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Abstract

A variety of study design and statistical methods to account for the clustering of animal health and
production outcomes is outlined. We argue that the relative utility of study design vs. statistical methods in accounting for cluster effects depends primarily on the objectives of the study and the amount
of prior information available. The statistical methods outlined vary from simple post-hoc adjustments of test statistics to relatively complex mixture-distribution models. Methods for normal, binomial and Poisson distributed data are presented. The various options presented are discussed with
reference to their underlying assumptions and how they have been or might be used in veterinary
epidemiologic studies.

Introduction
The grouping of livestock into herds or other aggregates complicates traditional statistical methods, which are usually based on the assumption that
observations are independent. The principal problem if herdmates have correlated responses is that error and parameter variance estimates are too small
so that null hypotheses are too easily rejected. Some statistical methods to
account for within-cluster correlation are available; however, a recent review
of veterinary epidemiology papers revealed that many studies ignore herd
clustering or use cluster adjustment methods developed for normally distributed data when analyzing proportion or count data (McDermott and Schukken, 1994). Almost half (31 of 67) of the papers reviewed were judged to
have made mistakes in inference. These deficits and the recent increase in
interest in both study design and statistical methods to account for herd clus*Corresponding author at: Department of Population Medicine, Ontario Veterinary College,
University of Guelph, Guelph, Ont. N 1G 2W 1, Canada.
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tering in veterinary research (Donald and Donner, 1988; Curtis et al., 1988;
McDermott et al., 1988; Bendixen, 1989 ) prompted us to write this review.
The underlying objective for this review is to consider the study design and
statistical methods for analyzing clustered data that are relevant to the general objectives of veterinary field studies. In a review of papers analyzing clustered data (McDermott and Schukken, 1994), we found that most papers
were concerned with examining factors influencing individual animal health
or production. In these papers, herd effects, if considered, were simply a nuisance to be adjusted for.
Problems can also arise in studies investigating factors influencing herd
health and production. Although the herd is the sampling unit, the unit of
interest and the unit of analysis, if proportions or counts are the outcomes of
interest, contributing animals in a herd must be independent or clustering
adjustments are required for correct inference.
In some studies, it will be of interest to examine simultaneously both individual animal and herd factors influencing health and production outcomes.
This approach could be used to estimate the relative importance of herd and
individual animal factors with a view to targeting animal health interventions
more effectively. To date, such simultaneous estimation studies have been
frustrated by a lack of appropriate, readily available statistical techniques.
In addition to the problem of correlation, the grouping of individuals into
clusters also may cause bias in the analysis of data (Langbein and Lichtman,
1978; Morgenstern, 1982). Biased inference may result from confounding
a n d / o r interaction. A potentially important bias in epidemiologic studies is
specification bias, in which cluster (herd) factors will confound the relationship between a risk factor and an outcome at the individual level. The phenomenon of herd immunity is one obvious example of how group characteristics can confound individual level relationships (Halloran and Struciner,
1991 ). While not the subject of this paper, it is important to consider and if
possible correct for potential biases introduced by the aggregation of animals
into herds.
In this paper, epidemiologic study designs that take into account herd clustering are described first, with examples. Then the general principles of statistical adjustments for clustered data are presented, followed by methods of
analysis appropriate for normally distributed, binomial and count data. References on the use of these methods in veterinary explanatory studies are provided. The emphasis throughout will be on the utility of different methods in
veterinary epidemiology. For the most part, technical details will be omitted.

Study designs to account for clustering
Appropriate study design is a potentially powerful (Bendixen, 1989) but
rarely used (McDermott and Schukken, 1994) method of accounting for
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cluster effects. The main advantage of accounting for clustering in the design
phase is that herd effects can be controlled efficiently (Bendixen, 1989).
However, the extent to which a design can improve study efficiency depends
largely on good a priori knowledge of the problem being studied (Kleinbaum
et al., 1982 ). Decisions in the design phase usually lead to a restriction in the
hypotheses to be tested. Thus, if good prior information is not available, incorrect design decisions may preclude the testing of important hypotheses.

Unit of interest
The unit (s) of interest, individual animal, herd or both, will depend on the
level at which the most important causative factors operate and on the level
at which control programmes could be targeted.
To avoid problems of intracluster correlation, when the individual animal
is the unit of interest, matching cases with controls from the same herd will
allow the investigator to focus on individual animal risk factors while efficiently eliminating herd effects. However, if herd-level variables are also of
interest, this design is inappropriate.
When herds are the unit of interest, herds may be selected in a random
(McDermott et al., 1991 ), cohort (Hird and Robinson, 1983) or case-control (Dargent-Molina et al., 1988) manner. For studies in which herds are
sampled, mistaken inference can arise if herd proportions or counts are the
outcomes of interest, since the individuals contributing to a proportion or
count of a herd are each considered to be a separate trial and are assumed to
be independent (Haseman and Kupper, 1979). In such instances, the statistical methods described in subsequent sections will be required. One method
of overcoming this problem is to adopt a herd scoring system, either planned
a priori or by post-hoc aggregation of individual animal responses into an
overall herd high/low or absent/present classification (Elder et al., 1986;
Cowen et al., 1989). This is done optimally if the herd outcome is distributed
bimodally into biologically meaningful classes. However, this aggregation may
result in a substantial loss of information (McDermott and Schukken, 1994).

Restriction of study population
The most severe design in controlling for herd effects is to restrict the study
to one herd or cluster. Many studies investigating health and production of
individual animals have been conducted in large governmental (e.g. CoboAbreu et al., 1979) or corporate farms (e.g. Lassauzet et al., 1990). Such
studies are usually restricted for logistical rather than design considerations.
The potential usefulness depends to a large extent on the generalizability of
results to a larger population of interest (Kleinbaum et al., 1982). Usually,
generalizations of this type are not supported either qualitatively or quanti-
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tatively. One possible i m p r o v e m e n t would be to collect detailed data on one
large farm and less intensive data to evaluate comparability in a larger sample
of farms.

Within-herd matching
Within-herd matching partially restricts the study population and can be
very efficient for eliminating herd effects in studies designed to test hypotheses at the individual animal level. This approach is most commonly employed in case control studies, when cases are matched with control animal (s) from the same herd. If herds are large enough and disease risk factors
sufficiently well known (Kleinbaum et al., 1982 ), controls could be matched
on additional individual animal factors. This approach has been used by Dohoo and Martin (1984a) in a study of the interrelationships between diseases
in individual dairy cows and by Van de Geer et al. ( 1988 ) in a study of severe
clinical mastitis in dairy cows. In both studies, controls were matched to cases
by parity and stage of lactation.
Statistical methods to account for clustering

If responses are clustered by herd, standard statistical methods are invalid,
since there is much less information in the data than is assumed under independence. The fundamental problem when clustering is present is that the
variance ( 9 ) is underestimated (Donner, 1985 ). In many cases, the parameter estimates themselves are relatively unaffected. This is more true when
linear or log-linear models are used. In logit models, however, clustering may
have an effect on the parameter estimates as well (Zeger and Liang, 1986 ).
Mauritsen (1984) and Goelema et al. ( 1991 ) have demonstrated the effects
of improved model specification on parameter estimation. A wide variety of
statistical methods to handle both these estimation problems have been developed for normal and in recent years for non-normally distributed data.

Methods for normally distributed data
Continuous data (or transformations thereof) are often assumed to be normally-distributed. The treatment of clustered data in the case of an underlying normal distribution is well established (Searle, 1970; Snedecor and Cochran, 1980). Ware (1985) has reviewed statistical methods to account for
clustering within the framework of longitudinal studies.

Weighted least squares
When all observations are independent, the variance of the estimated
regression parameters in a linear model, Y=Xfl+ E, can be estimated as:
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(1)

where 62 is the residual mean square error.
When clustering is present, there will be correlation between responses of
herdmates and no correlation between responses of animals in different herds.
The correlation of animals within the same cluster can be accounted for if a
weighted least squares approach is used (Draper and Smith, 1981 ). The required form for the weight matrix (W), given this correlation pattern, is presented in Fig. 1. In Fig. 1, the animals within each herd are grouped together
in blocks along the diagonal. Within the herd block there is correlation between herdmates. For all herd blocks both a constant variance and a constant
between animal correlation is assumed. There is no correlation between animals in different herds. The variance estimator for ordinary least squares is
adjusted using the weight matrix (W) as:
~'(l~) = ( X ' W -

(2)

' X ) - I (r 2

This variance estimate accounts for the within-cluster correlation and the
cluster size. If there is no within-herd correlation, the variance estimate will
be the same as that estimated for the independence model. If the correlation
coefficient approaches one, the effective number of observations will be the
number of herds, since if we know the disease status of any one herd member
we will know the disease status of all.
Options to perform weighted least squares analysis are available and easily
implemented in most standard regression programs (e.g. PROC REG and
PROC GLM in SAS (SAS Institute Inc., SAS Circle, Box 8000 Cary, NC

i
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0

0
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Fig. 1. Structureof the correlation (weight) matrixwhencommonintraclustercorrelationwithin
herds and no correlationbetweenherds is assumed.
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27512-8000, USA); BMDP 2R (BMDP Statistical Software Inc., 1440 Sepulveda Blvd., Ste. 316, Los Angeles, CA 90025, USA) ).

Post-hoc adjustment of variance estimates
If the correlation pattern outlined in Fig. 1 is correct, then the naive variance and F tests calculated under independence will be incorrect. It can be
shown (Snedecor and Cochran, 1980), that for this correlation pattern, the
variance is a multiple (c) of the naive variance, where c is:

(3)
where fa is the mean herd size, and/~ the estimate of the intraherd correlation
coefficient calculated by the one-way ANOVA method (Snedecor and Cochran, 1980 p. 243 ). This corrected error variance estimate can then be used to
adjust hypothesis tests (Ftests), assuming that herd effects are random (rather
than fixed) (Snedecor and Cochran, 1980 p. 238; Shoukri et al., 1991 ). We
have used this m e t h o d (since only mean herd size and correlation coefficient
estimates are required) to adjust error variance estimates and test statistics
in previously published papers without access to the complete data (McDermott and Schukken, 1994).

Fixed-effect models
In veterinary epidemiology, fixed-effect models have been the most frequently employed m e t h o d for adjusting cluster effects (McDermott and
Schukken, 1994). The fixed-effect model is a linear regression model that
includes an indicator variable for each cluster but one. The predicted response for an individual animal will depend on: an overall mean; the herd or
cluster deviation from the overall mean; and a combination of individual animal covariates. The linear model is given by:

(4)
where i is the animal covariate a n d j is the cluster indicator. The linear model
is fitted by ordinary least squares, where the variance of the estimated regression coefficients is estimated from the observed variance of the residuals, as
usual (i.e. the weight matrix of Fig. 1 is not required and it is not necessary
to assume that all herds have the same correlation ). The variance of the estimated regression parameter is estimated as in Eq. ( 1 ); however, the inclusion
of the additional cluster indicators will account for some of the variability
originally assigned to residual error when herd effects were ignored.
A major technical drawback of fixed-effect models is that for large numbers
of strata (herds or clusters) there are too many parameters to fit, so that parameter estimates become unstable (Cox and Hinldey, 1974). The major epidemiologic concern is that herd effects are not quantities, like drug dosages
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or vaccination, that can be fixed. In most instances, these fixed-herd effects
are not of interest, but are only nuisance parameters, to account for the effects
of within-herd clustering. If this is the case, random-effect models, in which
herd effects are considered to be random variables and a single parameter to
account for herd clustering is estimated, may be more appropriate.

Random-effect models
In random-effect models, the linear model in Eq. (4) is modified by the
replacement of fixed cluster indicators with random variables for each cluster.
Y,, =

+ Zpix,, + Za, w, +

(5)

where i is the animal covariate a n d j is the cluster random variable.
This may not seem a dramatic change, but it has an important practical
implication in accounting for cluster effects. The random variables for each
cluster, wj, are assumed to be distributed N(0, a~ ), since the clusters are considered to be randomly sampled from a larger population. Thus, the overall
variance can be split into two components (variance components ): the usual
residual variance (a 2) and the variance associated with random-cluster effects (a~) (Snedecor and Cochran, 1980; McLean et al., 1991 ). Snedecor
and Cochran (1980) demonstrated that the intracluster correlation coefficient (p) is a function of these two variance components, namely:
/~= (02 +02 )

(6)

Thus, testing for crh2 = 0, is equivalent to testing p = 0. Then, if there is significant intracluster correlation and the individual effects of each cluster are
not of interest, the estimation of the herd variance component can be used to
account for herd clustering.

Choice of methods and additional options
Choosing between these different options will depend on both logistical and
theoretical considerations. Logistical factors, include: the data available (posthoc adjustments if only summary data are available ); the number of clusters
(large numbers of clusters preclude fixed-effect models); and the statistical
software available. Almost all statistical software packages can be used to fit
weighted least square and fixed-effect models. Random-effect models can be
fit in most advanced general purpose packages (e.g. SAS (PROC GLM, PROC
VARCOMP) and BMDP 3V) and in a number of specialized packages (e.g.
EGRET, Statistics and Epidemiology Research Corp, 909 NE 43rd St, Ste
202, Seattle, WA 98105, USA).
Two (related) theoretical considerations should greatly influence the option chosen; which hypotheses are of interest and what is the correlation pat-
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tern. In many cases, estimates of individual herd effects will not be of interest,
so that intraherd correlation estimates provided by either weighted least
square, post-hoc adjustment or random-effect methods would be preferred.
However, these methods assume that a common intraherd correlation coefficient correctly summarizes the correlation pattern for all groups within herds
and all types of herds. This may not be reasonable. The equality of intracluster correlation estimates can be compared using the methods of Donner
(1986) or of Dunn and Clark (1974). If a common intraherd correlation
cannot be assumed, mixed (fixed-effect and random-effect) models with additional random effects for subgroups within herds (nested error structure)
(Fuller and Battese, 1973 ) or models stratifying herds into different classes
may be required. Mixed models with nested error structure can be fit in both
SAS (PROC GLM ) and BMDP 3V and in specialist packages (e.g. Supercarp
(Hidiroglou et al., 1980) ).

Methods for categorical responses
The development of models for non-normal data began in earnest only relatively recently (reviewed by Ashby et al., 1992). The most common nonnormal distributions used in veterinary epidemiology are the binomial and
the Poisson. In recent years, statistical methods for correlated binomial data
have been increasingly applied to disease occurrence and other dichotomous
animal health outcomes (Donald and Donner, 1988; Curtis et al., 1988;
McDermott et al. 1988; McDermott and Shoukri, 1991; Goelema et al., 1991 ).

Binomial models
Fixed-effect logistic regression. As with normally distributed data, fixed-effect
models have been the most common method used by veterinary epidemiologists to account for herd clustering (e.g. Dohoo and Martin, 1984b; Dohoo et
al., 1984; Schukken et al., 1988; Milian-Suazo et al., 1989). As with fixedeffect models for normally distributed data, k - 1 indicator variables can be
fitted in logistic regression models for k study herds. The difficulties are as
stated for normally distributed data. Curtis et al. ( 1988 ) found in modelling
data on metritis and calf mortality from many relatively small herds, that
parameter estimates became unstable when some groups had no events, while
Mousing et al. (1990) found that the fixed-effect models they attempted to
create were too large to fit.
Post-hoc adjustment to test statistics. A convenient alternative when such
problems arise is to ignore clustering initially, fit the intended model using
ordinary logistic regression (or other methods; e.g. Mantel-Haenszel), and
then to adjust the tests of significance afterwards. As with normally distrib-
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uted data, the herd effects are assumed to be random (rather than fixed). The
m e t h o d has been outlined by Donald and Donner ( 1988 ) and involves dividing the nominal Z= value (calculated under independence) by the constant
(c), estimated as in Eq. (3). McDermott et al. (1992b) used this approach
to adjust significance tests in a study of dystocia and stillbirth of beef cattle.
Donald and Donner ( 1987 ) have also derived an equivalent correction to the
Mantel-Haenszel Z 2 test. As with normally distributed data, the ability to adjust previously analyzed or published data, post-hoc, is an important
advantage.

Overdispersion parameters. For diseases that cluster by herd, the disease risk
for an individual animal will depend on the disease status of its herdmates.
This will result in herd disease prevalences that are either higher or lower
(more variable) than would be expected if herdmates had independent disease risks (Martin et al., 1988 ). For highly infectious diseases (/~ close to 1 ),
herd prevalence will either close to 0% or 100%. Under independence, the
variance of a binomially distributed variable is estimated as a function of the
mean, V ( / I ) = / t ( 1 - / t ) . If a disease clusters by herd, the observed variance
will exceed this variance. Data that are more variable (or dispersed) than
expected are said to be overdispersed. Although clustering is the most comm o n cause of overdispersion, this p h e n o m e n o n may also arise when important covariates are missing (Hinde, 1982) and for other reasons.
A simple approach to adjust for overdispersion is to redefine the variance
function so that the expected variance equals the observed variance. The variance function above is modified to incorporate a variance inflation or overdispersion parameter, ai for each cluster. Overdispersion parameters have
been estimated by three methods. The first is to estimate a constant, k, which
is a pooled estimate of the ai. McCullagh and Nelder (1989) have derived k
to be the ratio of the Pearson X2 to its degrees of freedom, since the expected
value of the Pearson X2 is equal to its degrees of freedom. The second method
is to estimate ai as a linear function of ni, such that a i = 1 + k ( n i - 1 ) (Williams, 1982). This form is the equivalent to a beta-binomial variance (see
below). The third m e t h o d is similar to the second but specifies a variance
equivalent to the logistic-normal variance (Williams, 1982).
The introduction of an overdispersion parameter does not require major
changes to the modelling method. An ordinary logistic regression model with
binomial mean, Pi, and variance, ai* n~*pi* ( 1 -Pi), is used. Models of this
type were developed by W e d d e r b u m (1974) and are known as a quasi-likelihoods, since the complete likelihood function is not specified (only a different mean variance relationship). Williams (1982) and Bennett ( 1988 ) describe the methods necessary for doing the computations in GLIM. The
attractive feature of quasi-likelihoods is that extra-distributional assumptions
(beyond the binomial) are not required. In practice, McCullagh and Nelder
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(1989) report that the quasi-likelihood results are often very similar to resuits from the fully specified c o m p o u n d distributions discussed below. An
example of an overdispersion model to analyze the proportion of beef cows
culled by herd is provided by McDermott et al. (1992a).
A note of caution is required regarding the use of these methods. The models
for overdispersion discussed above are only applicable for group-level binomial responses (McCullagh and Nelder, 1989). There is no sound theory for
extending these methods to the analysis of individual animal binary responses in the absence of herd-level identification.

Compound random-effect models. Instead of simply adjusting for overdispersion with a single parameter using quasi-likelihoods, a c o m p o u n d distribution containing an additional random-herd or group effect could be hypothesized and estimated using m a x i m u m likelihood. For example, if we consider
mortality in dairy calves, there will be a parameter for the overall herd mortality rate and a parameter for the probability of mortality for individual calves
within a herd.
The beta-binomial is the most commonly used c o m p o u n d distribution for
binomial models. In this model, the group probabilities of success (1o,.) are
modelled as a random-effect following a beta distribution. The beta distribution assumes independence between the values of Pi. The possible range of P,
is (0, 1). The E ( P i ) = g ~ and the V a r ( P ~ ) = k , g ~ , (1-~z~), where 0 ~ k ~ < l
(Williams, 1975). The estimated variance of the number of successes in a
group (x~) is V a r ( x i ) = n , , p ~ , ( 1 - p i ) under independence. With the introduction of the beta-distributed herd random effect the variance of the number of successes becomes Var (x,) = n~,p,, ( 1 -p~) • ( 1 +k(n~- 1 ) ).
Other c o m p o u n d random-effect distributions for binomial outcomes have
been developed (Anderson and Aitkin, 1985; Gilmour et al., 1985; Im and
Gianola, 1988). Mauritsen (1984) described the logistic normal and the logistic binomial and developed computer software for fitting them (EGRET).
Curtis et al. ( 1988 ) compared models of metritis and calf mortality risk using
these random-effect models with fixed-effect models, conditional logistic
regression (in which cases are matched to non-case herdmates) and ordinary
logistic regression. No important differences were found between the results
of the various random-effect models, but since group effects were important,
some variables considered significant in the ordinary logistic regression were
insignificant after introduction of the group random effect. Thus, the comm o n strategy is first to test the hypothesis that the parameter associated with
herd variation is significantly different from zero. If there is significant extrabinomial variation, then we test the covariates of interest conditional on the
addition of the adjusted variance.
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Models for count data
Counts are often assumed to follow a Poisson distribution, defined by:
P r ( d = x ) - e(-2n) (2n)X
x!

x=0,1,2,...

(7)

i.e. the probability that the number of counts (d) is equal to x is given by the
Poisson density where: 2 is the rate of occurrence (e.g. cases/day at risk) and
n is the denominator (e.g. days at risk).
The mean of the Poisson distribution is 2n and the variance is equal to the
mean. As with the normal and binomial models, Poisson models assume independent observations. This assumption is most frequently violated by correlated animal responses within herds or correlated responses between adjacent times-at-risk within animals. These correlations result in overdispersion,
with the observed variance in the data being larger than expected. Schukken
et al. ( 1991 ) observed this p h e n o m e n o n in data of mastitis cases per farm. In
those data, the observed mean number of cases per farm was 9.38 whereas
the variance was 72.61, much larger than the mean. Beyond comparing the
mean to the variance, Collings and Margolin ( 1985 ) present methods for formally evaluating the goodness-of-fit of Poisson models.

Fixed-effect models. As with normal and binomial data, when individuals are
counted and these individuals are clustered, a possible solution to correct for
clustering is to include a fixed-cluster effect in a linear model. The (generalized) linear model has the form:
In (~.ijnij) = l n ( nij) -b a q- ~i ~iXij + ~j ~jZj -~ (-ij

(8)

where i is the animal covariate a n d j is the cluster indicator.
For the model to be linear in its covariates, the natural log (In) of the predicted count is modelled (log-link). The term In (nij) is known as an 'offset',
which adjusts the estimated count by the group size. A similar model is appropriate when counts are observed on groups, and these groups are clustered
in larger units. For example, we may wish to model the number of deaths of
slaughter pigs in a pen, with pens clustered in farms. In this case, pens are the
unit of observation, and if fixed-pen effects are included, the resulting model
would have a parameter for every observation. In these situations, methods
such as ones that use an overdispersion parameter, are required.

Poisson distribution with overdispersion. Overdispersion parameters also can
be introduced into the Poisson model to inflate the variance. This results in a
Poisson distribution with mean equal to/ti, and variance equal to c~/~i. The
overdispersion parameter can be estimated from the data or can be obtained
as in the first m e t h o d presented for binomial data by dividing the residual
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deviance (or the Pearson goodness-of-fit X2) by the residual degrees of freedom. Alternatively, Breslow (1984) described an iterative procedure to estimate the overdispersion parameter (with a GLIM macro included to perform
the calculations ).
As with binomial data, overdispersion parameters can be introduced into
Poisson models using the quasi-likelihood approach of Wedderburn ( 1974 ).
This is often preferable, particularly if knowledge of the process underlying
the data is limited (i.e. no assumption regarding the density function can be
made) (McCullagh and Nelder, 1989 ). In the case of count data with a mean
(#i) and variance ( ~/zi ), the quasi-likelihood estimate offl is the same as for
the Poisson distribution. As in binomial models, the overdispersion parameter (t~) used in the quasi-likelihood can be estimated as: a constant, k (either
directly from the data or by dividing the Pearson X2 by the residual degrees of
freedom ) or as a function of the mean (such as 1 + I~/k, which is the overdispersion analog of the negative binomial distribution ). Schukken et al. ( 1991 )
give further details of the fitting procedures and provide comparisons between the fits of Poisson, quasi-likelihood and negative binomial (see below )
models.

Compound Poisson distributions. Quasi-likelihood models with an overdispersion parameter require no extra assumptions to the ordinary Poisson model
other than that the mean-variance relationship is not as expected. If more is
known about the process generating the count data, or if large numbers of
observed counts are available, assumptions about a c o m p o u n d distribution
may be valid. A c o m p o u n d Poisson-normal, or a c o m p o u n d Poisson-gamma
(negative binomial) distribution may be reasonable alternatives. In the latter
case it is assumed that the counts per clustering unit (i.e. farm ) follow a Poisson distribution, and that the mean of these Poisson distributions between
farms follow a g a m m a distribution. The c o m p o u n d Poisson-gamma distribution is equal to the negative binomial distribution (Manton et al., 1981 ):
P(Y=Y)=

\

/t/
k

y=0,1,2,...k> 0

(9)

y,(k-1),((kk #))
The mean of the negative binomial is/t and the variance is/t( 1 + lt/k). The
negative binomial distribution also introduces an extra parameter, k, to be
estimated. This parameter can be estimated from the data by the method of
m o m e n t s (Anscombe, 1949). A m a x i m u m likelihood estimator has been described by Fisher ( 1953 ).
There is currently no commercial software available to evaluate the negative binomial likelihood. The release of GLIM 4 ( 1993 ) is expected to over-
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come this deficiency. A way to circumvent the problem of fitting the negative
binomial model is to define the variance inflator ( 1 + (a/k)) as a and to fit
the data as an overdispersed Poisson model; for most situations, this approximation to the negative binomial yields acceptable parameter estimates
(McCuUagh and Nelder, 1989).

Generalized estimating equations
In recent years, major advances in providing unified statistical approaches
to normal, binomial and Poisson data have been developed using generalized
linear models (GLM) (Nelder and Wedderburn, 1972; McCullagh and
Nelder, 1989). Under the GLM approach these distributions can be fitted
with a common algorithm (see Dobson, 1983). Recently, efforts have been
made to extend these algorithms for fitting GLMs to dependent (clustered)
data.
For models of correlated responses within clusters, there are two general
multivariate regression approaches. The first approach, is to fit a fully parametric mixture distribution. In this approach the conditional distribution
(probability) of the categorical outcome is modelled (e.g. Anderson and Airkin, 1985). The second approach, is to fit a quasi-likelihood (Wedderburn,
1974) rather than a full likelihood regression model with unconditional
(marginal) outcome probabilities being estimated. Liang and Zeger ( 1986 )
and Prentice (1988) have formalized this approach, known as generalized
estimating equations (GEE). Either cluster-level ('population averaged' ) or
individual level ('subject specific') responses may be modelled (see Zeger et
al., 1988 ). GEE has been mostly applied to longitudinal data (Liang and Zeger, 1986; Zeger et al., 1988), but Qaqish and Liang (1992) have developed
GEE procedures suitable for simple and multiple levels of clustering. Furthe ~
work in this area is being done to investigate the efficiency and generality of
using GEE for a wide variety of correlated data problems.

Choice of models for categorical responses
The logistical considerations influencing the choice of cluster adjus' ..... ,1
method are similar to those listed for normally distributed data. Ho~ ~ ,~t,
the range of statistical software available is much more limited. Ordinary logistic regression packages for fixed-effect models are found in most advanced
general purpose packages (e.g. SAS (PROC LOGIST), BMDP LR and
GLIM). Random-effect models are less widely available. Compound random-effect models (beta-binomial, logistic-normal, logistic-binomial) can be
fitted and compared very conveniently in the specialist package EGRET.
GLIM provides a very convenient framework for extending ordinary logistic
and Poisson regression models using overdispersion parameters (Breslow,
1984; Bennett, 1988). As stated above, overdispersion (quasi-likelihood)
methods have the advantage of minimizing distributional assumptions. How-
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ever, for data with one level of clustering (e.g. individual animals within uniform clusters) the overdispersion and corresponding c o m p o u n d random-effect models are equivalent.
As with normally distributed data, assumptions as to the correlation structure need to be tested (Donner, 1986; D u n n and Clark, 1974). For more
complex correlation patterns (e.g. more than one level of clustering), commercial packages for categorical responses are not readily available. One potential exploratory option is to use a mixed model ANOVA program which
allows for nested random effects (e.g. SAS-PROC GLM; BMDP 3V) if expected response rates in the different categories are between 0.1 and 0.9 (Anderson and Aitkin, 1985; see McDermott et al., (1992a) for an example applied to culling of beef cows). Specialized procedures for categorical responses
(e.g. GEE) need to be programmed or obtained from their developers.

Conclusions
The choice of m e t h o d (s) to account for clustering in studies of animal populations will depend on two main considerations: the objectives of the study
and the assumptions that can be made about the nature of the correlation
structure. If the study objectives include the investigation of both individual
animal and herd factors for disease, some type of statistical control will be
required; study design methods such as matching on herd or exclusion preclude herd factor analyses. However, if the study objectives are very specific
and inferences are to be made on individual animal risk factors for disease,
more effective control of cluster effects may be achieved by study design. The
study objectives will also determine the parameters of interest. Frequently,
fixed effects for clusters are not of interest and random-effect models are
preferred.
For statistical models to account for cluster effects, care must be taken to
assess whether the assumptions underlying the chosen model are reasonable.
Simpler methods (such as correlation estimators, overdispersion models and
simple random-effect models) to adjust for clustering, assume homogeneous
clustering within herds. Before these models are used, the equality of correlation estimates for important subgroups within herds and for the main types
of herds need to be tested (Donner, 1986). If homogenous clustering cannot
be assumed, the more complex mixed models or c o m p o u n d distributions will
be required.
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