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Abstract

This paper reviews the common methods for measuring strength of contingency between
two behaviors in a behavioral sequence, the binomial z-score and the adjusted cell residual,
and points out a number of limitations with these approaches. It presents a new approach
using log odds ratios and employing empirical Bayes estimation in the context of hierarchical
modeling, an approach not constrained by these limitations. A series of hierarchical models
is presented to test the stationarity of behavioral sequences, the homogeneity of sequences
across a sample of episodes, and whether covariates can account for variation in sequences
across the sample. These models are applied to observational data taken from a study of the

behavioral interactions of 254 couples, to illustrate their use.
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Introduction

Behavior is inherently sequential. It unfolds over time, one action following another in
a constant stream. When two or more people are together, their individual streams of be-
havior can intertwine, forming broad rivers of interaction. For several decades behavioral
researchers have struggled to characterize these streams of individual behavior or group in-
teraction, developing observational methods for parsing this flow into meaningful units, and
constructing quantitative indicators to capture and compare patterns within this stream.
These techniques are now used to study questions such as how parent-infant interaction
affects attachment security (Kiser, Bates, Maslin, & Bayles, 1986), how parent-child in-
teraction shapes the development of aggressive behavior (Patterson, 1979), how peer-peer
interaction influences risky behavior (Bank, Patterson, & Reid, 1996), and how husband-wife
interaction influences satisfaction with the relationship (Gottman, 1979).

In this paper we are concerned with quantitative methods used to describe recurrent
regularities in microcoded observational data. In microcoding, the stream of behavior or
interaction is first parsed into discrete behaviors, and then each behavior is assigned to one
of a set of exhaustive categories.

We begin this paper by describing quantitative methods that have been developed to
characterize patterns within such data sets. We then discuss important limitations of these
methods, including their over-sensitivity to the length of the behavioral stream and their lack
of attention to the multilevel nature of the data set and underlying phenomena. We then
introduce a new set of quantitative methods not constrained by these limits that provide
a means of accounting for heterogeneity and structure in behavioral data. These methods
include the use of the log odds ratio as an indicator of interaction pattern, random effects
models as a way of specifying these multilevel relationships, and empirical Bayesian estima-

tion methods for calculating and testing parameters within these models.
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Methods Currently in Use

We first introduce some terminology. We will refer to the individual or group under
study as the basic sampling unit. We will use the terms “unit” and “basic sampling unit”
interchangeably throughout this paper. A basic sampling unit may be observed on several
occasions, each involving a separate stream of behavior with a defined beginning and end.
We refer to each such occasion as an episode. Eckerman (1993), for example, observed the
same 14 pairs of toddlers interacting in free-play settings five times over a 16-month period.
In our terms, each toddler pair is a basic sampling unit, and each of the five behavioral
streams observed for each toddler pair is an episode, resulting in a data set with 70 separate
episodes. In Eckerman’s study, each episode was limited to 16 minutes of observation, and
contains a sequence of behaviors, each behavior assigned to its own category. Finally, each
episode may be later broken up into two or more sub-episodes by the investigator, based on
empirical or theoretical reasons. Gottman (1979), for example, observed single episodes of
interaction in each of 28 couples, then broke each episode into three sub-episodes of equal
length to study whether interaction patterns changed over the course of the episode.

Behavior during the episode may be shaped by things that happened earlier in the
episode. Many theories hypothesize such effects, including behavioral reinforcement theories
(Patterson, 1979) and theories of conflict escalation (Snyder, Edwards, McGraw, & Kilgore,
1994). To study such processes, most behavioral researchers have concentrated on the re-
lationship between immediately antecedent behavior (A) and the immediately consequent
action (C). We use the terms antecedent and consequent here simply to reflect temporal con-
tiguity; not to imply any necessary causal relationship. Two methods have been advanced
as ways of quantifying the relative strength of this relationship within a particular episode.
The first involves the conditional probability, or probability across the entire episode that,
when behavior A occurs, behavior C will follow. Note that this conditional probability is

calculated at the level of the episode.
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While some researchers have used the conditional probability as a direct measure of
episode-level structure (Eckerman, 1993, for example, compares mean conditional probabil-
ities averaged across episodes and dyads for two separate groups of toddlers), others have
suggested that this is not appropriate. Bakeman and Gottman (1986, p. 149) pointed out
that conditional probabilities can be strongly influenced by the simple probability of occur-
rence of the consequent behavior, and recommended using the binomial z score developed by
Sackett (1979), with modifications recommended by Alison and Liker (1982) and Gottman
(1980). The z score is a measure of the extent to which a particular observed conditional
probability deviates from its expected value as based on the simple unconditional probability
of the consequent behavior. Bakeman and Gottman (1986, p. 157) recommend calculating
a z score for each episode, and using them as scores in standard parametric techniques such
as multiple regression. (In the recent second edition, Bakeman & Gottman (1997) have now
withdrawn this suggestion, based on reasons similar to those we discuss below).

More recently, Bakeman and Quera (1995) demonstrated that these statistics are quite
similar to an adjusted cell residual from a two-way contingency table testing the relationship
between each behavioral categories and its immediate consequent. Tables 1(a) and 1(b)
present such data for one observed episode for one couple from a study of the observed
interactions of 254 adult couples (Howe, 1995). Data in Table 1(a) are from the initial codes
used, which unitized behavior in such a way that a particular type of behavior could be
repeated more than once by an actor. In this study behaviors were also defined as states; a
new behavior began when the state changed, either within an actor or as the other partner
began to speak. The resulting frequencies in Table 1(b) summarize all such state transitions,
either within or between partners. Since by definition a state cannot follow itself in these
data, cells on the diagonal take zero values.

Following Bakeman and Quera’s (1995) guidelines for analyzing data where codes cannot

repeat, an adjusted cell residual can be calculated for each of the remaining 12 cells in
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this table, reflecting the fact that with an observational system involving four categories of
behavior (in this case, two for the male partner: male negative and male positive, two for
the female partner: female negative and female positive) we are able to identify 12 possible
immediate antecedent-consequent relationships, since any behavior can be followed by one
of three other behaviors. Note that each of these adjusted cell residuals is calculated at the
level of the episode (or in this case, at the level of the couple or basic sampling unit, since
each couple was observed on only one occasion).!

Investigators have used the adjusted cell residual (or its analogue, the z-score) as an
episode-level variable interpreted as scaling the relative strength of contingency between two
behaviors in a particular episode (e.g., Davis, Hops, Alport, & Sheeber, 1998). However,
these statistics have important limitations that restrict their utility when they are applied
to data from more than one episode.

Instability With Low Cell Counts

First, the adjusted cell residual or z-score can become quite unstable when there are
few instances of a particular antecedent-consequent sequence. Figure 1 illustrates this for
an adjusted cell residual based on sequences of Male Partner Negative followed by Female
Partner Negative for each of the 254 couples mentioned above. The range of adjusted cell
residuals is quite large for couples having the fewest instances of this sequence, and becomes
much more restricted as the number of sequences increases. The effects of this property
can be reduced in two ways. Investigators can drop all cases with low cell frequencies from
their analyses. As an alternative, investigators could pool data across episodes or across
basic sampling units into one larger contingency table to increase cell counts. Both of
these options can introduce problems, however. The former may restrict the analyses to a
biased subsample of cases, while the latter ignores potentially important information about
between-episode or between-unit variation in antecedent-consequent patterns. In addition,

as Wickens (1993) has pointed out, pooling can seriously distort findings, and can even lead
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to cases where associations in the pooled data are opposite to those found in each individual
table.

Adjusted cell residuals or z-scores are unstable because their values are influenced by
the relative frequency of the antecedent behavior. Episodes with fewer occurrences of the
antecedent will be associated with greater measurement error and greater instability in the
adjusted cell residual. When adjusted cell residuals or z-scores are calculated and used as
predictors in parametric analyses such as regressions, it is assumed that these indicators are
measured without error, an assumption that is most likely untrue. In addition, the measures
from all episodes are given equal weight regardless of their accuracy. In the next section we
will present a method that allows us to model and take into account this measurement error,
and to give more weight to episodes with less error.

Influence of Length Of Episodes

Second, because of the way it is defined, the magnitude of the adjusted cell residual or
z-score can be directly influenced by the overall length of an episode, independent of the
actual relationship between an antecedent and a consequent behavior. To illustrate this,
consider the simulated data where the pattern of counts is similar to that of Table 1(b),
but in which each cell count is multiplied by 10, reflecting a situation where we observe an
episode following the same pattern for a much longer period of time. Table 1(d) reports
the adjusted cell residuals for these simulated data. In each case, the adjusted residuals are
several times greater than those in Table 1(c) (in fact, they are an exact multiple of v/10).
This may not be a problem when data are based on episodes with equal numbers of total
behaviors, but can introduce significant extraneous variability when episodes differ in length.
In the couples data set we have been using as an example, each couple was observed for 15

minutes, but this resulted in episodes that ranged from 12 to 300 total behaviors.
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Interpretation of Individual Cells

Third, adjusted cell residuals or z-scores can be misleading when individual cells, re-
flecting a particular antecedent-consequent relationship, are singled out for analysis and
interpretation. These statistics use information from the entire table in computing values,
and so the value for each cell is definitionally “confounded” with values from all other cells.
The information on contingency in any table contains many fewer degrees of freedom than
the number of cells making up the table. For example, Table 1(b) contains 16 cells but only
5 degrees of freedom. If we focus only on the subtable involving state transitions from male
partner to female partner, the upper right quadrant in Table 1(a), there are four cells but
only one degree of freedom. Interpretation of individual cells without taking into account
the patterns in other cells can be problematic because of this.

For example, marital researchers have used the term negative reciprocity to describe
the likelihood that one partner will respond negatively to a negative behavior by the other
(Gottman, 1979), and the term negative reactivity to describe the likelihood that positive
behavior will be suppressed following negative behavior by the other (Margolin & Wampold,
1981). It is not often noted that these two patterns are likely to be dependent, and in fact
when cells from the four-cell state transition subtable are used to assess these processes,
they are completely confounded, since that subtable has only one degree of freedom. This
lack of independence is not just a statistical oddity, but is in fact inherent in any sequential
observational data that categorizes behavior into a limited set of categories. In our example,
the female partner has only two choices of response. The more she responds negatively in the
face of a negative behavior from her partner, the less she responds positively. As negative
reciprocity increases, so must positive responding (negative reactivity) be suppressed.

Lack of Attention to Hierarchical Structures
Finally, as we noted earlier, antecedent-consequent patterns are embedded within sub-

episodes, sub-episodes are embedded within episodes, and episodes may be embedded within
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individuals or groups. Current methods for studying antecedent-consequent patterns may
be limited in their ability to unpack and make sense of this multilevel structure. Pooling
data across episodes or basic sampling units eliminates information about variation between
episodes or units, and this is often the variation in which we are most interested. On the
other hand, using z scores or adjusted cell residuals calculated for each episode assumes these
scores are measured without error or with constant error variance, an assumption that is
likely erroneous.

We now introduce a different method, empirical Bayesian random effects modeling (EBREM),
for studying antecedent-consequent relationships in sequential behavioral data. We apply
EBREM to the log odds ratio as an indicator of contingency, which avoids some of the pit-
falls of using indicators based on single cells. As we will demonstrate, EBREM not only
incorporates multilevel structure explicitly in its models, but also avoids the problems of
unrealistic estimates that may occur when some episodes have relatively few instances of a
sequence of interest. Our work builds on and extends recent discussions of Markov models
for studying variation in individual behavior chains (Gardner, 1990), and work on adjusting

for between-subjects variability in contingency tables (Wickens, 1993).
Random Effects Modeling of Log Odds Ratios

We begin with some notation. Table 2 summarizes all possible two-step sequences that
could reflect antecedent-consequent relationships for a set of behavior categories used to
describe one complete behavioral sequence for a single episode m within the [th sampling
unit. Each episode will have an I x J contingency table where the cells are filled by frequency
counts for sequences beginning with one of the I codes (antecedent) and ending with one
of the J behaviors (consequent). Let n;;m be a frequency count for the sequence beginning
with behavior ¢ and ending with behavior j for the mth episode and [th sampling unit, where
1=1,---.1, j3=1,---,J,m=1,---,K,and [ = 1,---, L where K is the total number

of episodes per sampling unit and L is the total number of sampling units in the study. In
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many cases I = J, since the same set of behavioral categories will be considered as both
antecedents and consequents.
Use of the Log Odds Ratio

Upton (1982) identified 22 measures of association that have been developed for summa-
rizing data in contingency tables. The adjusted cell residual that we have been discussing has
two virtues as a measure of association between antecedent and consequent: it is not affected
by rates of the antecedent behavior, and it defines strength of association in terms of how
much the cell frequency reflecting a particular antecedent-consequent association deviates
from the expected or “chance” value. We would like to retain these characteristics, but also
have an indicator that is not sensitive to the total number of behaviors in the sequence, and
is tractable when involved in more complex models.

We begin with the odds for a particular cell, defined as the conditional probability for
the consequent given the antecedent, divided by the conditional probability for all other
consequents given that antecedent. Using our notation, the formula for the odds of cell
ij for the mth episode and Ith sampling unit is given by: P,,;(jli)/(1 — Pu(jli)), where
Pi(jli) is the probability of occurrence of event j as consequent behavior given that event
1 happened as antecedent behavior.

The odds meets two of our criteria: it is not affected by either the antecedent marginal
frequency or the total table frequency. However, the simple odds can be affected by the
marginal frequency of the consequent. To remedy this, we move to an odds ratio, which
compares the odds that a particular consequent will follow the antecedent to the odds that
the consequent will follow all other relevant antecedents.

What do we mean by relevant antecedents? We use this term because antecedent-
consequent, relationships in any study can be of different logical forms, and the appropriate

set of antecedents to be used here will depend on the substantive questions to be studied.
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The example data in Table 1(a) include three different forms of antecedent-consequent re-
lationships involving (1) stability within actor, (2) state change within actor, and (3) state
change between actors. Suppose we are interested in the pattern of state changes from male
partner to female partner, and we wish to determine the pattern and strength of this asso-
ciation using the odds ratio, with particular reference to the cell reflecting Male Negative
followed by Female Negative. We could base this ratio on the entire 4 x 4 table, defining
Female Positive, Male Negative, and Male Positive all as relevant antecedents. The resultant
odds ratio would tell us how strongly this sequence occurred in comparison to those follow-
ing all other antecedents, including the Male Negative followed by Male Negative sequence.
The data in Table 1(a) however strongly suggest that the pattern of self-stability reflected
in the Male Negative to Male Negative sequence is very strong, and it probably reflects a
very different process than the cross-actor association in which we are interested. If this is
the case, then including Male Negative as a relevant antecedent would greatly reduce the
odds ratio, inappropriately comparing the cross-actor sequence of interest to a within-actor
sequence that is influenced by a fundamentally different process.

A second option would be to transform our dataset to one that includes only state
changes. In this case, no behavior may follow itself, and cell frequencies reflect only those
points of transition from one state to another. Data in Table 1(b) are based on the same
observations as those in Table 1(a), but include only state transitions. While we might use
the entire table to calculate our odds ratio, the pattern of frequencies in the within-actor
blocks appears very different from those in the between-actor blocks, with very few instances
of within-actor transitions occurring once we have eliminated those involving state stability.
Again, including the within-actor transitions would seem to be inappropriate.

A third option, and one that we would advocate for this particular example, would
define as relevant antecedents only those antecedents involved in cross-actor transitions.

For these data, the odds ratio of interest would involve only one other antecedent, Male
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Positive, and would be based on the four cells in the upper right quadrant of Table 1(b).

The observed odds ratio would be calculated as (30/27)/(16/42) = 2.92 and the log odds
ratio as log(2.92) = 1.07.2  Note that the log odds ratio uses information from all four cells
in the subtable in its calculation.

Table 3 provides the observed log odds ratios for the subtable of interest. The four log
odds ratios are clearly not independent of one another, and in fact are either equivalent or
exact inverses of one another. This reflects that fact that any 2 x 2 table has available only
one degree of freedom for testing level of association. For this particular couple, the log odds
ratio reflects a combined pattern of higher negative reciprocity and positive reciprocity as
well as higher negative and positive reactivity (suppression of positive following negative, or
negative following positive).

These odds ratios are based on data from a single couple, and in this data set may be
estimated for each of the L = 254 episodes, or couples (since there is only one episode
per couple). The distribution of a particular odds ratio across the population of episodes
is positively skewed and nonnormal. Figure 2(a) depicts the histogram across couples for
the odds ratio of the transition from Male Partner Negative to Female Partner Negative,
illustrating this positive skewness. Taking the natural logarithm of the odds ratio makes
the distribution symmetric, as is evident in Figure 2(b). The distributional advantages of
improved symmetry and approximate normality lead us to prefer using the log odds ratio
as an indicator of a strength of a particular antecedent-consequent relationship over other
candidates, such as the simple conditional probability.

The log odds ratio has other advantages over the use of the conditional probability. Log
odds ratios can range anywhere from plus to minus infinity so, unlike probabilities which
range between zero and one, log odds ratio models do not lead to any range restrictions. This
means that mathematical models using the log odds ratio are simpler and more tractable (al-

though there have been some attempts to develop models for conditional probability indexes
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in other cases involving data with multilevel structure: e.g., Dersimonian & Laird, 1986;
Wickens, 1993). Modeling on the log odds ratio scale has the advantage that most effects
can enter as additive terms. For example, a test of whether two conditional probabilities are
equal can be reexpressed in terms of the two associated log odds being equal to one another.
An equivalent way of expressing this is that the log odds ratio, or the difference in the two
log odds, is equal to zero. The value of zero is a natural center point for modeling log odds
ratios. A log odds ratio of zero is equivalent to the independence or absence of association

between antecedent and consequent.

Modeling and Estimation of the Log Odds Ratio

In the remainder of this paper, we advance a general modeling framework for using
log odds ratios as indicators of contingency in behavioral data. This modeling framework
is composed of two distinct but integrated components: the estimation of true log odds
ratios from the contingency table, and the estimation of these true log odds ratios based on
multilevel models.

Here we discuss two ways that log odds ratios can be estimated: direct calculation,
and empirical Bayesian modeling. First, log odds ratios for each episode can be calculated
directly from the data for that episode. We term this the observed log odds ratio. To reduce
the complexity of our notation, let the total number of episodes in our data set be M, where
M = KL (episodes per sampling unit times number of sampling units). When only one
episode is observed per sampling unit, M = L. Let a,, be a frequency count for a particular
behavior followed by another behavior of interest (e.g., Male Partner Negative followed by
Female Partner Negative) from the mth episode and let b, be the frequency count for the
male partner negative followed by female partner positive, ¢, be a frequency count for the
male partner positive followed by female partner negative and d,, be a frequency count for
male partner followed by female positive. Thus, the observed log odds ratio can be calculated

as 10g(amdmm/(bmcm))- This expression works well when a, b, ¢ and d are large, but in small
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samples there is measurable bias in the estimate of the log odds ratio. To reduce bias one

often uses a slightly modified estimate of the log odds ratio as

Yio = 10g((am + 1/2)(dn + 1/2)/[(brs + 1/2)(cn + 1/2)]) (1)

which works especially well even if cell counts a, b, ¢ or d are zero. So-called exact methods
are also available (e.g., MIXOR: Hedeker & Gibbons, 1994), but in our examples the results
obtained from special programs such as MIXOR are not likely to have much effect on our
estimates. We have chosen to model the log odds ratio directly, but the same model could
be expressed in terms of the logit. Log odds ratio and logit (logistic) modeling are directly
related as the log odds ratio is the difterence between the logits of conditional probabilities of
one partner responding negatively given that the other partner initiated with either negative

or positive behavior. We may also calculate the variance of Y,,, S2 using the formula
S2 = 1/(am +1/2) + 1/(by, +1/2) + 1/(Cm +1/2) + 1/(dp, + 1/2). (2)

Note that in our example each observed log odds ratio appearing in Table 3 has a sep-
arate variance. This variance reflects the fact that the precision of the observed log odds
ratio as an estimate of the true log odds ratio increases as the number of behaviors in an
episode increases. Observed log odds ratios based on shorter sequences of interaction will
typically have larger variances than observed log odds ratios based on longer sequences. This
characteristic of observed log odds ratios highlights an important limitation. If we have a
sample of episodes that vary in overall length, then there will be substantial variation in how
well the observed log odds ratio reflects the true log odds ratio in each episode. However, if
we include these observed log odds ratios as independent or dependent variables in standard
statistical analyses, measurement error is assumed to be equal across all observed episodes,
an assumption which does not in fact hold. This situation may occur when episodes vary in
length, but it can also occur when our sample of episodes shows no variation in overall length,

but great variation in various types of transitions. For example, we could find substantial
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variation in the number of Husband-to-Wife state transitions that occur in each episode,
even though overall episode length is fairly similar.
Empirical Bayesian Formulation for the Log Odds Ratio

Empirical Bayesian techniques, a second method of estimation, have the advantage of
explicitly including information about variations in precision of estimation in the modeling
of true log odds ratios. They do so in part by placing the log odds ratio in a multilevel
framework. The multilevel model is becoming increasingly well-known in the social sciences
(Bryk & Raudenbush, 1992; Hedeker & Gibbons, 1994), and is useful for the analysis of data
with hierarchical structure, as is the case here.

First, we specify the random variation in log odds ratios across episodes. Let us begin
by focusing on one log odds ratio from a set of log odds ratios that might be used to
characterize an entire contingency table. Let Y,, be the observed log odds ratio for the mth
episode. Under the simplest random effects model, it is assumed that the observed log odds

ratio is modeled as the sum of the true log odds ratio and within episode error,

where the within episode error variable, F,,, is generated from a normal distribution with
mean zero and variance ¢2,. The normal probability density for this distribution is given by
f(Yin|Om, 02) = (2102 V2eaxp{—1/2(Y,m — 0)?/02,}, and 6, is the true log odds ratio for
the mth episode. We use the term “true” log odds ratio to refer to the unobserved log odds
ratio, ,,. This usage is similar to that in factor analysis and other measurement models
using latent variables. As we shall see later, it does not mean that FE,, accounts for all
measurement error in the observed log odds ratios.

In this specification, the true log odds ratios are themselves random variables generated
from a superpopulation that has mean p and variance 72. By incorporating p and 72 in the
random effects model, we can then study variables that may be sources of variation in log

odds ratios across episodes.
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We specify the second level of this model by allowing the true log odds ratio for each

episode to be modeled as the sum of the common log odds ratio, 4, and the between episode
variability,

O, = 1+ Vi, (4)

where the variation among episodes, V,,, has a normal distribution with mean zero and
variance 72. That is, the conditional density for the parameter 0,, is given by f(0,,|u, 7%) =
(2r72)~2exp{—1/2(0,, — 11)?/72}. When 72 is zero, the model collapses to a simple fixed
effect model, and the log odds ratio is constant for all episodes.

By combining equations (3) and (4) via Bayes Theorem (Carlin & Louis, 2000), the

conditional density of the true log odds ratio is given by

SO Yoo 1, 7%, 02,) = const f(YonlOm, 00) f (O, 7°)

— const (tom) texp{—1/2[(Y — 0m)? /02, + (00, — 1) /7%]}, (5)

where const is a proportionality constant. Algebraic recombination on (5) shows that the
true log odds ratios, 0,,, have normal distributions with means, 6%, = (1 — )Y + amps,
where a,,, = 02, /(02 +72). These means are weighted combinations of the observed log odds
ratios Y, and the overall mean of log odds ratios . The variances of the true log odds ratios
(6,,) are also obtained as o2 (1 — ay,).

From the above results it can be seen that 67, is a weighted average of p and Y, (the ob-
served log odds ratio). The weights, a,,, depend on the relative sizes of the variance between
episodes (72) and the within-episode variance o2,. As 72/02 becomes smaller (meaning less
variability between episodes), more weight is given to p. This acts to improve the precision
in estimation of each true log odds ratio by borrowing information from all episodes (since
observations from all episodes are used to estimate p and 72). In particular this helps stabi-
lize estimates for cases with relatively small cell counts, which have greater within-episode

variance.
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Empirical Bayesian Estimation and Inference

Provided that p, o2, and 7% are known, 6%, is the Bayes estimate of 6,, (the true log-
odds) since it is the mean of the conditional posterior distribution for the 6,,. But, in most
situations, these parameters are unknown. They have to be estimated from the data. When
they are replaced by their estimates, 0, is referred to as the empirical Bayes estimate of
0. The calculation of maximum likelihood estimates of 1 and 72 can be performed using

iterative procedures on the following formulae.

=) WY/ 3w, (6)

7= (Yo — )" = 1)/ Do wn, (7)

where w,, = 1/( 2 #?) which is the weight that incorporates random e ects variance

2 Y,, is the observed log odds ratio, and the summation is over the  episodes.

estimate 7
When the uantity on the right side of e uation (7) is negative 72 is set to ero since variances
must be nonnegative. The within episode variance o2, is estimated by 2, (de ned earlier).
Because all the observed data Y are used to nd estimates of x4 and 72, the estimates are
improved by orro in stren t from the other observations to make inferences about a
particular 6.
generic plus algorithm to compute the above estimates is available in  ppendix
We note that some of the models (see e uations and 11) we examined in this paper are
similar but not identical to ones available in standard software packages such as and
Proc ixed. ven though readily handles known variances at level-1 (Bryk
audenbush, 1 | p. 17 ), it does not readily allow for special structures involving the
means and variances. Proc ixed has somewhat more exible variance structures but

still cannot currently t all of our models. We note that both of these programs could be

modi ed to t all the models we describe, if they incorporated agrange multiplier techni ues
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