomposition of EEG series C3
based on a TVAR(12) model. From the bottom up, the graph displays the time series followed
by the six estimated components in order of increasing characteristic frequency. Component
(1) lies in the delta (0-4Hz) band for most of the seizure course. Components (2) and (3) lie in
the theta (4-8Hz) band while component (4) lies in the alpha (8-13Hz) band. Components (5)
and (6) belong to the beta (higher than 13Hz) frequency band. Bottom frames: Trajectories
of the estimated characteristic frequency and modulus of the lowest frequency component in
series Cg.



where the (3;’s are regression parameters or factor weights. The unobservable process z; has a
TVAR(p) structure modelling the common “seizure” waveforms that consistently appeared in
the decompositions of the 19 EEG series. The TVAR parameter vector ¢, = (¢r.1,...,Prp)
follows a random walk and v;;, 7; and w; are independent and mutually independent,
zero-mean Gaussian innovations; we write these distributions as N (v;|0,v;), N (70, s) and
N(w|0,U;) for some observational variances v;, TVAR innovation variance s and system
variance-covariance matrices U; controlling the variability of ¢,. Note that s is constant in
our analyses here, though could more generally be time-varying.

Model (1) is a dynamic factor model with a single factor process z; and constant factor
weights, and relates to various previous approaches to latent factor modelling. Most prior
work has focused on stationary processes, however, rather than the non-stationary, time-
varying parameter versions here. Important contributions are those of Pefia and Box (1987)
and Tiao and Tsay (1989), for example. Extensions to include k£ > 1 latent factors, possibly
time-varying factor weights and connections between factor models and TVARMA models
are mentioned in Prado and West (1997). Following the notation in Prado and West (1997), a
rather general dynamic factor model with k£ > 1 factors and m observed series can be written
in matrix form

y: = Bixp+vy, (2)

where y;, = (yl,t,...,ym,t)’ is the m-dimensional vector of observations at time ¢, B; =
[B1,45- -+ Bry] is an m x k matrix with 8;, = (B1j4, ..., Bm,js)" and B; ., the factor weight
relating the i-th observation y;; to the j-th factor z;; at time ¢. It is usually assumed that
V, = diag[vi s, ..., 0m,) so that the dependencies among the y; ;s are due exclusively to the
zj4’s. Additionally, x; = (z14,... ,(I,‘kyt)l can be modelled via general dynamic linear models
(West and Harrison 1997). Modelling each z;; as a TVAR seems reasonable in the EEG
framework. One important class of factor models is that based on lagged latent factors.
Suppose for instance that z;; = z; and x93 = ¥4_1,...,%kt = Ty—k4+1. Then, if z; is a TVAR
process, it follows that y;; is a TVARMA(p, ¢) with ¢ = maxz(p, k). It is typically assumed
that £ << m. In the EEG context one or two latent factors may be enough to explain
the underlying structure driving the behaviour of the multiple signals and k > 2 but surely
k < 19 factors may be needed to account for lagged values of the latent processes.

We begin by exploring the simplest factor model described in (1) taking v; = v and s; = s
for all 7 and ¢. Note that model (1) is not identified. In fact, if we consider g = f;/c
for some ¢ # 0 the model can be written in terms of 3, z; = cx; and nf = cn. To
resolve this parameter identification issue we impose restrictions on the factor weights via
B; = 1 for a specific channel 7. In addition, we assume that the signal-to-noise ratio r =
s/v is a fixed known quantity. With this model specification, we can proceed to posterior
analysis and inference once priors for model parameters are specified. In our analyses we
routinely use standard reference priors for the §; and v, and relatively diffuse normal priors
for ¢,. Posterior simulation methods based on basic DLM theory (West and Harrison 1997)
and standard Gibbs sampling techniques for state space models (Carter and Kohn, 1994;
Frithwirth-Schnatter, 1994) are used to obtain samples from the posterior distributions, and
so lead to summaries for parameters estimation. Further details of the conditional posteriors
required for this MCMC simulation analysis appear in the Appendix.

Models with a single latent factor, identifying constraint fc, = 1, and different fixed
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Figure 3: Left frame: Estimated latent factor process (top); Frequency trajectory of the esti-
mated dominant component for the latent process and approximate 95% posterior intervals
at selected points (down left); Modulus trajectory of the estimated dominant component for
the latent process and approximate 95% posterior intervals at selected points (down right).
Right frame: estimated posterior means of the factor weights for the 19 EEG channels.

model order values p € {4,5,6,7,8} were fitted to the 19 EEG series. There is a recent
and growing literature on incorporating model order uncertainty for standard AR models
via MCMC methods using ideas of stochastic variable selection and reversible jump (see for
instance Huerta and West 1999 and Troughton and Godsill 1997). However, these approaches
do not deal with model order uncertainty in TVAR models. Extensions to factor models that
take into account model order uncertainty in the TVAR latent structure are certainly imag-
inable, but will lead to very significant increases in complexity and computational demands
of the posterior simulation algorithms. It is very questionable whether such costs are at all
worthwhile, and we currently are more than satisfied with exploring a range of models with
different orders in order to understand how resulting inferences depend on the choice and over
what data-supported ranges they are insensitive. A single discount factor approach (West
and Harrison 1997) was used to specify the evolution variance matrix sequence {U;}. Various
choices of the implied discount factor 4, and r were explored by allowing these parameters
to take values in intervals chosen based on the univariate TVAR analyses summarised in
Section 2. Appropriate values are explored by evaluating the corresponding joint marginal
likelihood functions from the univariate analyses. From such analyses we inferred that ap-
propriate values of § lie in the 0.994-0.996 range, while appropriate values of r lie on the 5-15
range. Parameters in these ranges produced estimates of z; whose amplitudes are similar to
the amplitudes of the processes obtained by adding the first four dominant components in
the univariate TVAR decompositions of the 19 EEG series.

Figure 3 displays graphs summarising the results obtained from a single latent factor



model with p = 6, § = 0.994 and r = 10. The convergence tests and results are based
on a posterior sample of 500 draws taken from 3,000 iterations of the Gibbs sampler af-
ter a burn-in of 3,000 iterations. In order to explore the convergence of the chain various
diagnostics, in addition to autocorrelation and trace plots for some of the model parame-
ters, were carried out. In particular, the Geweke convergence diagnostic, the Heidelberger
and Welch stationary test and the Raftery and Lewis diagnostic (see Brooks and Roberts
1999), were performed for sequences corresponding to model parameters ¢i910,1, Fps, Z701
and z1231. This was done using Bayesian Output Analysis (BOA) Program version 0.4.3 for
R (http://www.public-health.uiowa.edu/boa). The 500 draws for the posterior sample were
taken every sixth iteration of the 3,000 obtained from the Gibbs sampler after the burn-in
period. All the MCMC sequences considered passed the Heidelberger and Welch conver-
gence test and neither the Geweke nor the Raftery and Lewis diagnostics gave evidence that
convergence was not achieved for such sequences.

The graph at the top left frame in Figure 3 displays the time trajectory of the estimated
posterior mean of z;, ;. The TVAR(6) structure assumed for z; exhibits two pairs of
complex characteristic roots across the time period of the data. Time trajectories of the
frequency and modulus of the lowest frequency component of Z; are shown down in the
left frame of Figure 3. This component exhibits the same general features displayed by the
slow/wave dominant components that appeared in the univariate TVAR decompositions of
the 19 EEG series. The frequency decreases over time and lies in the delta range (0-4Hz)
during the seizure course, while the instantaneous characteristic modulus consistently takes
values above 0.85. The vertical bars represent approximate 95% posterior intervals for the
instantaneous frequency and modulus at the selected time points, so providing pointwise
indications of uncertainties about the estimated trajectories. The right frame in Figure 3
shows the estimated posterior means of the factor weights 5; for ¢ = 1,...,19, denoted by
ﬂ Note that we set Bc, = 1. The values displayed at the approximate electrode locations
correspond to the ﬁz In addition, an image created by linearly interpolating the ﬁz over the
grid defined by the approximate electrode locations is displayed. This image is simply used
to highlight the relationships between the estimated factor weights and is not the result of
building into the model a spatial depence structure on the §;. Dark intensities correspond to
high values of BZ while light intensities correspond to low values. The graph exhibits a marked
pattern of relationship across “neighbouring” channels: channels located closer to C, have
factor weights closer to the unity. There is also an element of asymmetry evident from this
picture. Channels located at right fronto-temporal sites have smaller weights than channels
located at left fronto-temporal sites. Approximate 95% posterior intervals were computed for
each §;. The upper bounds of such intervals were lower than the unity in magnitude for all
sites. Posterior estimates were calculated for models with p = 4,...,8 and different values
of r, leading to similar conclusions in terms of the latent quasi-periodic structures of z; and
the relation between the factor weights for the 19 EEG series and the electrode locations.

This analysis with a single factor model reveals relationships between channels — in terms
of BZ — that univariate analyses via TVAR models are not able to capture. However, estimates
of the residuals computed for these models exhibit substantial remaining structure. For most
of the channels there are quasi-periodic patterns left unexplained by single factor models with
constant factor weights. Such patterns in the residuals may be explained in several ways.
First, the assumption that one latent factor is enough to explain the structure underlying the



multiple EEG signals is quite simplistic although somehow imperative from the computational
viewpoint. Fitting models with more factors is complicated as both parameter identification
and interpretability, and computational difficulties increase significantly with the number of
factors. A second likely reason for residual correlation structures is the need to allow for
factor weights to vary over time. For instance, the ratio between the amplitude of a signal
recorded at a given channel and the amplitude of the signal recorded at C, does not seem to
remain constant over time — on a purely exploratory basis. Additionally, cross-correlograms
of the residuals display phase delays between some of the channels that vary throughout
the seizure course. In particular, cross-correlograms of the residuals for channels C, and
Fp2 show that the signal recorded at site C, seems to be delayed with respect to the signal
recorded at site Fpg at central portions of the seizure course, whereas no delays are evident
at very early and late portions. Cross-correlograms for channels C, and O; show that the
signal recorded at Oj is delayed with respect to the signal recorded at C, for central portions
of the seizure, while again there are practically no delays at the beginning and the end of the
seizure. This suggests exploring models that explicitly involve time-varying descriptions of
the amplitude ratios and lag/lead structures across the channels.

3.2 Dynamic regression models with time-varying lag/lead structures

Consider the model

Yit = BapTel;, T Vit 3)
By = But1) T wir

with y; ; the observation recorded at time ¢ on channel 7, and with the following specifications.

e 1; is an underlying process assumed known at each ¢. This could, for example, be the
EEG signal recorded at a particular location on the scalp, or the sum of the first two or
three dominant components estimated from the TVAR decomposition of such a signal.

e [; is the lag/lead that y;; exhibits with respect to x; instantaneously at time ¢. These
parameters are explicitly allowed to be time-varying, and lie in a prescribed set of
possible values [;; € {—ko,...,0,...,k}. Here —kg and k; are bounds chosen a priori to
specify maximum lag/lead values. Changes in lag/lead structure are described via a one-
step Markov chain model with specified transition probabilities p(l;; = k|l;;—1 = m),
with k,m € {—ko,...,0,..., k1 }.

® [ is the dynamic regression coefficient of z; for channel i. In particular, if z; =yt
and f;, ) = 1 for some channel 79 and all ¢, then ;) for ¢ # ip is a direct measure
of dependence between channels ¢y and 7. A random walk is adopted to model the
evolution of f3; s, providing adaptation to possible changes of these parameters over
time without anticipating specific directions of changes (West and Harrison 1997).

e v; are i.i.d. zero mean observational error terms with variances v; and w;; are i.i.d.
zero mean system innovations assumed normally distributed with variances s; ;.

Given that z; is assumed known for all £ and that v; ; and w; ; are independent across chan-
nels, the equations in (3) describe a collection of univariate models rather than a multivariate
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m—dimensional model. Eliminating the lag/lead parameters from the first equation in (3) by
taking conditional expectations (with all other parameters fixed) we obtain E(y;|z.,3.) as a
weighted average of the lagged and lead values =4k, Tt4ko—15---, Tty - -, t—, With weights
p(lit = —ko)Bays---p(lix = k1)B,- Thus each channel is modelled as a time-varying
dynamic regression on past, current and future values of the x; process, with coefficients re-
flecting an overall, time-varying level of response f3; ;) together with changes in the relevance
of lagged and lead values via the p(l;; = -) terms. Given that z; is the same fixed underly-
ing process for all channels it is possible to make comparisons of any two channels via §; ;)
and [;;, and their estimated trajectories over time. Further model components we need to
specify are priors on f3(; ), on v; and the transition probabilities p(l;; = k | l;; 1 = m). The
specification of conditional evolution variances s;; is handled, as usual, via discount factors.
Posterior inferences may be obtained via MCMC algorithms, as detailed in the Appendix.

3.3 The Ictall9 data revisited

Dynamic regression models assuming that z; is the actual signal recorded at the vertex
channel, that is z; = ¢z, were fitted to the Ictall9 data. Relative diffuse normal/inverse-
gamma priors were placed on the regression coefficients; normal priors conditional on wv;
with means m; = 1 for all ¢ were used to model the regression coefficients. The transition
probabilities p(l;; | l;;—1) were fixed for all ¢ and uniform initial priors p(l; o = k|Dy) =
1/(k1 + ko + 1) were considered. Discount factors in the range 0.99-0.999, were considered
to control the variability of f; ;) over time. Such values were chosen based on exploration of
marginal likelihood functions from univariate analyses of models that regress each recorded
signal on the signal recorded at C, and fixed lagged/leaded values of such signal. Posterior
summaries were computed for models with [;; € {—3,...,3} and transition probabilities such
that p(l;; =k | l;;—1 = k) > 0.999 and where only movements of the type “one-step a time”
are permitted, i.e. p(l;; = j | liz—1 = 1) = 0 for all j such that j > ¢+ 2 or j <i—2. The
choice of the set of values that the lags/leads can take is based on previous analyses of the
cross-correlogram functions between each channel and C,.

The summary graphs displayed in Figures 4, 5 and 6 are based on an analysis with such
assumptions. The MCMC analysis produced 3,000 draws from the posterior distributions for
each channel taken after a burn-in period of 4,000 iterations. In order to explore MCMC
convergence, the Geweke convergence diagnostic, the Heidelberger and Welch stationary test
and the Raftery and Lewis diagnostic (see Brooks and Roberts 1999), were performed for
some model parameters: v; for all 7, 80, 1756, 80, 3157 and lo, g77. Again, the BOA Program
version 0.4.3 for R was used. Autocorrelations at lags 1, 5, 10 and 50 for each of the sequences
of the parameters were very low — always less than 0.07 in absolute value — and similar results
were obtained for the cross-correlation of the parameters. All the sequences considered passed
the Heidelberger and Welch convergence test and neither the Geweke nor the Raftery and
Lewis diagnostics gave evidence that convergence was not achieved for such sequences.

The transition probabilities for the model are displayed in Table 1 and the system discount
factors were set to §; = 0.996. These transition probabilities impose desirable smoothness
restrictions on the evolution of lags/leads but other structures may be considered. The prior
distribution is uniform on & for all ¢, i.e. p(l;o =k | Dy) = 1/7 forall k € {-3,...,3}. Figure
4 provides the estimated posterior means of the (. coefficients for the 19 channels at selected
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k=-2 k=-1 k=0 k=1 k=2

m=—-21 09999 0.0001 0.0 0.0 0.0

m = —1 | 0.00005 0.9999 0.00005 0.0 0.0

t—1 m= 0.0 0.00005  0.9999  0.00005 0.0
m = 0.0 0.0 0.00005  0.9999  0.00005
m = 0.0 0.0 0.0 0.0001  0.9999

Table 1: Transition probabilities p(l;; =k | l;;—1 = m).

time points durmg the seizure. The values displayed at the approximate electrode locations
correspond to ﬁ(l,t) Additionally, an image plot created by linearly interpolating the ﬁ (i,)

onto a grid defined by the approximate electrode locations is displayed. Dark 1ntens1tles
match higher coefficient values while light intensities correspond to lower values. Aspects of
the temporal:spatio relations between channels are evident from these graphs. In general, a
given channel shares more similarities with channels located closer to it. This is consistent
with the behaviour observed in the estimated factor weights obtained from the single factor
model analyses (see Figure 3). Note also the asymmetry, more evident towards the end of
the seizure course, between the estimated coefficients of channels located at the frontal right
sites and at the frontal left sites. The values of the coefficients are much smaller for channels
F4 and Fg (right side) than for channels F3 and Fy (left side).

Figure 5 provides a display of the estimated lags/leads based on posterior means of the /.
quantities at different time points. If a site displays the lightest intensity at a given ¢, then
the signal recorded at this site is delayed with respect to the signal recorded at C, in two
units of time. Signals recorded at occipital sites are delayed in two units of time with respect
to the signal recorded at C, at ¢ = 1000, 1100 and 1200. Similarly, if a site shows the darkest
intensity at a given ¢ the signal recorded at this site leads the signal recorded at C, in two
units of time. Central portions of the seizure display intense lag/lead activity characterised
by lags in the occipital regions and leads in the frontal and pre-frontal regions. Again, an
image plot is superimposed to provide visual interpolation, although there is no underlying
spatial model.

The related Figure 6 displays estimated posterior probabilities on values of the lags and
leads over time for channel O (left frames) and Fp2 (right frames). Channel O; displays
the highest estimated posterior probabilities at K = —2, —1,0 while channel Fp2 exhibits the
highest probabilities at £ = 0 for most of the seizure course and at k¥ = 1 during brief periods.

In addition, Figure 7 illustrates how the model captures the lag/lead time-varying struc-
ture present in the series. The figure displays the EEG traces for channels O; (frames (a) and
(b) solid lines) and C, (frames (c) and (d) solid lines) together with the estimated traces for
channel O; (dotted lines) during early-middle and middle seizure periods. Clearly, channel
O; is delayed with respect to channel C, during some seizure portions and the delay is big-
ger during early-middle portions (compare frames (¢) and (d)). Samples of the standarized
residuals were computed from the MCMC sequences and explored using standard residual
diagnostics, graphics and correlation analyses. The sampled residuals generally exhibit no
obvious residual structure, and cross-correlograms of the residuals displayed no apparent
phase delays. However, for some of the channels, in particular for channels Fp1 and Fpa the
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Figure 4: Estimated posterior means of the dynamic factor weights for all channels at selected
points during the seizure course.
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Figure 5: Dynamic lags/leads on the Ictal-19 data set, based on posterior mean estimates.
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Figure 6: Estimated posterior probabilities of the lags/leads for channels Oy and Fpa.
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Figure 7: Estimated EEG traces obtained from the dynamic regression model for channel O4
(dotted lines) at different intervals during the seizure course. Frames (a) and (b) show the
EEG trace recorded at site O (solid lines) and estimated trace obtained from the dynamic
regression model (dotted lines) at early-middle (frame (a)) and middle (frame (b)) seizure
periods. Frames (c) and (d) display the EEG trace recorded at the vertex (solid lines) and
the estimated traces for channel Oy (dotted lines) for the same seizure periods displayed in
frames (a) and (b).

residual autocorrelations tend to be more appreciable towards the end of the series. Uncer-
tainty increases towards the dissipation of the seizure and these channels are “remote” with
respect to the vertex. We believe this does not invalidate our modelling approach as the main
interest here is in studying time intervals corresponding to major seizure activity. However,
model refinements that capture this moderate “tail” correlation may be considered in the
future, particularly if the focus is on studying the seizure dissipation period. For example,
extensions of the models here that regress a given signal on various processes 1, ..., T —
for example, in addition to regressing any given channel on channel C, we may consider also
other “neighbouring” channels — might be considered.

The posterior summaries presented confirm the existence of a spatio-temporal structure
linking the EEG channels. Channels located closely exhibit similar features in terms of the
recorded signals that are vary over the seizure course. The transition probabilities and the
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discount factors were chosen to impose smooth changes in the model parameters over time
and even with such smoothness conditions it is possible to discover strong spatio-temporal
patterns across the multiple signals.

4 Discussion

The analyses presented here demonstrate how these models may be used to explore the
complex spatio-temporal structure underlying the Ictall9 EEG series. Previous univariate
TVAR decompositions had suggested a common underlying structure characterised primarily
by a persistent “seizure waveform” whose characteristic frequency lies consistently in the delta
band, with values of 4 to 5Hz at the beginning of the seizure, decaying to much smaller values
towards the end. Single factor models confirm this structure revealing also a spatial relation
across the 19 EEG traces: signals recorded at channels located closer on the scalp have similar
estimated factor weights. However, the need for models including more than two factors and
possibly lagged values of such factors is highlighted by the structure of the residuals in the
single factor models. Such developments are not easy, as the computational complexity and
interpretability of factor models increases considerably with the number of factors.

Our alternative and quite novel dynamic regression models have proven useful in discover-
ing the latent structure underlying the 19 EEG series. It is clear from the estimated lag/lead
structure that an EEG signal recorded at a given site may exhibit time delays with respect
to another signal recorded at a different scalp location and that these delays vary with time.
Similarly, the values of the estimated regression coefficients are strongly related to the scalp
location and the time interval considered. Models with more than one latent processes — for
instance, models that explicitly introduce spatial dependence by regressing each channel on
its “neighbouring” channels — and alternative structures for the class of transition probabili-
ties models may be considered. Such developments are certainly of technical interest, though
we are skeptical as to whether the additional modelling complexities will be at all worthwhile
from the viewpoint of refining the interpretation and understanding of EEG traces.

In terms of EEG implications, our analysis suggests that dynamic regression models can
usefully assist researchers in improving the analysis of multichannel EEG data in general,
and the ECT seizure data in particular. Our models improves our ability to study inter-
lead relationships dynamically over the course of an EEG recording compared with existing
techniques. As an example, the application of dynamic regressions to a multichannel EEG
ECT seizure recording allowed us to carry out the first continuous analysis of spatial inter-
relationships among the channels over time, and to identify the regional expression of seizure
activity, the degree of spatial inter-relatedness of EEG activity, and the inter-lead lead/lag
structure as they vary substantially over the course of the seizure. In agreement with Krystal
et al., (1999), we found periods of consistent lead/lag structure in some seizures suggestive
of physiological travelling waves of electrical activity in the neurons of the cerebral cortex.
Additionally we are now able to demonstrate how this structure varies with time. This
information has important implications for the physiologic mechanisms of generalized tonic-
clonic seizures in terms of their manner of initiation, development, and propogation.

Further directions for research within the multivariate modelling framework are under
consideration. The TVAR decomposition results described in Section 2 have a direct ex-
tension to the multivariate case (Prado 1998). Fitting fully Bayesian time-varying vector
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autoregressions (TV-VAR) to the 19 EEG series and exploring the corresponding decompo-
sitions into latent processes would be of primary interest. This is connected with the work of
W. Gersch and coauthors (e.g., Gersch 1987; Kitagawa and Gersch 1996) although these au-
thors have focused on studying feedback and lags in multi-channel EEG data via exploration
of the spectral densities implied by the time-varying models rather than on time domain
features. Such developments and connections are currently under study.
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A Appendix

A.1 Posterior sampling algorithms for factor models

Consider a model with & factors, m series and the following structure for t = 1,...,n:
e the observation equations for s = 1,...,m,
Yie = BunTie+ -+ Biag) e + Vi Vit ~ N(-|0,v)
e the structural equations for the k factors, that is, for j =1,....k
Tit = PGe)Tit—1+ -+ PG ip)Tit—ps T Mjts Mje ~ N[0, s5)
e the system equations for j =1,...,k
G = Qi1 twis wjt~ N(-[0,Uj;y)

with ¢;, the vector of p; TVAR coefficients related to the factor z;; U, are p; X p;
matrices controlling the evolution of ¢;, and v;, nj+ and w;; are independent and mutually
independent innovations. We assume that the variance-covariance matrices U ; are known or
specified by single discount factors (West and Harrison 1997) and that r; = s;/v are known
quantities for j = 1,...,k. Let Y = {y/,...,y,,} with y}, = (y14,...,Ym,) be the full set of
observations; X = {X1,,..., Xy} the set of latent factor values with X, = {zj1,...,Zjn};
U = {Uy,..., Ui} with U; = {Uj,,...,Uj,}; B = {8],...,8;}, the full set of factor
weights with ﬂj = (ﬁ(l,j)’ e ,ﬁ(m,j))l and & = {¢1, ey d)k}, with ¢j = {d)j,l’ e ’¢j,n}'
In addition let p(v), p(8;), p(¢;0) and p(zjo | X7) for j = 1,...,k denote the priors for
the observational variance, the factor weights, the autoregressive coefficients and the k latent
processes at t = 0. The Gibbs sampling scheme to generate posterior samples iterates through
the set of complete conditional posteriors given as follows.

e Sample X from p(X | Y,B,®,v,s1,...,5;). This reduces to sampling X;, from
the conditional distribution p(Xj, | Y,B, ¢y, v,s1,..., s, X(—=Xj)) for each j with
X(—=Xj,) the full set of factor processes values except X;,. Now, for each j we can

write
zjt = Bjdj+ vy
e = G-+ 150
withz;; =y, —Biqy;—... = Bj1q; 1, =By, — .. = Brag s q;, = (@5
Tjt—pi+1)"s M = (Me,t> 05, 0)s ;i ~ N(-[0,01); By, and Gj; are m X p; and p; x p;
matrices,
O cer Dlitmie1) Plitps
By 0 ... 0 (Jit,l) - (J,t,é)] 1) (]8,10])
B] - E E E ’ Gj’t - . . . .
Plgamy 0 - 0 0 .. 1 0

Then, assuming a prior structure p(q; o | mjo,Cjo) = Np,(-lmjp,Cjo) the previous
equations specify a standard multivariate normal DLM (West and Harrison 1997) so it
is possible to sample X, with the following steps:
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— Compute the moments m;; and C;; of the distributions (q;; | Q;,%j1,---,%jt) =
Np]-('|mj,t, Cj) fort=1,...,n;

— Sample qjn from p(qj,n |m;,,, Cj,) = ij('|mj,n, Cjn);

— Given q;;;; replace the first p; — 1 elements of q;;. Compute the moments

mj p.41 and CFy 1y of the marginal dlstrlbutlon of the last element of q;,
from the full dlstrlbutlon Ny, (- | mjy, Cj;) and sample the last element z;; .11

from the univariate normal dlstribution N(zjtpj+1 | Mjtpi1,Clip;+1) With

*
+1 185

o~ _ *
Myjt—pj+1 = My poyq+ e o
(j,t+1,p]‘) Jst—pj

* 2
~ " (Cj,t—pj+1¢(j,t+1,pj))

Cit—pj+1 = Clppit1 = 73 ok Ts,
(4st+1,p;) ~Jt—pi+1 J

where 27,1 = zj 141 — Eflj;ll b(ji+1,n)Tjt+1-n based on the value of q;,, previ-
ously sampled. Repeat this step fort =n —1,...,0.

e Sample ¢, from p(¢;|X;n, sj, U;) for j = 1,..., k. For each j we have a DLM structure
given by the equations

zjp = Fjbjp+ 0
bir = Qi1 twie,
with Fj; = (2j4-1,---,%j4p;+1) - Efficient generation can be performed via forward-

filter-backward-sampling algorithms (Carter and Kohn 1994; Frihwirth-Schnatter 1994)

Sample v from p(v | Y,B,X). Fori=1,...,mand j =1,...,k compute

n
Ciy = Z Yit — AR ﬁ(i,k)iﬁk,t) )
t=1
n
Cjw = Z \V 1/rj (@54 — (i) Tit—1 — - — P(iitp;) Tist—p;)
t=1

and sample the posterior proportional to p(v)v (@t exp{—F/v} with o = ((n * (m +
k)/2) = 1) and B = (S €F,)/2 + ()1 €5 4/2r5)

Sample B from p(B | Y, X, v). Assuming a prior structure such that p(3,...,8;) =
p(By) - .. p(By) this simplifies to sampling 8, for j = 1,...,k from p(3; | Y, X, v,B(-8;)).
Then, for each j sample the posterior proportional to p(8;) x exp(—>_{, ug,tuj,t /2v)
with uj =y, —B1214 — ... Bj_1Zj—1,t — Bj11%j41,t — --- — BpZk. The restrictions on
the factor weights should be considered when sampling from the posteriors.
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A.2 Posterior sampling algorithms for dynamic regression models with
time-varying lag/lead structures

In the model of equation (3), define y; = {yi1,-- -, ¥in}, X = {21, .-, 0}, B; = {Bii1)» - B s
L={li1,...., i} and w; = {u;1,...,uin}. Let p(l;o), p(Bio) and p(v;) denote respectively
the priors for the lag/lead at ¢ = 0, the prior for the regression coefficients at ¢ = 0 and
the prior for the observational variance. The Gibbs sampling scheme to generate posterior
samples iterates through the set of complete conditional posteriors given as follows.

e Sample 3; from p(G; | yi,X,1;,v;): conditional on yj,x,1;,v; we have a DLM structure
whose system parameter is the vector of regression coefficients 3;, therefore efficient
generation can be obtained via forward-filter-backward-sampling.

e Sample 1; from p(l; | yi,x, 8;,v;): following Carter and Kohn (1994), in order to sample
1; we sample ; , from p(l; 5, | yi, %, B;,v;) and then for ¢t =n —1,...,1 we sample from
p(lit | lise1,yil, xt, B v;). A discrete filter is used to compute p(l;, | yi, %, 8;,v;) and
p(li,t | li,t-i—la Yita xta 53 Ui)‘

e Sample v; from p(v; | yi, X, B;,1;): sample the conditional posterior distribution propor-

tional to p(vi)v_(aH) exp(—0/v;) witha =n/2 -1 and = (3}, e?,t)/l

1
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