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Abstract tests. The methods reported here were developed to

This paper presents a Bayesian approach to learning tﬁgdress these problems.

connectivity structure of a group of neurons from data oMost previous work on neural networks (e.g., [9]) has
configuration frequencies. A major objective of thetaken the connectivity structure as given and focused on
research is to provide statistical tools for detectindearning interaction strength parameters. Recently
changes in firing patterns with changing stimuli. Ourstatistical approaches have become available for structure
framework is not restricted to the well-understood case déarning ([11-14]; see also [15]). This work is now being
pair interactions, but generalizes the Boltzmann machingpplied to neural networks [16-18].

model to allow for higher order interactions. The paper; ; ;
. . o is paper presents a family of loglinear models capable
applies a Markov Chain Monte Carlo Model Composmonof capturing interactions of all orders. An algorithm is

(MC®) algorithm to search over connectivity structures resented to learn both structure and parameters in a

and uses Laplace’s method to approximate pOSteri%niﬁed Bayesian framework. Each model structure
probabilities of structures. Performance of the methodg ecifies a set of clusters of nodes, and structure-specific

\évas”(ta%st?g ggt;fygmti'ﬁegaf J::dgogﬁlsmv:ﬁri_eugilt rameters represent the directions and strengths of
PP y interactions among them. The Bayesian learning

;ﬁggg?ﬁgnﬁg s?r:/tta\/rvaél c?i?fg:ggtsa:{;eﬁ?oxgﬁljs?;tggrteéeglfjl Igorithm gives high posterior probability to models that
y ’ e consistent with the data. An advantage of the

confirmed the experimenters' conjecture that differen ayesian approach is the ease of interpretation of the

i?]t'feerggtcijgr?lstrit:%ﬁ;s were associated with differen esults of analysis. Results include a probability, given

' the observations, that an interaction among a set of nodes
1 INTRODUCTION occurs, and a posteriqr probab.il.ity distripution for the

strength of the interaction, conditional on its occurrence.

Simultaneous activation of two or more neurons is, agnother advantage of the Bayesian approach is the natural
Aertsen and Grun say, thmitary event for information way in which uncertainty about structure can be
processing in the brain [1]. Since the time of Hebb’s [2}epresented and accounted for in data analysis. Studies
fundamental theory it has been understood that compléxdicate that explicitly incorporating structural uncertainty
information processing in the brain arises from thémproves the ability of models to predict future
collective interaction of groups of neurons. Experimentabbservations [12]; [19-20].
advances in the last decade enable the direct study of
firing patterns among the spiking events of groups o2 THE FAMILY OF MODELSFOR
neurons. Abeles and his coworkers in Jerusalem have INTERACTIONS

developed and applied new measurement methods, angt/\ be a set of nodes labeled 1 throughAt a given

have reported coincidences occurring at fixed timq- ; : . .
: g . s ime each node may be in state 1 (active) or O (inactive).
intervals with a much higher probability than chance ([3<y . ciate of noda’agt a given time(is repzesent(ed by a)

6]). Interactions of order higher than two indicate tha}andom variable X The lowercase letteg is used to

three or more neurons share a common Input. Detectlra%note the state OfiX The state of the sétis denoted by

such higher-order interactions is of great concern e random vectox = (X1 X4, which can be in one
neuroscientists. Most connectionist models assum ok configurationd. The actual configuration at a given

pairwise interactions among nodes [7-9]. Martignon, ef_" . _

al. [10] developed a family of models capable of me is denoted by = (xy, ..., X-
representing higher order interactions. Their frequentist
approach is subject to well-known difficulties, especially

those associated with multiple simultaneous hypothesté” this paper we follow the convention that uppercase letters represent
random variables, lowercase letters represent specific states of random




A cluster of nodes exhibits a positive (or excitatory)Any strictly positive probability distribution can be
interaction when all nodes in the cluster tend to be activeritten in the form (2) for==2/\. Structure< in which
simultaneously and a negative (inhibitory) interactionsome clusters do not appear are equivalent to the structure
when simultaneous activity tends not to occur. Ou” with 0z=0 for &£ . Martignon et al. [10], [21]
objective is to introduce a mathematical model that allowstudied some special casesspfamely the case &=2"\

us to define excitatory and inhibitory interactions inand the case in whick contains all subsets with
rigorous terms, to identify clusters exhibiting interactionscardinality less than a fixed valde.

and to estimate the strength of interaction among nodes

: 'Fhe model (2) is an example ofaglinear model, that is,
a given cluster.

a model in which the logarithm of the probability of an
Let the probability of occurrence of configuratisnin a  observation is a linear function of some set of statistics (in
given context be denoted Ipfx). The context refers to this case, the &) computed from the observations. It is
the situation in which the activity occurs; e.g., the task theommon in the literature on loglinear models to assume a
animal is performing, the point in the task at which thehierarchy constraint [22]. In models of the form (2) this
measurement is taken, etc. If nodes act independentiould mean that if 7#0 for some cluste€, then T’

the probability distributiorp(x) is equal to the product of would be required to be nonzero for e . The

marginal probabilities for the individual neurons: neurobiological context for which our models are being
developed precludes this assumption. Neurobiologists are
P(x) = p(x)-P(xY- (1) specifically concerned with identifying situations in

A system of neurons is said to exhilviteraction if their which simultaneity (.)f acti\_/ation exists for a clusteof .
neurons, although its strict subsets are not necessarily

joint distribution cannot be characterized by (1). imultaneously active. The neurobiological context also
Interactions among neurons can be modeled Y . 9

; - L ; ; ludes restricting the models (2) to those that are
mathematically by introducing interaction terms into the>rec .
expression fop(x) (see (2) below). A system of neuronsdecomposable([23-25]). Thus, closed form solutions are

is said to exhibit degree interaction if at least one not available for either structure or parameter learning.

interaction term involves neurons and no interaction Let 8 denote the vector of interaction parameters for a
term involves more than neurons. In a system which structure =4, To emphasize dependence of the
exhibits degree interaction, a set of neurons exhibits configuration probability or®@ and =, we adopt the
excitatory (inhibitory) interaction if their probability of notation pk|0,=) = exp{h(x|8,=)} for the configuration
simultaneous firing is greater (less) than that predicted hyrobabilities and their natural logarithms.

interactions of lower orde?. This paper is concerned with two issues: identifying the

To formalize these ideas, |& be a set of clusters of interaction structure= and estimating the interaction
nodes, where each clusteis a subset of\; the empty set strength vecto®. Our approach is Bayesian. Information
O is required to belong ta. Define the random variable about pk) prior to observing any data is represented by a
Tt to have the value 1 if all nodes in clustesire active joint probability distribution called therior distribution

and 0 if any node in clusteris inactive. Thatis, gis  over= and thef’s. Observations are used to update this
the product of the Xfor all i O &. By definition, T is  probability distribution to obtain posterior distribution
equal to 1. The distribution y)is assumed to be strictly over structures and parameters. The posterior probability
positive, i.e., all configurations are possible. Thus, itof a cluster can be interpreted as the probability that the
logarithm is well-defined and can be expanded in terms af nodes in clusteg exhibit a degree-interaction. The
the componentsg; for i=1,...N. Let hk) be the natural posterior distribution foBz represents structure-specific
logarithm of the probability p) of configurationx. We  information about the magnitude of the interaction. The

say that the nodes in s&texhibitinteraction structure=  mean or mode of the posterior distribution can be used as
with interaction parameters {6g}sz if h(x) can be a point estimate of the interaction strength; the standard
written: deviation of the posterior distribution reflects remaining
h(x) = log p(x) = Z o, . @ uncertainty about the interaction strength.
3. ESTIMATING PARAMETERSFOR AN
A cluster€ is said to exhibit excitatory interactiondf >0 INTERACTION STRUCTURE

and inhibitory interaction iBg<0. From (2) it follows
that when an excitatory interactidde>0 occurs, the
probability of simultaneous firing of the neuronséins
greater than what would be the casé® and all other
B¢ for &#0J remained the same.

In this section, we consider the problem of using
observations to estimate interaction strengtg} {=

3in [10] the model was expressed as tiegative natural logarithm of

the configuration probability. Thus, the resulting parameters are the
negatives oPB’s obtained here. The decomposition used here has the
variables, boldface letters represent vectors, and ordinary letteradvantage that positiv@s represent excitatory interactions and negative
represent scalars. 0's represent inhibitory interactions.

2This heuristic definition must be modified (see discussion below) whef*The vector® containsbg for §&[£ . For notational simplicity the
the system also exhibits interactions of order greaterrthan dependence @ on the structur& is suppressed.



conditional on a fixed interaction structute Initial
information abou®g is expressed as a prior probability
distribution g@|=). Letxq, ..., XN be a sample of N
independent observations from the distributior|@E).
The joint probability of the observed set of
configurations, p(x, [6,=)---p(x,|6,=), viewed as a
function of 0, is called thdikelihood function for®.
From (2), it follows that the likelihood function can be
written

L(6) = p(x,]6,2)--p(x,]8,Z)
0
= oply heelo)
. 0
0 -0

= eXpDNZ 6.t 0, 3)

0 0

where t; =+ t. is the frequency of simultaneous

activation of tfie nodes in clustér The expected value of
T¢ is the probability that =1, and is often referred to as
the marginal function for clustér. The observed value
t; is referred to as the marginal frequency for clugter

The posterior distribution fo@ given the samplaq, ...
Xy iS given by:

9(6l=,x,,...,x,)
Kp(x, 16,=)---p(x,18,Z)g(8|=) (4)

where the constant of proportionalityis chosen so that
(4) integrates to 1:

0 _ _ _ o
K= ELP(%IQ:)“'P(lee,:)g(GIZ)de% : (5)

In this expression@’ is the vector ofég for nonempty
¢ . Integration is performed only over parameters th

may vary independently. Because the probabilities arg

constrained to sum to @ is a function of the othels:

0
- |oggz exp% 0., (x)%
o* #0

The random vectoil of marginal frequencies is called a
sufficient statistic for @ because the posterior distribution
of 8 depends on the data only througR. Thus, for the

0, (6)

distributed about zero (i.e., excitatory and inhibitory
interactions are equally likely) and that mdit lie
between -4 and 4. The standard deviatief is based on
previous experience applying this class of models to other
data [10].

The posterior distributiong(0|=, x,,...,x,) cannot be
obtained in closed form. Thus approximation is
necessary. Options for approximating the posterior
distribution include analytical or sampling-based
methods. Because we must estimate posterior
distributions for a large number of structures, Monte
Carlo methods are infeasibly slow. We therefore use an
analytical approximation method. We approximate
0(8|=,x,,...,x,) as the standard large-sample normal
approximation. The approximate posterior mean is given
by the mode# of the posterior distribution. The posterior
mode @ can be obtained by using Newton’s method to
maximize the logarithm of the joint mass/density
function:

6=
argmax{log(p(x, 18,%)p(x, 18.5)9(B1D)}  (7)

The approximate posterior covariance is equal to the
inverse of the Hessian matrix of second derivatives
(which can be obtained in closed form):

f

[-Dzlog(p(x, 16,2)p(x, 18, 2)g(8I%))] - (8)

The normal approximation is accurate for large sample
sizes [26]. The posterior density function is always
unimodal, and we have observed that the conditional
density for6g given the othef’s is not too asymmetric

ven when the corresponding margina i small.
evertheless, the quality of the Laplace approximation is
question worthy of further investigation.

4. POSTERIOR PROBABILITIESFOR
STRUCTURES

To perform inference with multiple structures, it is natural
to assign a prior distribution f& that is amixture of
distributions of the form (7). That is, a structure
probability i= and a prior distribution (=) is specified

for each of the interaction structures under consideration.

purpose of computing the posterior distribution for a fixedThe structure-specific parameter distribution@|g] was

structure, no information
summarized by the vector of observed cluster activatio
frequencies for those clusters belongingto

A structure= indicates whictBg are nonzero. The prior
distribution g@[=) expresses prior information about the
nonzerofg. We assume that the nonzé&goare normally
distributed with zero mean and standard deviatieR.
That is, we are assuming that thg are symmetrically

SThe sufficient statisti@ contains T only for those clusters ig. For
notational simplicity the dependence ®f on the structure= is
suppressed.

is lost if the data aredescribed above in Section 3.

To obtain the prior
distribution for structures, we used discussions with
neuroscientists and experience fitting similar models to
other data sets. We expectedlifor single-elemeng

to be nonzero. We expected most otfgrto be zero
[27]. The prior distribution we used assumed thatbthe
were zero or nonzero independently, and e@gtwith
[&|>1 had prior probability of .1 of being nonzero. The
results of the analysis were insensitive to the (nonzero)
prior probability of including singletoé.

The posterior distribution o® given a sample of
observations is also a mixture distribution:



- * = Computing the posterior distribution (9) requires
96k XN) ang(el_,xl,...,xN) © computing, for each possible structife the posterior
probability of = and the conditional distribution @
= ! ; AT i given=. This is clearly infeasible: fdenodes there are
d(6=,x,,...,x,) is the posterior distribution @ given 5k activation clusters, and therefore® 2possible
structure= as defined in (4) and (5). structures. It is therefore necessary to approximate (9) by
The ratio of posterior probabilities for two structu®s  sampling a subset of structures. We used a Markov Chain
and=; is given by: Monte Carlo Model Composition (M& algorithm [13] to

* sample structures. A Markov chain on structures was
T pEdx,.xy) Pl X [5) T (10) constructed such that it converges to an equilibrium
o PE,1x.x,) PO, x|Z,) TL distribution in which the probability of being at structure
=2 ? = is equal to the La*place approximation to the structure
Thus, the posterior odds ratio is obtained by multiplyingPosterior probabilityt- . We used a Metropolis-Hastings
the prior odds ratio by the ratio of marginal probabilitiessampling scheme, defined as follows. When the process
of the observations under each of the two structures. TH at structurez, a new structur&’ is sampled by either
ratio of marginal probabilities is called the Bayes facto@dding or deleting a single cluster. The clugteo add
[19]. The marginal probability of the observations undepr delete is chosen by a probability distributip(d’|=).°
structure= is obtained by integrating’ out of the joint The proposed addition or deletion is then either accepted

where n: is the posterior probability of structuée and

conditional density: or rejected, with the probability of acceptance given by:
p(x,,.... x| Z) min%’p(xl,....lez@)nE@p(E(q;:)E (15)
= [P(x, [69)-p(x,|00Z)g(6G=)d0E . (11) 0 P(x,....x,|2)p(EQ=9

We assumed in Section 3 that the joint mass/densit§- APPLICATION OF THE METHODS

function (and hence the posterior density function@or There is growing consensus that processing in the brain is
was highly peaked about its maximum and approximatelyrganized in functional groups of neurons. Following
normally distributed. ~ The marginal probability Hepp [2], these groups are commonly referred to as “cell
p(x,,....x|=) is approximated by integrating this normal 3ssemblies.” One operational definition for the cell
density: assembly has been particularly influential: near-
Blx,,....x,|5) simultaneity or some other specific timing relation in the
firing of the participating neurons. Such temporal
frlzp(x 16,2)---p(x, |6,2)g(f|=) (12) coherence is at least in principle important to brain
T N function: if two neurons converge on a third one, their
The approximation (12) is known as Laplace’ssynaptic influence is much larger for near-coincident
approximation [19]; [28]. firing, due to spatio-temporal summation in the dendrite.

Thus, h f firing is directl ilable to the brai
The posterior expected value®fs a weighted average of as t;spcs)%/enncti;;) qu?m |(r:|gge|s[4_|5r]e (:[2)5;_%\6? able fo the brain
2 , .

the conditional posterior expected values. As noted i i ) )
Section 3, these expected values are not available IR pursuit of experimental evidence for cell assembly
closed form. Using the conditional MAP estimaie to  activity in the brain, physiologists thus seek to observe the
approximate the conditional posterior expected value, wactivities of many separate neurons simultaneously,

~ (Zn)dlz

obtain the point estimate preferably in awake, behaving animals. These “multi-
N neuron activities” are then inspected for possible signs of
] = 211355 . (13) interactions between neurons. Results of such analyses

may be used to draw inferences regarding the processes
In (13), the valueé§=0 is used for structures not taking place within and_ between hyp(_)thetlcal cell
containing€. Also of interest is an estimate of the value@Ssémblies. The conventional approach is based on the
of 6 given thatds#0, which is obtained by dividing use of crosscorrelation techniques, usually applied to the
by the sum of thet= for which & . Equation (8) can'be activity of pairs (sometimes triplets) of neurons recorded
used to approximate the posterior covariance matrix under appropriate stimulus conditions. The result is a
for 8 conditional on structur&. Again, the unconditional time-averaged measure of the temporal correlation among

covariance can be approximated by a weighted average: € spiking events of the observed neurons under those
conditions. Recently it is becoming possible to examine

f = ZTE:iE . (14) larger groups of neurons and to study the dynamic
= properties of the firing correlation between neurons in

(Zero variance is assumed fé whené= .) The
variance offg conditional on{[£ can be obtained by

dividing the varianceg; estimated from (14) by the sum 61o improve acceptance probabilities, we modified the distribution

of the 1= for which&[Z . p(¢’|=) as sampling progressed. The sampling probabilities were
bounded away from zero to ensure convergence.




fine detail. Application of these new measures hastationary segments of the trials, which are also those
revealed interesting instances of time- and contexpresenting the least temporal correlation, corresponding
dependent synchronization dynamics in different corticatio intervals of 2000 milliseconds around the ready-signal.
areas, particularly in awake, behaving animals. Recelie adjoined these 94 segments and formed a data-set of
investigations have focused on the detection of individual88,000 milliseconds. The data were then binned in time
instances of synchronized activity: “unitary events,"windows of 40 milliseconds. The choice of window was
consisting of precise spike patterns in multiple-neuroralso chosen in discussion with the experimenter. The
activity, occurring more frequently than expected byfrequencies of configurations of zeros and ones in these
chance. The models reported in this paper wereindows are the data used for analysis in this paper. For
developed for the purpose of detecting such unitargomputational reasons we selected a subset of six of the
events. eight neurons for which data were recorded.

We applied our models to data from an experiment iWe analyzed recordings prior to the ready-signal
which spiking events among groups of neurons werseparately from data recorded after the ready-signal.
analyzed through multi-unit recordings of 6-16 neurons ifcach of these data sets is assumed to consist of
the cortex of Rhesus monkeys. The monkeys were trainéadependent trials from a model of the form (2). We ran
to localize a source of light and, after a delay, to touch théne MC3 model search algorithm described in Section 4
target from which the light blink was presented. At thefor 15,000 iterations. Posterior probabilities, estimated
beginning of each trial the monkeys touched a "ready®g, and estimatedg are shown in Tables 1 and 2 for all
key", then the central ready light was turned on. Three tmteractions with estimated posterior probability of at
six seconds later, a visual cue was given in the form of l@ast .1 (i.e., interactions for which the posterior
200-ms light blink coming from either the left or the right. probability is at least as large as the prior probability).
Then, after a delay of 1 to 32 seconds, the color of thBosterior probabilities for interactions were estimated in
ready light changed from red to orange and the monkeywo different ways: by frequencies collected over the
had to release the ready key and touch the target froh%,000 iterations of the MZE algorithm and by
which the cue was given. normalizing probabilities for the 100 highest-probability

0 : ap tructures enumerated during the model search. The
The shldng event (1 he 1 mitsecond 120ge) of et shown in Table 1and Table 2 ndicte hat these
and the activity of the whole group was described as §'0 éstimation methods yield similar estimates. ~Also
sequence of configurations or vectors of these binar own 1n Table 1 and Table 2 are estimates for the
states. Since the method presented in this paper does praction streng_th paramete@g conditional onBg#0.
take into account temporal correlation or nonstationarity, e estimated, is a weighted average of the MAP
the experimenter provided data corresponding to

Clusteré Posterior Posterior MAP estimate(’)E Standard DeviatioH
Probability ofg Probability ofg of 6
(Frequency) (Best 100 models

1 1.00 1.00 -1.52 0.06
2 1.00 1.00 -1.73 0.07
3 1.00 1.00 -3.13 0.15
4 1.00 1.00 -0.82 0.06
5 1.00 1.00 -2.76 0.10
6 1.00 1.00 -0.83 0.06
4,6 0.98 1.00 0.49 0.11
2,3,4,5 0.33 0.36 2.34 0.67
3,4,6 0.22 0.15 0.80 0.27
2,3,4,5,6 0.16 0.13 2.53 0.88
1,4,5,6 0.16 0.10 6.67 1.19
3,4 0.12 0.08 0.63 0.23

Table 1: Resultsfor Pre-Ready Signal Data
Effectswith Posterior Probability > 0.1



Clusteré Posterior Posterior MAP estimate(’)E Standard DeviatioH
Probability ofg Probability ofg of 6
(Frequency) (Best 100 models
1 1.00 1.00 -1.03 0.06
2 1.00 1.00 -2.54 0.10
3 1.00 1.00 -3.86 0.24
4 1.00 1.00 -0.40 0.05
5 1.00 1.00 -3.06 0.12
6 1.00 1.00 -0.50 0.05
3,4 0.86 0.94 1.00 0.27
2,5 0.25 0.18 0.98 0.34
1,4,5,6 0.18 0.13 1.06 0.36
1,4,6 0.15 0.08 0.38 0.13

Table 2: Resultsfor Post-Ready Signal Data:
Effectswith Posterior Probability > 0.1

estimates (7). Structures included in the weighte&or its presence nor for its absence.) Both these second-

average were those from the 100 most probable mode?é:der interactions are excitatory. Inspection of the

that includedg. Structure weights are proportional to thecoefficient estimates for the single-element effects reveals

structure posterior probability. values that are similar but most likely not identical for the

. _ . . pre and post-ready data. This suggests that the base level
The estimatef, is obtained from the sum of “within” and of activation of the six neurons is similar in the pre and

“between” variance components: post-ready situations. (These coefficients are negative
20 because the overall level of activation in these recordings
¢ = Z . %ﬁi +(5E —éz) 0 (16)  was low.)

) We also applied our models to synthetically generated
The sum is over the 100 most probable enumerateghta. We generated data randomly from a model of the
structures that includg the weight . is proportional to  form (2), where we specifieel and@s. Table 3 shows the
the posterior probability at and normalized to sum to 1; nonzerofg in the model we used. The interaction effects
the within-structure variance component is a weighteghcluded were the four highest posterior probability
average of the appropriate diagonal elements of (8); anflteractions from the pre-ready data (see Table 1). The
the between-structure variance component is the sum Qlues off were chosen by computing the maximum a
squared deviations of the structure-specific parametgjosteriori estimate o for the model with these nonzero
estimates about their mean. effects fitted to the pre-ready data. (Note that the

The data analysis confirms the prior expectation that n&oefficients6 3 4 sand2 3 4 5 gare both considerably
many interactions would be present [27]. There was gmaller than the values from Table 1. These two
high probability second-order interaction in each data sethteraction terms are share many neurons and are
£4 gin the pre-ready data adg 4 in the post-ready data. nega‘uvely correlated with each other. When_ both appear
In the pre-ready data, a "fourth-order interactionn the model, both are smaller than when either appears
§2.3.4,91ad posterior probability about 1/3 (this represent@lone.) We used th@g from Table 3 to compute(x)
approximately three times the prior probability of _1)_from (2), and then generated 2000 random observations
The tables show a few other interactions with posteriolfom P(X)-

ility | han their pri ility.
probability larger than their prior probability Results from the analysis of synthetic data appear in

Comparison of Tables 1 and 2 reveals some similaritiegable 4. Note that the (4,6) and (3,4,6) interactions had
and some important differences. First, there is strongery high posterior probability. The former was
evidence for different second-order interactions irj the twestimated quite precisely; the latter to within two posterior
data sets. The pre-ready data shows strong evidence f9andard deviations. Neither the (2,3,4,5) nor the
the {4,6} interaction; there is no evidence for this(2 3 4,5 6) interactions was detected by the analysis of the
interaction in the post-ready data. The post-ready da&ynthetic data (their posterior probabilities were .03 and
shows strong evidence for the {3,4} interaction; there iso4, respectively). This suggests that the magnitude of
no evidence for this interaction in the pre-ready datahese interactions was not sufficient to be detected in a
(Although the {3,4} interaction term appears in Table 1,sample of this size. No interactions that were not present

its posterior probability is barely greater than its priofin the synthetic data model were detected by the data
probability, indicating that the data show evidence neithegnalysis.



Cluster CH
-1.52
2 -1.74
3 -3.24
4 -0.82
5 -2.78
6 -0.83
4,6 0.45
3,4,6 0.74
2,3,4,5 1.79
2,3,4,5,6 0.61

Table 3: Nonzero Parameter Valuesfor Synthetic
Data

the ability to incorporate structural uncertainty, and the

consequent ability to compare many different structures in
a statistically justifiable way. The methods reported in

this paper are computationally quite intensive. We are
investigating the implementation of the methods on a

massively parallel computer. This will make it possible to

handle data sets consisting of much larger numbers of
nodes. We are also planning simulation studies to
examine the quality of the Laplace approximation.
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