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In multilevel modeling, one often distinguishes between macro-micro and micro-macro
situations. In a macro-micro multilevel situation, a dependent variable measured at the lower
level is predicted or explained by variables measured at that lower or a higher level. In a
micro-macro multilevel situation, a dependent variable defined at the higher group level is
predicted or explained on the basis of independent variables measured at the lower individual
level. Up until now, multilevel methodology has mainly focused on macro-micro multilevel
situations. In this article, a latent variable model is proposed for analyzing data from
micro-macro situations. It is shown that regression analyses carried out at the aggregated level
result in biased parameter estimates. A method that uses the best linear unbiased predictors
of the group means is shown to yield unbiased estimates of the parameters.
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In the last decades, multilevel analysis (Goldstein, 2003;
Neuhaus, 1992; Snijders & Bosker, 1999) has gained enor-
mously in popularity in applied and theoretical research in
the social and behavioral sciences. As Hofmann (1997)
made clear, multilevel models, which describe the interre-
lationships among variables measured at different levels of
observations, are very well-suited for the description and
analysis of processes that take place in hierarchically or-
dered systems. In psychological research, the most often
encountered types of hierarchically ordered systems consist
of individual persons nested within higher units like cul-
tures, organizations, schools, departments, or teams. A dif-
ferent kind of hierarchically ordered system is obtained

when measurement occasions or variables are nested within
individual persons, who then constitute the higher level of
the hierarchy. In this article, only the former category of
multilevel applications in psychology with the individual at
the lowest level of analysis will be considered.
By explicitly modeling the relationship between variables

at different levels of the hierarchy, multilevel models reduce
the risk of succumbing to either the ecological or the ato-
mistic fallacy (Hannan, 1971). When researchers generalize
findings from the aggregated to the individual level, they
commit the ecological fallacy; when they attempt to gener-
alize from the individual to the aggregate level, however,
they fall prey to the atomistic or individualistic fallacy. In
both cases, results are generalized to an inappropriate level,
because relationships among variables that hold at one level
do not necessarily hold at another level of the hierarchy.
Multilevel analysis may help in avoiding entrapment in
either fallacy by requiring explicit modeling of how vari-
ables at different levels affect each other. They may help in
understanding cross-level interactions that occur when the
effects that explanatory variables at a particular level have
on the outcome variable depend on the value of explanatory
variables at a different level.
In their discussion of situations in which multilevel mod-

eling may be appropriate, Snijders and Bosker (1999, Chap-
ter 2) distinguished between macro-micro and micro-macro
situations. In macro-micro situations, a dependent variable
Y measured at the lower (individual) level is assumed to be
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influenced by explanatory variable X, also measured at the
lower level, and by explanatory variable Z, measured at the
higher (group) level. In micro-macro situations, however, a
dependent variable Y that is measured at the higher (group)
level is influenced by explanatory variables that are mea-
sured either at the lower (individual) or at the higher (group)
level.
Although the basic distinction between these two types of

models is well-known, most of the work on multilevel
modeling has been confined to situations of the macro-
micro type. Snijders and Bosker (1999, p. 12) explicitly
stated that they would only discuss the statistical techniques
for analyzing multilevel data with the outcome variables
measured at the micro level. A similar restriction to models
that are appropriate for the macro-micro situation is found
in the textbooks by Heck and Thomas (2000), Raudenbush
and Bryk (2002), and Goldstein (2003). Moreover, software
packages like MLwiN and HLM that were designed for the
analysis of multilevel data do not explicitly offer methods
for analyzing data from a micro-macro research design.
That the study of multilevel models has mainly focused

on macro-micro situations does not mean that micro-macro
situations do not commonly occur in psychological re-
search. Many examples exist of situations in which psycho-
logical researchers are confronted with the problem of how
to predict or explain higher level outcome variables from
psychological variables measured at the individual level.
These examples can be found in various areas of psycho-
logical inquiry, like work and organizational psychology
(DeShon, Kozlowski, Schmidt, Milner, & Wiechmann,
2004; Schneider, Hanges, Smith, & Salvaggio, 2003), edu-
cational psychology (Raudenbush & Willms, 1995; Rutter
& Maughan, 2002), cross-cultural psychology (Lim, Bond,
& Bond, 2005; van de Vijver & Leung, 2000), and (exper-
imental) personality and social psychology (Day & Carroll,
2004; Kelly & Loving, 2004). All of these areas of research
may profit from the development of appropriate methods for
the analysis of data collected in a micro-macro design.
We can illustrate the need for an analytical tool in the

micro-macro context using psychological effectiveness re-
search as an example. This area of applied psychology
concerns the study of how individual psychological vari-
ables exert an influence on the performance of higher level
units, such as organizations, schools, or teams. Examples in
organizational behavior are provided by studies on the im-
plications of employee job satisfaction and commitment for
organizational performance (Harter, Schmidt, & Hayes,
2002; Ostroff, 1992) and on the impact on organizational
performance of management practices and work climate as
perceived by individual employees (Fulmer, Gerhart, &
Scott, 2003; Parker et al., 2003; Schneider et al., 2003). In
educational psychology, the issue of school effectiveness
and its relationships with attributes of the individual stu-

dents and peer groups within classes and of teachers is a
comparable research issue (Raudenbush & Willms, 1995;
Rutter & Maughan, 2002). So is the explanation of the
effectiveness of job or project teams by attributes of indi-
vidual team members and their interactions (DeShon et al.,
2004; Waller, Conte, Gibson, & Carpenter, 2001). These
effectiveness studies share some common methodological
characteristics. First, the independent variables are
microlevel psychological attributes. Survey or interview
methods are being used to measure individual perceptions
of the organization, school, or team or individual attitudes
like individual well-being, commitment, et cetera. Second,
at the macro level, measures of performance are collected
for the organization or school as a whole or for relevant
subunits within these organizations or schools, for example,
departments, teams, subsidiaries, classes, or locations. It is
important to stress here that although some macrolevel
outcomes may be derived from aggregated individual re-
sponses (e.g., absenteeism rates, mean job satisfaction
scores, or percentages of students passing examinations),
outcomes in this type of research are often only available at
the aggregated level. Common examples are organizational
or team productivity figures, sales records, profits/costs ra-
tios, anonymous customer satisfaction ratings, and number
of students graduated. As organizations and schools are
continuously looking for ways to improve performance, and
because research on optimizing the human factor is an
integral part of this endeavor, micro-macro designs will
continue to appear in this research area.
Classical approaches to cope with situations in which the

outcome variable is measured at the group level whereas
some of its explanatory variables are measured at the lower
individual level consist of either disaggregating or aggre-
gating the data. In the disaggregation approach, individuals
receive scores on a group-level variable by assigning them
their group score on that variable. All variables are then
finally transformed into variables defined at the lower indi-
vidual level. In the aggregation approach, all variables are
transformed into variables measured at the higher group
level by assigning each group its average score on any
individual-level variable. When disaggregating a group
variable, researchers should ensure that all subjects in a
particular group receive the same score on the correspond-
ing individual-level variable. Because further statistical
analyses are almost always based on models that explicitly
postulate variation in the individual scores, they generally
yield inaccurate estimates of the standard errors of the
model parameters. A similar observation applies when ag-
gregating individual-level variables to the group level: As-
signing group means as scores on variables at the group
level also reduces the variability in the data, yielding inap-
propriate estimates of the standard errors of the regression
parameters.
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Analyses of data measured at different levels should be
based on models that explicitly acknowledge the existence
of these different levels and that attempt to formulate the
interaction between the levels in the production of the
outcome variable (Schnake & Dumler, 2003). When the
outcome is measured at the individual level, various multi-
level methods are available to disentangle the effects of
group- and individual-level variables and their cross-level
interactions on the outcome variables. Such methods are not
yet available when the outcome variable is measured at the
group level. In his classification of research situations with
reciprocal effects between variables at different levels, Hof-
mann (2002) proposed no specific method for the case in
which a dependent variable with only higher level variance
is predicted from independent variables with both lower and
higher level variance. His suggestion was to aggregate the
independent variables to the group level and to carry out an
ordinary least squares (OLS) regression analysis on the
aggregated data. One of the few articles that explicitly
proposed a multilevel model for data with outcome vari-
ables measured at the group level is Griffin (1997), but his
approach requires longitudinal data with at least three waves
of measurement.
In this article, we propose a multilevel model for the

analysis of an outcome variable measured at the group level
when some (or all) of its explanatory variables are measured
at the individual level. By making explicit the assumptions
on which the aggregation approach is based, the model
proposed here can be seen as a formalized representation of
the aggregation strategy. We show that just substituting
group means in a regression analysis for the group outcome
variable leads to biased estimates of the true regression
coefficients. However, the same analysis also suggests how
to adjust the regression analysis to obtain unbiased esti-
mates of the parameters. Before being applied to a real data
set, the procedure proposed in this article is first tested in a
simulation study. In the final section, we discuss its poten-
tialities and limitations.

A Latent Variable Multilevel Model for Analyzing
Aggregated Data

Introducing the Model
We assume that data were collected in G different groups

with ng observations in group g. The number of observa-
tions in each group may be constant or varying. The total
number of individual observations is N ! ¥g ng . We also
assume that the scores yg of groups g on a group-level
outcome variable Y may be explained or predicted by one
group-level explanatory variable Z with score zg for group g
and one individual-level explanatory variable X with score
xig for individual i in group g. In the next section, the
multivariate extension of this model when several explana-
tory variables are available at both levels is discussed.
Figure 1 graphically represents the model proposed in this

article. A latent group-level variable " is associated with the
explanatory individual-level variable X on which only the
groups have score "g . The score xig for each individual in
group g on X is treated as a reflective indicator for that
unobserved group score. The unobserved group-level vari-
able " may be correlated with the observed group-level
variable Z, and both may have an effect on the group-level
outcome variable Y. The population means of " and Z are
denoted by #" and #z , their population variances by $"

2 and
$z
2, and their covariance by $"z . Their covariances with the
dependent variable Y are $"y and $z y , respectively.
The model shown in Figure 1 defines a set of linear

regression equations. The first equation describes the rela-
tionship between the group scores on the explanatory vari-
ables Z and " and the outcome variable Y:

yg ! %0 " %1"g " %2zg " &g. (1)

The error or disturbance variable & is assumed to be ho-
moscedastic, that is, to have constant variance $&

2 for all
groups.

Figure 1. A latent variable multilevel model for outcomes measured at the group level.
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The regression parameters in this model satisfy the fol-
lowing relationships:

! $"
2 $"z

$"z $z
2 "! %1

%2
" ! ! $"y

$zy
" (2)

and

%0 ! #y # %1#" # %2#z .

All three variables are defined at the group level, but be-
cause " is not directly observed, standard regression analysis
cannot be applied to estimate the regression coefficients %0 ,
%1 , and %2 .
A second set of equations specifies the relationships

between the group score "g and the score xig of each subject
in group g:

xig ! "g " vig. (3)

The variance of the unobserved latent group score " is
denoted by $"

2, the variance of the disturbance term vig , as-
sumed to be constant for all subjects and groups, by $v

2.
Moreover, &g and vig are assumed to be mutually independent
and to be independent from the group variable ". The variances
$"
2, $&

2, and $v
2 are additional parameters in this model. The

variance $"
2 is the between-group variance of X; the variance

$v
2 is its within-group variance. The intraclass correlation for X
is then defined as

'X !
$"
2

$"
2 " $v

2 .

Note that under this model, the lower level units in the same
group are considered exchangeable because their scores
all have the same relationship to the unobserved group
mean "g .

Fitting the Model as a Structural Equation Model
Although the model described above resembles a struc-

tural equation model, with Equation 1 as its structural part
and Equation 3 as its measurement part, it differs quite
fundamentally from the prototypical model of this kind. In
a standard structural equation model, the latent variables are
measured via indicator variables on which, in principle, all
subjects have scores. In the latent variable model proposed
here, the subjects themselves act as indicators for the un-
observed group score "g . Because each subject belongs to
only one group, the indicators for " vary among groups, and
this fact seems to preclude a straightforward transformation
of the model into a standard structural equation model.
Recently, however, Bauer (2003), Curran (2003), and
Mehta and Neale (2005) have shown how multilevel models
can be fitted as structural equation models by treating the
lower level units as indicators for latent variables involved

in a multilevel model. By treating the macrolevel units as
the units of analysis and the microlevel units as indicators,
the micro-macro multilevel model can be turned into a
structural equation model that can be fitted by any structural
equation modeling software package.
To see how this persons-as-variables approach applies in

the present case, assume first that group size is constant with
ng ! n and that only one explanatory variable X at the
individual level is involved in the model. Then n person
variables V1 , V2 , . . . , Vn are defined and assigned scores for
each group g by randomly linking each observation within
a group with exactly one of the person variables. For in-
stance, if the first observation x1g in group g is linked to V1 ,
the score of group g on this variable is vg1 ! x1g . Similarly,
if the second observation x2g in group g is linked to V2 , the
score of group g on this variable is vg2 ! x2g . Continuing in
this way, each observation in group g is linked to a unique
person variable Vh. The assignment rule by means of which
this association is established need not be the same for all
groups. The measurement model for the person variables
becomes Vh ! " ( &h , with 1 $ h $ n. To ensure that the
relation between the latent variable " and each person vari-
able is identical, equality of the variances of all error vari-
ables &h must be imposed. Coupled with the structural
model that regresses Y on " and Z, the combined model can
be tested as a structural equation model. Which particular
random assignment of individual observations to person
variables is used does not matter for the values of the
parameter estimates and their standard errors, but the test
statistic and descriptive fit indices vary in value for different
random assignments of individuals to person variables. This
is a consequence of the fact that the observed variance–
covariance matrix S for the person variables and group-level
explanatory variables depends on the particular assignment
used, whereas the fitted variance–covariance matrix !̂ re-
mains the same irrespective of the particular link between
individuals and person variables.
If two different individual-level explanatory variables X1

and X2 are involved, the previous approach is extended by
considering 2n person variables V1h and V2h . The first set
V1h of n person variables corresponds to the first explana-
tory variable X1 , and scores on V1h are obtained by ran-
domly distributing the n scores on X1 over this first set of
person variables. The second set V2h of person variables
corresponds to the second explanatory variable X2 , and
scores on V2h are obtained by randomly distributing the n
scores on X2 over this second set of person variables. Here
too the association rules that link individual observations to
person variables may differ among groups, but within each
group, exactly the same association rule should be used to
define the two different sets of person variables. If a par-
ticular person i in group g is linked to the person variable
V1h for the first explanatory variable X1 , then that same
person should also be linked to the hth person variable V2h

48 CROON AND VAN VELDHOVEN



for the second explanatory variable X2 . The measurement
model for "1 and "2 now becomes V1h ! "1 ( &h1 and V2h !
"2 ( &h2 . Furthermore, for exchangeability of the individ-
uals within the groups to be represented, additional equality
restrictions must be imposed on the variances and covari-
ances of the error terms: var(&h1) ! )1

2, var(&h2) ! )2
2, and

cov(&h1 , &h2) ! )12 , with 1 $ h $ n for all hs.
The approach sketched above can easily be extended if

more than two explanatory variables at the individual level
are involved, but it requires some accommodation when the
groups are of unequal size. In this case, the number of
person variables to be defined for each individual-level
explanatory variable is equal to the maximum of the group
sizes. For groups with a smaller number of observations, not
all person variables can be assigned scores but will have
missing scores. Analyzing the restructured data by means of
a structural equation modeling software package that pro-
vides full information maximum likelihood estimates with
missing data yields the maximum likelihood estimates of
the model.
Although theoretically sound, the persons-as-variables

approach to fitting multilevel models is only practical for
data collected in small groups on a limited number of
individual-level explanatory variables, because the number
of person variables rapidly increases as a function of max-
imal group size and the number of individual-level explan-
atory variables. For the analysis of the real data example
discussed in a later section, one would need a prohibitively
large number of 1,160 person variables. Moreover, to ensure
the exchangeability of observations within groups, one
needs to impose a large number of constraints on the error
term variances and covariances, which makes the prepara-
tions for the actual data analysis tedious and unwieldy. It is
clear that the persons-as-variables approach does not make
the development of more specific estimation methods for
micro-macro models superfluous. The estimation procedure
proposed in this article is not a full-information maximum
likelihood method but consists of a linear regression anal-
ysis carried out on adjusted group means for the individual-
level explanatory variables.

Why a Simple Aggregated Analysis Does Not Yield
Correct Results
A seemingly appropriate way to obtain good estimates of

the regression parameters in Equation 1 would consist of
aggregating the individual score xig to the group level by
determining the group mean x!g and then regressing the score
yg on both x!g and zg in an OLS multiple regression analysis.
However, this aggregated regression analysis will not yield
unbiased estimates of the regression parameters. If the score
yg is regressed on x!g and zg , the implicitly used regression
model is

E* yg#x! g, zg+ ! ,0 " ,1x!g " ,2zg, (4)

with the parameters ,0 , ,1 , and ,2 satisfying

! $x!
2 $x!z

$x!z $z
2 "! ,1

,2
" ! ! $x!y

$zy
" (5)

and

,0 ! #y # ,1#x! # ,2#z .

The aggregated regression analysis defined by Equation 4
would be appropriate if it would yield values for these
unknown parameters ,j that are identical to the correspond-
ing values of %j from the model described by Equation 1.
However, the estimates from the two different regression
analyses are generally not equal. The relationship between
both sets of parameters can be made explicit in the follow-
ing way. First, note that Equation 3 implies for the mean of
variable X in group g that x!g ! "g ( v!g , so that for group g
consisting of ng subjects,

$x!
2 ! $"

2 " $v
2 /ng. (6)

Moreover, because the error term v is uncorrelated with ", z,
and y, it follows that

$x!z ! $"z and $x!y ! $"y. (7)

Substitution of Equations 6 and 7 in Equation 5 then yields

! $"
2 " $v

2 /ng $"z

$"z $z
2 "! ,1

,2
" ! ! $"y

$zy
" . (8)

Equations 2 and 8 both have the same right part. Setting the
two left parts equal to each other and solving for the vector
containing ,1 and ,2 yields

! ,1
,2

" ! ! $"
2 " $v

2 /ng $"z

$"z $z
2 "-1! $"

2 $"z

$"z $z
2 "! %1

%2
" .

This may be further simplified to

! ,1
,2

" ! ! wg1 0
wg2 1 "! %1

%2
" ,

with

wg1 !
$"
2$z

2 # $"z
2

*$"
2 " $v

2 /ng+$z
2 # $"z

2

and

wg2 !
$"z$v

2 /ng
*$"

2 " $v
2 /ng+$z

2 # $"z
2 .

The relationship between the two sets of regression param-
eters may then be written as

,1 ! wg1%1 and ,2 ! wg2%1 " %2. (9)
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A similar analysis for the constant coefficient leads to

,0 ! %0 " .*1 # wg1+#" # wg2#z/%1. (10)

These results show that the regression analysis carried out
on the aggregated scores will generally yield biased esti-
mates of the true parameters %0 , %1 , and %2 . However, if the
term $v

2 /ng is equal to zero, we have wg1 ! 1 and wg2 ! 0.
In this unrealistic case of no within-group variability on
variable X, the analysis on the aggregated data will result in
an unbiased estimate of the true regression parameters.
Note, however, that because limng30 wg1 ! 1 and limng30

wg2 ! 0, increasing the group sizes will reduce the bias in
the estimates of the regression parameters.

How to Correct the Regression Analysis on the
Aggregated Data
Although the results described above point out the defi-

ciency of using aggregated group means as independent
variables in an OLS regression analysis, they also provide
the rationale for an adjustment of an OLS regression anal-
ysis that yields unbiased estimates of the regression param-
eters. Substitution of Expressions 9 and 10 in Equation 4
and further simplifications yield

E* yg#x! g, zg+ ! %0 " %1

% .*1# wg1+#" " wg1x!g " wg2*zg # #z+/ " %2zg.

To obtain unbiased estimates of the true regression coeffi-
cients %j , one should not regress the scores yg on the group
means x!g and zg but on adjusted group means x̃g and zg , with

x̃g ! *1 # wg1+#" " wg1x! g " wg2* zg # #z+. (11)

The adjusted group mean x̃g has the following very impor-
tant property:

x̃g ! E*"g#x1g, . . . , xngg, zg+,

that is, the adjusted group mean x̃g is the expected value of
"g , taking all the observed scores on the individual- and
group-level explanatory variables in group g into account. It
is the best linear unbiased predictor (BLUP) of the latent
group score "g when individual data on X and group data on
Z are available for each group (Laird & Ware, 1982; Searle,
Casella, & McCulloch, 1992). The BLUP "̃g of the random
variable "g is the linear combination of the scores x1g ,
x2g , . . . , xngg and zg that provides an unbiased estimate of "g
and minimizes E("̃g - "g)2 . Because of the exchangeability
of the individuals within a group, their scores have constant
weights in the expression for the BLUP, which implies that
the group mean x!g is sufficient for the prediction of "g .
Regressing "g on x!g and zg in their joint distribution leads to
Equation 11.
Regressing the group score Y on the adjusted mean X̃ and

the explanatory group variable Z by means of OLS guaran-
tees unbiased estimates of the regression coefficients. For
these estimates also to be efficient, the underlying regres-
sion model has to satisfy homoscedasticity. One can prove,
however, that

var *yg#x̃g, zg+ ! $&
2 "

*$z
2$y" # $"z

2 $yz+
2$v

2 /ng
*$"

2$z
2 # $"z

2 +.*$"
2 " $v

2 /ng+$z
2 # $"z

2 /
,

which shows that the conditional variance under the regres-
sion model is a function of group size ng. Unless group size
ng is constant, the fitted regression model is heteroscedastic
and, consequently, OLS regression of Y on X̃ and Z yields
suboptimal estimates of the standard errors of the regression
coefficients. A correction procedure developed by econo-
metricians to obtain unbiased estimates of the standard
errors of the regression parameters in case of heteroscedas-
ticity is discussed in a later section.
When there is no explanatory group variable Z, its con-

tribution to the adjustment of the group means is removed.
Then

x̃g ! *1 # wg+#" " wgx! g, (12)

with the weight wg given by

wg !
$"
2

$"
2 " $v

2 /ng
.

The adjusted group mean x̃g is now obtained by shrinking
the observed group mean x!g in the direction of the overall
mean #" . The conditional variance is given by

var *yg#x̃g+ ! $&
2 "

$y"
2 $v

2 /ng
$"
2*$"

2 " $v
2 /ng+

.

Unless group size ng is constant, the regression model is not
homoscedastic.1

The General Case With Arbitrary Numbers of
Explanatory Variables at Both Levels

The same principle for adjusting the observed group
means before entering them in a regression analysis applies
if several different explanatory variables at the individual
and group levels are available.
Let p different individual-level explanatory variables be

given. The corresponding p-dimensional latent variable "g
has mean population vector #" and between-group

1 It is important to note that the adjusted regression analysis
should be carried out on the raw data and not on group-centered
data. Group centering of the individual-level explanatory variables
would remove all of the between-group variability and annihilate
their correlations with the group-dependent variable.
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covariance matrix !"" . Let a q-dimensional group-level
explanatory variable Z be given with mean vector #z and
covariance matrix !zz . Each individual i in group g has an
observed score on the individual-level explanatory vari-
ables; these scores are inscribed in a p-dimensional ob-
served vector xig . The group means are denoted by x!g . The
scores on the group-level variable Z are inscribed in the
q-dimensional vector zg . The relationship between the in-
dividual vector score xig and the group latent vector score "g
is given by xig ! "g ( vig , in which vig is a p-dimensional
vector of disturbance terms with covariance matrix !vv , the
within-group covariance matrix for the observed score X. It
is not assumed that !vv is diagonal because the error terms
for different variables may be correlated. The covariance
matrix !"" for the latent variable "g is the between-group
covariance matrix for X.
The regression model for the (univariate) dependent

group variable Y in terms of the (p ( q) explanatory
variables is

yg ! %0 " "!g$1 " z!g$2 " &g.

The variance of the error term &g is denoted by $&
2.

To obtain unbiased estimates of the regression parame-
ters, we should not regress the score yg on the aggregated
means x!g and zg but on the adjusted means x̃g and zg . The
adjusted mean x̃g is obtained as follows. First, define for
each group g a p 1 p weight matrixWg1 and a q 1 p weight
matrix Wg2 as follows:

Wg1 ! *!"" " !vv/ng # !"z!""
-1!z"+

-1*!"" # !"z!zz
-1!z"+

and

Wg2 ! !zz
-1!z"*Ip1p #Wg1+.

Then the adjusted group mean is given by

x̃!g ! #!"*Ip1p #Wg1+ " x!!gWg1 " *zg # #z+!Wg2.

Regressing Y on the adjusted mean X̃ and the observed
group score Z yields unbiased estimates of the true regres-
sion coefficients.
When no explanatory group variable Z is available, only

the first weight matrix Wg1 has to be considered. Its expres-
sion simplifies to

Wg1 ! *!"" " !vv/ng+-1!""

and the adjusted group mean is given by

x̃!g ! #!"*Ip1p #Wg1+ " x!!gWg1.

OLS regression analysis of Y on X̃ and Z does not result
in unbiased estimates of the standard errors of the regression
parameters unless the groups are of the same size. If group
sizes are unequal, the true regression model is not homosce-

dastic and OLS regression analysis is not fully efficient. In
the next section, we describe how to obtain consistent
estimates of the standard errors after carrying out an OLS
regression analysis.

A Stepwise Estimation Procedure

The previous results form the basis for a stepwise esti-
mation procedure. To be able to carry out a regression
analysis of Y on the adjusted group mean X̃ and the explan-
atory group variable Z, one has to determine the weight
matrices Wg1 and Wg2 , which require estimates of the
unknown variance and covariance matrices !"" , !vv , !"z ,
and !zz and of the mean vectors #" and #z . The following
stepwise procedure can be used to obtain unbiased estimates
of all the parameters.

1. In a first step, all parameters necessary to determine the
weight matrices Wg1 and Wg2 are estimated. The proce-
dures described below guarantee unbiasedness or at least
the consistency of these estimates.
a. The parameters that pertain to the distribution of Z are
estimated by equating them to their corresponding
sample values: #̂z ! z! and !̂zz ! Szz . The computa-
tion of the means, variances, and covariances for Z
are carried out at the group level.

b. The population mean vector #" is estimated by the
overall mean vector x! :

#̂" ! x! !

$
g

$
i

xig

N .

c. The covariance matrix !z" is estimated by the matrix
Szx! , which contains the covariances between the vari-
able Z and the uncorrected group mean X! . Under the
model formulated above, Szx! is a consistent estimate
of !z" .

d. For the between- and within-group covariance matri-
ces !"" and !vv , their multivariate analysis of vari-
ance estimates are determined under a one-way clas-
sification, with the individual-level explanatory
variables here as dependent variables. First, define the
matrices

SSA ! $
g

ng*x!g # x!+*x!g # x!+!,

MSA ! SSA/*N # G+,
SSE ! $

i

$
g

*xig # x!g+*xig # x!g+!,

and
MSE ! SSE/*G # 1+.
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Then we have for the estimates of the between- and
within-group covariance matrices

!̂vv !MSE

and

!̂"" !
N*G # 1+

N2 # $
g

ng2
*MSA#MSE+.

For a derivation of these results, see Searle et al.
(1992, Section 3.6) for the univariate case. Their
results are easily generalized to the multivariate case
(Muthén, 1994).

2. Determine the adjusted group mean x̃g . If group size
varies across groups, the weight matrices Wg1 and Wg2
have to be determined for each group separately. If group
size is constant, the same weight matrices apply for all
groups.

3. Carry out an OLS regression analysis of Y on X̃ and Z.
4. If group size is not constant, the heteroscedasticity-
consistent covariance matrix estimator defined by White
(1980) and modified by Davidson and MacKinnon
(1993, Section 16.3) may be determined. First, define
matrix U as U ! (X̃#Z) and let hg be the gth diagonal
element of U(U!U)-1U.With eg denoting the estimate of
the error term for group g on the basis of the OLS
regression procedure carried out in the previous step,
define the weight dg as

dg !
eg2

1 # hg

and let D be the diagonal matrix containing this
weight. The heteroscedasticity-consistent covariance
matrix estimator V is then given by

V ! *U!U+-1*U!DU+*U!U+-1.

The asymptotically consistent estimates of the stan-
dard errors of the regression parameters are the square
roots of the diagonal elements of V. Whether this
correction procedure for countering the effects of het-
eroscedasticity should be applied routinely remains to
be seen. A small simulation study, whose results are
not presented here in detail, showed that the standard
errors were, on average, only reduced by 1–2% of
their uncorrected value, depending on how markedly
the group sizes differed. These results seem to indicate
that not much efficiency is lost by carrying out an OLS
regression analysis on the adjusted group means.

A Simulation Study of Bias Reduction in
Parameter Estimates

We carried out a simulation study to examine how the
accuracy of the adjusted regression analysis was affected
by the number of groups, the number of observations per
group, the correlation between the explanatory variables
at the group and individual levels, and the intraclass
correlation of the individual-level explanatory variable.
Data were only generated for the case of one explanatory
group variable Z and one individual-level explanatory
variable ". Both variables were standard, but their corre-
lation was varied at two levels: either 'z" ! .0 or 'z" !
.3. A single population regression equation for Y was
considered:

yg ! 0.3 " 0.3zg " 0.3"g " &g,

with the error term &g normally distributed with a mean
equal to zero and variance $&

2 ! 0.35. The regression
weights of the explanatory variables were chosen so as to
represent moderately large effects and were not systemati-
cally manipulated in this simulation study.
The individual observed score xig was obtained by xig

! "g ( vig , with vig normally distributed with mean 0 and
variance equal to either 4 or 9. In this way, the intraclass
correlation of X was varied at two levels: 'X ! .1 and
'X ! .2.
The number of groups was also varied at two levels: ng !

50 and ng ! 100. For the number of observations per group,
three levels were defined. The first two levels kept group
size constant at either ns ! 10 or ns ! 40; for the third level,
group sizes were varied by randomly selecting either 10 or
40 observations with equal probabilities. By choosing these
values for the number of groups and the number of subjects
per group, we reduced the risk of obtaining inadmissible
solutions.
For each cell of this 2 1 2 1 2 1 3 design, 1,000 data

sets were drawn from the population described above.
For each data set, both an unadjusted regression analysis
and an adjusted regression analysis were carried out, and
for each of the three regression coefficients, the percent-
age of bias was determined. In these computations, only
admissible solutions were taken into account. A solution
was considered admissible if the estimated variance–
covariance matrix of (Z, ") was positive-definite. Some
inadmissible solutions occurred, but only in three cells of
the design matrix. In the cells with 'z" ! .3, 'X ! .1, and
ns ! 10 or randomly drawn from the equal probability
mixture, the percentage of inadmissible solutions was
1.6% and 0.5%, respectively; for the cell with 'z" ! .0, 'X
! .1, and ns ! 10, that percentage was 0.7%. In no other
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cell did inadmissible solutions occur.2 Table 1 gives the
average percentage of bias for all conditions.
A few clear conclusions can be drawn from the results of

this small simulation study. First, the estimates of regression
coefficient %2 of the individual-level explanatory variable
show a severe downward bias in the unadjusted regression
analyses. A linear regression analysis of the mean percent-
age of bias scores on the dummy variables representing the
manipulated factors indicated that two factors had a large
impact on the bias: the number of observations per group
and the size of the intraclass correlation. Bias for %2 was
smaller for larger groups and for higher values of 'X. The
effects of the size of the correlation 'z" and the number of
groups were much smaller. The bias in the estimation of %1 ,
the regression coefficient of Z, was less extreme and showed
a different pattern. The size of the correlation 'z" and the
number of observations per group were now the most im-
portant determinants of bias. Finally, there was no apparent
systematic bias in the unadjusted estimate of the constant
coefficient, but a further analysis showed that this was a
direct consequence of the assumption that " and Z had zero
means in the population model. Because the constant coef-
ficient is generally not very relevant in the substantive
interpretation of the results, we did not investigate further
the factors that affect its bias.
The adjusted regression analysis reduced the bias in the

parameter estimates quite well. Averaged over all condi-
tions, the percentage of bias in estimating %1 was reduced
from 4.2% to -0.5%; for %2 , the reduction in bias from
-27.1% to 2.3% was even more extreme. For the bias in %2
remaining after correction, no systematic pattern was found
in terms of the manipulated design factors. For the remain-
ing bias in %1 after correction, both the size of 'z" and the
number of observations per group still had an effect.

An Application on Data From Psychological
Climate Research

A large part of the scientific research in occupational and
organizational psychology focuses on the effects of individ-
ual psychological attributes and processes on the perfor-
mance of organizations (Spector, 2003; Wright & Gardner,
2003). The real data application discussed in this section
originates from a study on the relationship between psycho-
logical climate and organizational performance (Fulmer,
Gerhart, & Scott, 2003; Gelade & Ivery, 2003; Parker et al.,
2003; Patterson, Warr, & West, 2004; Schneider et al.,
2003).
The data analyzed here were collected in a large finan-

cial services organization in the Netherlands during the
years 2000–2002 as part of a regular company manage-
ment survey based on the balanced scorecard (Kaplan &
Norton, 1996). Questionnaire data from 14,265 individ-
ual employees were obtained in 175 business units. The

number of employees per unit differed considerably, run-
ning from 17 to 295, with an average number of 81.5
employees per unit.
The group-level outcome variable of interest here is the

financial performance of business units, which is operation-
alized as a yearly business unit productivity index. This
index is a simple profits/costs ratio. Profits are operational-
ized as the gross profits plus the returns on equity. Costs
include operational costs and depreciation allowances. The
scores on four questionnaire scales from the company sur-
vey are taken as explanatory variables at the individual
level. The company survey comprises various scales that are
widely used in the Netherlands for measuring psychological
climate factors (Patterson et al., 2005). The following four
scales were selected: Role Overload, Effective Leadership,
Innovation, and Cooperation Among Departments. With
Cronbach’s alphas ranging from .81 to .93, the four scales
exhibit good internal consistency at the individual level.
The intraclass correlation coefficients for the four scales
were .048, .066, .132, and .099, respectively, which were all
significantly different from zero (Donner, 1986). Their val-
ues indicated that the between-groups differences on the
four variables were large enough to include them as explan-
atory variables for the group-dependent variable. The anal-
ysis reported below did not include explanatory variables
measured at the group level.
Table 2 summarizes the results of several analyses that

were carried out on these data. The upper part of the table
gives the results obtained on the full sample of 14,265
subjects in the 175 units. In the left upper part, the results of
the unadjusted aggregated regression analysis are reported;
in the right upper part, the results of the adjusted analysis
can be found. For both analyses, the unstandardized regres-
sion coefficients (b), their standard errors, their standardized
values (%), and the corresponding t values are given. For the
adjusted regression analysis, an additional column is in-
cluded that gives the adjusted standard errors for the het-
eroscedastic case after application of the White–Davidson–
MacKinnon (WDM) procedure. The values of the t statistic
in the adjusted analysis are based on the standard errors
from the WDM procedure. Table 2 shows that the WDM-
corrected standard errors are only slightly smaller than the
uncorrected ones.
As can be expected on the basis of the large group sizes

and the large full sample size, the results of both analyses
are very similar. Both analyses showed that only Role

2 Another simulation study not reported here showed that the
probability of obtaining an inadmissable solution increased with
decreasing intraclass correlation 'X , increasing correlation 'z" , and
decreasing ns . The effect of the intraclass correlation was espe-
cially strong: The lower this coefficient, the smaller the between-
groups differences and the more difficult it becomes to relate the
explanatory variable to the group-level outcome variable.
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Overload was a significant predictor of the group-level
dependent variable. The regression coefficient of Coop-
eration Among Departments was not significant at the
two-sided 5% level, but, expecting it to have a positive
effect, it would be significant at the one-sided 5% level.
Note that although the corrected and uncorrected stan-
dard errors are very similar, use of the uncorrected values
would have resulted in a nonsignificant result for Coop-
eration Among Departments. The squared multiple cor-
relation coefficient for the unadjusted analysis was .170,
with F(4, 170) ! 8.675, p 2 .001; the adjusted analysis
yielded an R2 of .175, with F(4, 170) ! 9.042, p 2 .001.
In the lower part of Table 2, we report in a similar way

the results of an unadjusted analysis and an adjusted
analysis on a subsample randomly selected from the
original full sample. To show that the adjusted and un-
adjusted analyses may yield different results if the group
sizes are smaller, we drew a random sample of 10% of
the original number of observations (rounded to the near-
est integer, if necessary) for each group, and both anal-
yses were carried out on this smaller data set. There are
some striking differences between the unadjusted and
adjusted analyses in this subsample. Whereas the unad-

justed regression analysis indicates that three of the in-
dividual-level explanatory variables are significant pre-
dictors of the group outcome variable, the adjusted
analysis only points in the direction of one explanatory
variable, Role Overload, which was also the only signif-
icant predictor in the analysis on the full sample.
A comparison of the parameter estimates from the ad-

justed and unadjusted regression analyses reveals that the
unstandardized regression coefficients and their standard
errors from the adjusted analysis are generally larger (in
absolute value) than the corresponding coefficients from the
unadjusted analysis. This is probably related to the fact that
the adjustment procedure induces a transformation of the
measurement scale of the individual-level explanatory vari-
ables in case no group explanatory variables are involved in
the analysis. Equation 12 makes clear that the adjustment
procedure causes the group mean x!g to shrink toward the
overall mean #" , with the consequence that the adjusted
mean x̃g has less variance than does the unadjusted mean x!g .
Because the response scale of the outcome variable Y is not
affected by the adjustment procedure, one might expect
larger regression coefficients (and standard errors) when
regressing Y on X̃ rather than on X! .

Table 1
Mean Percentages of Bias for the Three Regression Coefficients in the Unadjusted (URA) and Adjusted (ARA) Regression Analyses

'z" 'X ng ns

%0 %1 %2
URA ARA URA ARA URA ARA

.0 .1 50 10 1.3 -0.7 -0.4 -0.2 -48.0 -8.8

.0 .1 50 40 -0.4 1.1 1.0 0.2 -17.1 0.5

.0 .1 50 Mix 0.1 1.1 -1.0 1.5 -35.3 2.8

.0 .1 100 10 0.3 0.4 -0.1 0.0 -48.0 5.4

.0 .1 100 40 -0.8 0.6 -0.5 0.9 -18.4 2.0

.0 .1 100 Mix -0.2 0.6 -0.7 -1.2 -35.7 2.4

.0 .2 50 10 -0.2 -0.4 -0.4 -0.4 -28.2 2.3

.0 .2 50 40 -0.4 -0.5 1.5 0.7 -7.4 0.0

.0 .2 50 Mix 0.1 1.5 -1.1 0.8 -20.0 1.4

.0 .2 100 10 -0.3 0.6 1.1 0.6 -28.3 0.6

.0 .2 100 40 0.0 0.5 -0.4 -0.2 -8.8 0.3

.0 .2 100 Mix -0.2 -0.6 0.6 -0.4 -20.3 -0.3

.3 .1 50 10 0.0 -1.3 14.4 -3.6 -49.5 15.1

.3 .1 50 40 0.5 0.6 6.9 -1.4 -19.4 0.7

.3 .1 50 Mix -1.0 1.5 11.7 -3.8 -37.4 5.3

.3 .1 100 10 0.6 -1.1 15.3 -1.3 -50.4 5.0

.3 .1 100 40 0.4 0.3 6.2 -0.5 -18.8 1.6

.3 .1 100 Mix 1.0 -0.7 12.0 -1.6 -38.0 4.4

.3 .2 50 10 -2.6 1.1 8.9 -3.2 -30.5 6.0

.3 .2 50 40 0.2 -0.5 1.7 1.2 -8.1 2.2

.3 .2 50 Mix 0.2 0.0 5.6 0.3 -19.6 2.5

.3 .2 100 10 0.2 -0.6 9.4 -0.8 -30.1 2.4

.3 .2 100 40 0.0 -0.6 2.6 1.4 -10.2 -1.5

.3 .2 100 Mix 0.1 -0.5 7.1 -0.7 -21.8 2.1
Note. 'z" ! correlation of explanatory group variable Z and individual-level explanatory variable "; 'X ! intraclass correlation of X; ng ! number of
groups; ns ! group size.
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Discussion

The approach proposed in this article to study the rela-
tionship between an outcome variable measured at the
higher group level and explanatory variables measured at
the lower individual level associates a latent variable with
each of the explanatory variables at the lower level and
treats the individual scores on these variables as reflective
indicators for that latent variable. This model is an explicit
formalization of the assumptions that underly an aggregated
analysis that takes the group means as predictors or explan-
atory variables. The strategy of computing a group mean for
a particular variable only makes sense if that group mean
can be considered to be an estimate of a parameter that
characterizes the general level of the individual scores
within that group. The true scores of these group parameters
then define a latent unobserved variable at the group level.
Prerequisites for carrying out an analysis according to this
model are that the number of groups is not too small and
that the intraclass correlations for the individual-level vari-
ables are sufficiently large. But these are also the conditions
that should be satisfied when carrying out an unadjusted
analysis on the aggregated group means. Such an analysis
will yield stable and interpretable results only if the number
of research units is sufficiently large—in any case, substan-
tially larger than the number of explanatory variables—and
the groups means show sufficient variation that is not en-
tirely due to within-group variation. In these respects, both
the adjusted and the unadjusted analyses impose the same
constraints on the design of the study, and the recommen-
dations formulated by Klein et al. (2000) for multilevel
analyses in hierarchical systems also remain valid for the
latent variable approach proposed here.
In this article, we estimated the parameters of the latent

variable multilevel model by means of a multiple regression
analysis on adjusted group means. Our prediction that this
procedure results in unbiased estimates of the true regres-
sion parameters was confirmed by a simulation study. The
stepwise estimation method proposed in this article is a
limited information approach that does not directly maxi-
mize the complete likelihood function for the data under the
model considered. Although the full information maximum
likelihood approach would lead to the asymptotically most
efficient estimates of the model parameters, the limited
information approach is probably not much less efficient. A
more systematic comparison of both approaches is needed
here. One should also realize, however, that the attractive
properties of maximum likelihood estimation only remain
valid if the statistical assumptions on which this approach is
based are satisfied. A disadvantage of the maximum likeli-
hood approach is that it requires rather complex optimiza-
tion procedures that are not yet incorporated into any readily
available software package. The limited information ap-
proach propagated in this article is less computationally
involved. An S-Plus Script file with which all analyses
reported here have been carried out is available with the
electronic version of this article. For applications with a
small number of observations per group and a limited num-
ber of individual-level explanatory variables, the persons-
as-indicators approach (Mehta & Neale, 2005) may also be
a viable alternative.
Micro-macro strategies of multilevel modeling (Snijders

& Bosker, 1999) are relatively scarce, as we have noted.
The latent multilevel model that has been proposed in this
article is only a first step in the direction of developing
appropriate methods for analyzing data from a micro-macro
study. New critical issues arise for future research. First,
efforts should be made to develop a reliable numerical and

Table 2
Results of Regression Analyses (RA) of Financial Performance on Four Psychological Climate Scales

Scale
Unadjusted RA Adjusted RA

b % SE t b % SE SEWDM t

Full sample

RO 0.76 .24 0.23 3.31** 1.02 .25 0.31 0.31 3.26**
EL 0.01 .01 0.22 0.04 0.03 .01 0.30 0.30 0.11
IN 0.26 .14 0.21 1.27 0.29 .13 0.25 0.23 1.14
CO 0.36 .20 0.19 1.89 0.41 .19 0.26 0.22 1.87

Random 10% subsample

RO 0.38 .22 0.13 3.05** 2.91 .40 1.28 1.27 2.28*
EL -0.22 -.18 0.10 -2.28* 1.01 .22 1.18 1.12 0.90
IN 0.17 .12 0.14 1.24 -0.33 -.13 0.55 0.54 -0.60
CO 0.35 .27 0.13 2.80** 0.66 .25 0.49 0.47 1.38
Note. All t tests are based on 170 degrees of freedom. RO ! Role Overload; EL ! Effective Leadership; IN ! Innovation; CO ! Cooperation Among
Departments; SEWDM ! adjusted standard errors for the heteroscedastic case after application of the White–Davidson–MacKinnon procedure.
* p 2 .05. ** p 2 .01.
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generally applicable procedure that yields the full informa-
tion maximum likelihood estimates of the model parame-
ters. Next, more complex causal models for more complex
relationships among the group-level variables should be
considered.
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