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The authors study alternative estimators of the impacts of higher level variables in
multilevel models. This is important since many of the important variables in social
science research are higher level factors having impacts on many lower level outcomes
such as school achievement and contraceptive use. While the large sample properties
of alternative estimators for these models are well known, there is little evidence about
the relative performance of these estimators in the sample sizes typical in social science
research. The authors attempt to fill this gap by presenting evidence about point estima-
tion and standard error estimation for both two- and three-level models. A major conclu-
sion of the article is that readily available commercial software can be used to obtain
both reliable point estimates and coefficient standard errors in models with two or more
levels as long as appropriate corrections are made for possible error correlations at the
highest level.
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1. INTRODUCTION

Multilevel models have found widespread use in social science
research in recent years. These types of models are used when the
outcome of interest and its observed and unobserved determinants
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have a hierarchical structure. By a hierarchical structure, we mean
that there are important factors influencing decisions and outcomes
that arise from a variety of levels of aggregation or observation. Kreft
and de Leeuw (1998) provide an excellent introduction to multilevel
models, and Goldstein (1995, 2003), Bryk and Raudenbush (1992),
and Raudenbush and Bryk (2002) present more advanced treatments
of these modeling approaches.

In multilevel models, the outcome of interest is typically measured
at an individual level, and this usually is referred to as the lower or
micro-level outcome. In analyses with more than one level, this is
called the Level 1 outcome. These lower level, individual outcomes
are usually influenced in part by individual, micro-level character-
istics. For example, a woman’s age and education have been shown
to have important effects on her use of contraceptives (Gertler and
Molyneaux 1994; Guilkey and Cochrane 1995; Guilkey and Jayne
1997). What distinguishes the hierarchy in these types of analyses is
the fact that some characteristics from a higher level also influence
the lower level outcomes. For example, it has been found that the
presence of family planning clinics providing contraceptives within
communities can affect whether individuals adopt family planning
(Tsui 1985; Bollen, Guilkey, and Mroz 1995; Thomas and Maluccio
1995; Guilkey and Jayne 1997; Angeles et al. 2001), and school quality
can affect student achievement (Guo and Zhao 2000). In fact, the
impact of these higher level variables (community level or school
level) is often of primary interest, while the Level 1 (individual level)
variables are often simply control variables.

One can readily incorporate observed community-level character-
istics along with observed individual-level characteristics as determi-
nants of individual-level behaviors in regression models. The fact that
these observed higher level characteristics do not differ within groups
of individuals does not complicate estimation procedures. However,
there can also be unobserved or unmeasured factors at the higher level
that influence the lower level outcomes. Such unmeasured factors give
rise to a multilevel error structure that has important statistical implica-
tions discussed extensively in the following sections.

There are several alternative estimation methods that can be used
to estimate the parameters of multilevel models with continuous
dependent variables, with ordinary least squares, maximum likelihood,
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and feasible generalized least squares being the most common. Since
these estimators are identical to methods for use with panel data, the
large sample statistical properties of these estimators are well known
and can be found in standard textbooks. However, there has been sur-
prisingly little work done on the finite sample properties of the alter-
native estimators (see Matyas [1992] for a review and Maas and Hox
[2002] for recent work), and the work that has been done has focused
on the properties of the estimated coefficients of individual-level
(Level 1) variables in models with only a two-level error structure.
The impacts of community-level (Level 2) variables, however, are fre-
quently of considerable substantive interest because these are often
policy variables that can be modified to affect individual-level out-
comes. In addition, data sets frequently have more than two levels,
and there is no Monte Carlo research that we are aware of that has
examined the finite sample performance of alternative estimators
when there are more than two levels.

The purpose of this article is to fill these gaps in the literature by
focusing on the correct measurement and statistical testing of the
expected impact of community-level variables on individual-level out-
comes in multilevel models. We do so by presenting new theoretical
results based on analytical derivations and Monte Carlo simulations
for three estimators: ordinary least squares, ordinary least squares with
corrected standard errors (as defined in the next section), and maxi-
mum likelihood. The simulated data in the Monte Carlo work are con-
structed to mimic the type of data that one would find in large survey
data sets. Our results clearly demonstrate the usefulness of the ordin-
ary least squares estimator with corrected standard errors for either
two- or three-level models, an estimation method that is readily avail-
able in popular, commercially available software. We illustrate the
methods in an analysis of children’s weight using a data set from
Cebu, Philippines, with three levels of observed and unobserved
determinants: the community, the individual, and over time for the
individual.

While the theoretical and simulation results we present are specific
to models with continuous dependent variables, there is some analy-
tical evidence (Robinson 1982) and simulation evidence (Guilkey and
Murphy 1993) suggesting that the major conclusions of the study should
carry over to models with limited dependent variables. We demonstrate
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this in an empirical model of the determinants of contraception at the
province, municipality, and individual levels. The data for this second
application come from a different data set covering all of the Philippines.

The plan of this article is as follows. The next section lays out
the estimation methods and presents analytical results on the rela-
tive efficiency of the alternative estimators. Since it is not possible
to determine analytically how well the alternative estimators work
for hypothesis testing, section 3 presents the results of Monte Carlo
simulations. Sections 4 and 5 present the empirical applications, and
we conclude in section 6.

2. THEORETICAL RESULTS

This section summarizes the results presented in Angeles and Mroz
(2001). We present analytical results for the two-level model followed
by Monte Carlo evidence for both two- and three-level models.

ANALYTICAL RESULTS

Consider the following model:
Yie=Bo+ B1IXE + Ba XIS+ BoaXio + e+ eic, (D

where Y;. is a continuous outcome variable for respondent i
(i=1,2,..., No) from community ¢ (c=1,2,...,C). The Bs are
unknown regression coefficients, X¢ is a community-level variable,
X l’f is an individual-level variable having covariance 7 with the
community-level variable (Cov(X g X IICC) =7),and X ll . 1s an individual-
level variable that is not correlated with either the community-level
variable or the other individual-level variable. All the explanatory
variables are independent of the error terms.

The error term is assumed to have two components. The first is a
term that is specific to each individual, €;.; it is assumed to have
mean zero and variance az and to be independent for all i and c¢. The
second unobserved component, . affects the outcome Y for all indi-
viduals within each community; it is assumed to have mean zero,
variance O'IZL and to be independent across communities. This error
components specification for the error term is the same as the standard
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specification for a panel data model. If we define f,. = By + ite, WE
see also that the model is a widely used random intercept/constant
slope model (see, e.g., Raudenbush and Bryk 2002 and the review
article by Guo and Zhao 2000).

Given the error term assumptions, we can define the total error
variance as 0> = o2 + ai. The fraction of the total error variance due
to the community-level component of the error term is frequently
referred to as the intraclass error correlation, and it is defined by
p= ai Jo. Let Nrjor= 3 CC: 1 Nc be the total number of individual-
level (Level 1) outcomes. After ordering observations by communities,
the (N7or X NoT) error covariance matrix, €2, is block diagonal with
zeros on the off-diagonal blocks (blocks corresponding to covariances
of error terms for different communities) and N, x N, diagonal blocks
O'ZAC. The Aq(c=1,2,...,C) represent the covariance matrix for
community ¢, where all elements of A, are equal to p except the
elements on the main diagonal, which are equal to 1.

Three estimators for the Bs and their standard errors are commonly
used: ordinary least squares (OLS), ordinary least squares with a
corrected covariance matrix (OLS-C), and the maximum likelihood
estimator (MLE). The MLE is identical to the generalized least
squares (GLS) estimator if €2 is known and the errors are normally
distributed. To define these estimators, let X, = [IXCCX{CCX,-IC] be
the (N, x 4) matrix of explanatory variables for community c,
and let X be the (Npor x 4) matrix formed by stacking all the
community observations. Define similar vectors Y and . The
OLS estimator is

B=X'X)"'X"y.

The naive estimate of the covariance matrix generated by a
standard statistical package would be

Cov(Bors =0 (X'X) . )

The correct covariance matrix of the OLS estimator, however,
would take account of the multilevel error structure. It takes on
the following form:

Cov(Bors_c=X'X)'xXoaxx'x)~". 3)
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The MLE or GLS estimator is
=X 'x)"x' 0" ly
with covariance matrix
Cov(B)=(X'Q 'x)~ 1. 4)

To make comparisons among (2), (3), and (4), we assume that
there is no constant in the model, all the Xs have mean zero, there
are exactly N individuals in each community, and all the corre-
lation in the correlated individual-level variable is due to the
community-level variable (i.e., COV(X{g, Xl[-CC) = 72). After some
tedious algebra (see Angeles and Mroz 2001), one can show that

1 _ T 0
Covid) or| (-1 =
ov = — _— N S
OLS=N| “a-m am O
0 0 1
L+pN-1(1=7) _ 1
Covid) o’ (=72 =7
oviPloLs—c= - ——T ——
N 1—72) (1—72)
0 0 1
and
U+p(N=DIl+p((N=2)=7*(N=1)] —7(1=p)1+p(N—1)] 0
) [T+p(N=2)](1 -7 [1+p(N=2)I(1-72)
Covip=2 —r(1=p)1+p(N=1)] (1= D)1 +p(N=1)] 0
N [1+p(N=2)](1-7%) [1+p(N=2)](1-7%)
0 0 d=—p[+pN-1D]
T+p(N=2)

The variances of the estimators for the coefficients of the
community-level variables are given by the (1, 1) elements of
these matrices, the variances of the correlated individual-level
variable coefficients are given by the (2, 2) elements, and the variances
of the independent individual-level variable coefficients are given by
the (3, 3) elements. A comparison of the three matrices yields several
interesting results:

1. The naive OLS estimated variance for the effect of the community-level
variable understates the true variance for p 7 0, and the degree of under-
statement increases as p or N (individuals per community) increases.
(Compare the (1, 1) elements of COV(B) oLs and COV(B) OLS — C)-



82  SOCIOLOGICAL METHODS & RESEARCH

2. The OLS estimator for the coefficient of the community-level
variable’s effect is almost always inefficient relative to the MLE
whenever p#0. (Compare the (1, 1) elements of COV(B)OLS_C
and Cov(,é).)

3. The important exception to the preceding result is when the
community-level covariates are uncorrelated with all of the individual-
level covariates (i.e., 7 = 0). In this instance, there is no efficiency
loss from using OLS instead of MLE for the estimation of the impact
of the community-level covariate. A pertinent example when there
would be a zero correlation is for the case where particular treatments
(e.g., facilities or programs) are assigned randomly across commu-
nities. [Compare the (1, 1) elements of Cov(ﬁ) oLs—c and Cov(f})
evaluated at 72 = 0.

4. The standard errors reported by naive OLS for the impacts of both
individual-level covariates are correct even when there is a multilevel
structure. (Compare the (2, 2) and (3, 3) elements across Cov(fi) OLS
and Cov(p) oLs — ¢-) This result, however, is an artifact of our simple
example. If there were correlations of the individual-level covariates
across individuals within the same community that were not comple-
tely captured by the observed community-level covariates, then the
naive OLS standard errors would be too small.

5. There can be significant improvements in the precision of the esti-
mators of the impacts of individual-level covariates by using MLE
instead of OLS. (Compare the (2, 2) and (3, 3) elements between

Cov(B)oLs— c and Cov(B).)

GRAPHICAL ILLUSTRATIONS

The OLS estimator with corrected standard errors is much simpler
computationally than the MLE. In addition, in more complex situa-
tions, it will produce unbiased estimators when the maximum likeli-
hood estimators do not because it does not depend on auxiliary and
often arbitrary assumptions such as homoskedastic normally distribu-
ted error components. Consequently, it is useful to see how the effi-
ciency gain from MLE varies by p and N (the number of individuals
per community).

We use the analytic formulas for the two covariance matrices
to generate this comparison. Figures 1A and 1B show the standard
deviations of the OLS estimators of the impacts of the three variables
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vary by the number of observations per community and the level of
correlation between the community variable and the individual-level
variable. Figure 1A examines the case when the intraclass corre-
lation, p, is 0.25, and Figure 1B examines the case for p = 0.75.
Each of the four graphs within these figures refers to a different value
of the correlation between the community-level explanatory variable
and the correlated individual-level explanatory variable (7 = 0.00,
0.25, 0.50, and 0.95). The horizontal axis measures the number of
observations per community.

The vertical axis measures the standard deviation of the OLS
estimator as a fraction of the standard deviation of the efficient maxi-
mum likelihood estimator.! This provides a measure of how much
efficiency loss one can expect by using the less precise OLS estimator
instead of the maximum likelihood estimator. The relative efficiencies
for the estimators of the impacts of the two individual-level variables
(indicated by the diamonds and plus signs) are identical analytically,
and they do not depend on the degree of correlation between the
individual-level variables and the community-level variable.

At the lower value of the intraclass correlation in Figure 1A,
o = 0.25, there would be little efficiency gain from using the maxi-
mum likelihood estimator instead of the OLS estimator. Only when
the correlation of the community-level variable and the individual-
level variable is quite high (7 well above 0.50) is there any discernable
efficiency gain for the estimator of the impact of the community-level
variable from using maximum likelihood estimation. The efficiency
gain for the estimation of the impact of the community-level variable
initially increases as one adds more observations per community, but
then it falls. But with p = 0.25, even when the correlation of the
regressors is as high as 0.95, the standard error falls by less than
10 percent when using maximum likelihood instead of OLS.

Figure 1B examines the case where there is a high level of intra-
class correlation, p = 0.75. As above, there is little efficiency gain
from using maximum likelihood to estimate the impact of the
community-level variable, unless the correlation of the community-
level variable and the individual-level variable (7) is quite high. But
even when there can be substantial efficiency gains in estimating the
community-level variable’s impact by maximum likelihood, the gains
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Figure 1: Standard Deviations of Ordinary Least Squares (OLS) Estimators as a
Fraction of the Standard Deviations of the Maximum Likelihood Estima-
tors as a Function of the Number of Individuals Per Community

NOTE: The graphs present relative OLS standard errors of the community-level, correlated
individual-level, and independent individual-level coefficient estimators for intraclass correlation
(p) of (A) 0.25 and (B) 0.75 and four different correlations of the individual-level and the
community-level variables (7).
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diminish rapidly with increases in the number of observations per
community.

The interactions among the number of observations per commu-
nity, the intraclass correlation, and the correlation of the community-
level regressor with the individual-level regressor appears to be the
key determinants of efficiency gains from maximum likelihood esti-
mation when estimating the impact of the community-level covari-
ate. In Figures 2A and 2B, we examine this relationship in finer detail
along the dimension of the correlation of the community-level variable
and the individual-level variable. As in Figures 1A and 1B, Figure 2A is
for p = 0.25, and Figure 2B is for p = 0.75. The graphs in each figure
are for different numbers of individuals per community (NIPC = 2, 5,
25, and 50). The horizontal axis measures the level of correlation
between the community-level and individual-level explanatory vari-
ables (7). In Figures 2A and 2B, we only examine the relative effi-
ciency for the estimators of the impact of the community-level variable.

For the estimation of the impact of the community-level variable,
there appears to be almost no efficiency gain from using maximum
likelihood estimators instead of OLS estimators for values of the
regressor correlation being less than 0.50. For the moderate level of
the intraclass correlation, 0.25, there never are efficiency gains over
15 percent for all values of the regressor correlation at 0.99 or lower.
When the intraclass correlation is high, p = 0.75, there can be some
substantial gains in efficiency, with the larger gains happening when
there are only several individuals per community. These gains are
quite small unless the regressor correlation is well over 0.50.

3. SIMULATION RESULTS

In section 2, we showed, for the estimation of the impacts of higher
level covariates, that the efficiency gain from using the more com-
plex MLE estimator instead of the OLS estimator was not large for
a wide range of plausible correlation structures. We also showed
that the naive OLS standard error estimators could seriously under-
state the true coefficient standard errors, which means that statistical
hypothesis tests about the true impact of the explanatory variables
would be incorrect. Equation (3) presents the correct formula for
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Figure 2:

Standard Deviations of Ordinary Least Squares (OLS) Estimators as a

Fraction of the Standard Deviations of the Maximum Likelihood Estima-
tors of the Impact of the Community-Level Variable, as a Function of the
Correlation of the Community and Individual-Level Regressors (t)

NOTE: The graphs present relative OLS standard errors of the community-level coefficient
estimators with an intraclass correlation (p) of (A) 0.25 and (B) 0.75 and four specifications

of the number of individuals per community.

the covariance matrix for the OLS estimator (i.e., COV(B)O LS—C)
given the homoskedastic error components structure specified above.
Robust standard error estimators developed by Eicker (1963, 1967),
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Huber (1967), and White (1980), however, provide for more general
corrections of the standard errors. They allow for arbitrary forms of error
correlation within communities and for error variances that are arbitrary
functions of the explanatory variables. In addition, this more robust cor-
rection yields consistent standard errors even if the true regression coef-
ficients are random, if the error structure is nonconstant or has more
than two levels, or if the errors are heteroskedastic. Finally, these stan-
dard error estimators can be implemented using the cluster option in
Stata, a widely available commercial statistical software package.

Unfortunately, the robust standard errors are only asymptotically
valid (i.e., as the number of communities increases to infinity), and
so it is important to see how well they work in sample sizes typically
encountered in standard social science data sets. To do this, we use
Monte Carlo simulation methods to assess their accuracy in compari-
son to the naive OLS standard errors and the standard errors for the
MLE. We focus on statistical inferences about the community-level
variable since it has not been studied in the past and since it is often
the policy variable of interest. Results for individual-level variables
are discussed in Angeles and Mroz (2001). We also present results
for random intercept models for both a two-level error structure and
a three-level error. The section ends with a set of simulation results
for the random intercept/random slope model.

TWO-LEVEL ERROR SIMULATION RESULTS
(RANDOM INTERCEPT MODEL)

Equation (1) specifies the data-generating process (DGP) for the
Monte Carlo simulations. We set the true values of the constant
term to zero and the other coefficients to 1. Even though the true
constant is zero, we do estimate a constant in all models. The rest
of the specification of the DGP is as follows:

1. All three independent variables (community, individual, and indivi-
dual correlated with community) are generated from the normal
distribution with mean zero and variance 1. We set the squared
correlation coefficients between Xf, the community-level variable,
and XI.ICC, the correlated individual-level variable, to 0.5 (72 in the
notation of the previous section).
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2. We adjust the variances of the community- and individual-level
error components to generate 21 values for p (0, 0.05, 0.10, 0.15,.. .,
0.95, 1.00). Both error components are generated from independent
normal distributions.

3. We focus on sample sizes with approximately 20,000 individual-level
observations with 800 communities each containing between 1 and 50
individual observations, with a mean of 25 persons per community.
Angeles and Mroz (2001) also present results for 400 communities
each containing exactly 50 individual-level observations, which are
quite similar to the results presented here.

4. We choose an R*> = 0.10. This restriction has almost no substantive
impact on our comparisons of estimators.

All calculations were done using Stata. For each specification of
the data-generating process, we draw 1,000 independent samples,
each with 800 communities. Each community contains, on average,
25 individuals (standard deviation 9.5). We simulate community-
and individual-level explanatory variables, community-level dis-
turbances, and individual-level disturbances according to fixed,
specific rules. For each of these 1,000 replications of the DGP, we
estimate the model specified in equation (1) by OLS and by a maxi-
mum likelihood procedure that allows for the two-level hierarchi-
cal error structure. For the OLS estimates, we calculate estimates
of the standard errors of the point estimates by using standard,
naive OLS formulas and by using the robust (Eicker-Huber-White)
formulas that adjust for possible heteroskedasticity and clustering
within communities (i.e., p # 0). For the maximum likelihood pro-
cedure, we use Stata’s report of the square root of the diagonal ele-
ments of the inverse of the Hessian matrix as the standard error
estimator.

We assess the accuracy of alternative standard error estimators
by determining whether hypothesis tests that use the standard error
estimator yield accurate probabilities under the null hypothesis. In
particular, a standard error estimator would be considered accurate
if hypothesis tests that use this estimator reject a true null hypoth-
esis with a frequency given by the specified size of a test. If one
tests at the 5 percent level, for example, then one should reject cor-
rect null hypotheses 5 percent of the time. Otherwise, the standard
error estimator does not allow one to carry out meaningful tests.
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A standard, simple hypothesis test is often of the following form:
Hy : =By versus Hy : B# By. One typically undertakes a hypoth-
esis test of this form by using a two-tailed test under the assumption
that the estimator of 8 follows an approximate Student ¢ or normal
distribution. To carry out such a test, one sets a size of the test, «, to
be the desired probability of rejecting the null hypothesis when the
null hypothesis is actually true. Our evaluation of the accuracy of the
estimator for the standard error of the estimate is an assessment of
how closely the observed frequency of rejecting a true null hypoth-
esis in the Monte Carlo experiments matches the specified size «.

In the Monte Carlo experiments, we know exactly the true para-
meter value (all Bs equal to 1), so we can examine how frequently a
true null hypothesis is rejected when we use various standard error
estimators for the different point estimation procedures. We examine
the size of the tests for three configurations of the test. If p = 0, all
testing configurations should provide close to identical results.

Two configurations use the ordinary least squares point estima-
tors for the parameter estimates. The first of these uses the standard
error of the estimate as reported by the simple ordinary least squares
procedure to evaluate the hypothesis test. This procedure corresponds
to using a standard OLS procedure and using the “default” estima-
tors of the standard errors that assume uncorrelated, homoskedastic
disturbances, as defined in equation (2). This will usually provide
biased tests when the intraclass correlation is nonzero for the DGPs
examined here.

The second testing configuration uses a robust standard error
estimator that accounts for the fact that there could be arbitrary correla-
tions of disturbances within communities along with the simple OLS
parameter point estimator (Eicker-Huber-White). It approximates the
standard error formula given in equation (3) for this random intercept
model with homoskedastic errors, but it will provide consistent standard
error estimates under much more general conditions. The third testing
configuration we examine uses the maximum likelihood estimator. We
use the point estimates and the standard error estimates from the maxi-
mum likelihood procedure to carry out hypothesis tests. For each of
these three testing configurations, we examine whether the standard
error estimators used with the point estimators provide tests of the
correct size.
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Figure 3: Performance of Standard Error Estimators of the Community-Level Variable

NOTE: The graphs present the probability of rejecting a true null hypothesis of the community-
level variable as a function of the intraclass correlation (p) for two sizes of the test.

Figure 3 provides evidence on the probability that each of the
testing procedures incorrectly rejects a true null hypothesis about
the impact of the community-level variable (i.e., Hyp: Bc =1 vs.
Hip: B #1). The vertical axis measures the fraction of times out of
the 1,000 replications that the hypothesis test rejects a true null
hypothesis for a particular testing procedure. The horizontal axis
measures the level of the intraclass correlation coefficient. The left
side of the graph presents tests where the desired size of the test is
5 percent (0.05), and the right side of the graph presents 10 percent
(0.10) results. The vertical scales vary within Figure 3.

When the intraclass correlation coefficient (p) equals 0.00, all
three of the testing procedures yield approximately the correct size
of 0.05. As the intraclass correlation rises, the procedure using the
ordinary least squares point estimate with the simple OLS standard
error estimate (labeled OLS, with circles) has an empirical probability
of false rejection that greatly exceeds the specified 5 percent size.
For all intraclass correlations above 0.10, the empirical size of this
testing procedure exceeds 20 percent when one specifies a probabil-
ity of false rejection of only 5 percent. With fewer communities and
the same number of total individual-level observations, the empirical
size from this approach can be much greater than 50 percent for a
specified size of 5 percent.
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From the same graph in Figure 3, tests that use the same OLS
point estimate for the coefficient on the community-level variable
but with the standard error adjusted to correct for arbitrary forms
of correlation within communities (labeled “Corrected OLS,” with
triangles) yield approximately the correct size for all values of
the intraclass correlation coefficient. Similarly, the tests based on
the maximum likelihood point estimates and the corresponding
maximum likelihood estimates of the standard errors of the esti-
mates appear to have approximately the correct size. The 10 percent
size results are very similar.

Given that there are estimators and testing procedures that have
the correct size for the forms of multilevel models that we have
examined, we can now examine the ability of these procedures to
reject null hypotheses that are incorrect (i.e., statistical power).
A graph displaying the probability of rejecting Hp: B= B, versus
Hy: B# B, for a possible set of values 8, when the true parameter
B =Py is one way of displaying the power of the test. For each null
hypothesis examined, we present the fraction of times (out of 1,000
replications) that the testing procedure rejects each specified null
hypothesis when test size is set at 0.05. Figure 4 contains graphs of
the power functions corresponding to tests involving the coefficient
of the community-level variable of the form Hy:g=p, versus
Hj : B#p,. The definition of the power function displayed here is
the probability of rejecting the null hypothesis = f,, (against the
alternative S B,)) as a function of the value of g, when the true
parameter value is 1.0.

Only two testing approaches had the correct size: OLS point esti-
mates with standard errors adjusted for possible clustering of distur-
bances within communities and maximum likelihood point estimates
and standard errors. These are displayed in Figure 4 as “Corrected
OLS” and “MLE.” When the intraclass correlation is 0.10 and the
true value of . = 1, then one would reject the (false) null hypothesis
that 8. = 0.75 (or B, = 1.25)* about 76 percent of the time with
OLS and 79 percent of the time with the maximum likelihood proce-
dure. As the intraclass correlation rises to 0.25, the power to reject
Hp: B. = 0.75 (or B. = 1.25) when the true value is 1 falls to 50 per-
cent for the OLS-based procedure and 55 percent for the maximum
likelihood procedure; when the intraclass correlation is a high 0.75, the
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Corrected OLS —— MLE

Probability of Rejection of Null Hypothesis

Hypothesized Value of Community Variable Coefficient (Null Hypothesis)

Figure 4: Power to Reject Null Hypotheses as a Function of the Intraclass Error
Correlation

NOTE: The graphs present ordinary least squares estimators with Eicker-Huber-White
standard errors and two-level maximum likelihood estimators, for the true value of the
community-level coefficient equal to 1.0, size of test equal to 0.05, and four different intraclass
correlations (p).

power for the same test is only 25 percent for the OLS-based test and
27 percent for the maximum likelihood—based test. In all cases exam-
ined here, the largest discrepancy in size between the two testing pro-
cedures is only 8 percentage points. In over half of the tests displayed
in Figure 4, the probability of rejection using the maximum likelihood
estimator is less than 1 percentage point larger than the probability of
rejection from using the OLS point estimate with a robust standard
error estimator.

Overall, for the coefficient on the community-level variable, one
would conclude that there is little difference between the perfor-
mance of tests based on the OLS point estimators with standard
error adjustments for arbitrary within-community correlation and
the tests based on the correctly specified maximum likelihood esti-
mators. This should not be surprising; the comparisons of the asymp-
totic standard deviations of these two estimators discussed above
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indicate that there would only be sizable differences if the intraclass
correlation were exceptionally high with only a few observations per
community.

A concern with Monte Carlo experiments is whether the results
can be generalized since they could be contaminated by the choice
of artificially generated data. This could limit the ability of these
experiments to provide sound guidance in real-world situations. To
partially remedy this concern, we use data from the National Longi-
tudinal Study of Adolescent Health (Add Health) to calibrate an
additional set of experiments for the two-level model. Add Health
is a nationally representative survey of adolescents in Grades 7
through 12 in the United States in 1995 who had been followed
with multiple interview waves into young adulthood. The study
used a multistage, stratified, school-based cluster sampling design
(see Harris et al. 2003).

To obtain the Monte Carlo data, we first estimate a simple model
where we relate a 16-year-old’s grade point average (GPA) to several
individual-level characteristics and to several school-level character-
istics. For the individual-level characteristics, we include a measure of
the youth’s aptitude and dummy variables for whether the youth was
living with both biological parents, whether the youth’s race was
white, and whether the youth’s father had graduated from high school
and attended at least some college. For the school-level characteristics,
we include the percentage of nonwhite students in the school and
dummy variables for whether the school was small (less than 400
students), whether the school was large (more than 1,000 students),
whether the school was a private school, and whether the school was
located in an urban area. For our sample of 16-year-olds, there are
13,647 students with complete data for this analysis (Level 1 observa-
tions) in a total of 133 Level 2 units (schools). On average, schools
contain 102 students, but this number ranges from 1 to 1,277 students
per school. The estimated coefficients from this regression were all of
the expected sign and were then used to calibrate the Monte Carlo for
51 values of p, the intraclass correlation.

To conserve space, we do not display these results. However, as
in the earlier Monte Carlo models, as soon as the intraclass correla-
tion exceeds zero, the OLS standard error estimators lead to excessive
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false rejections. The maximum likelihood estimators appear to have
an empirical size just slightly higher on average than the requested
5 percent size. The OLS point estimates in conjunction with the robust
approximations to the standard errors have an empirical size of about
7 to 10 percent as opposed to 5 percent. However, when we used 400
Level 2 observations instead of 133, with the same nine explanatory
variables, the empirical size closely matched the requested size just as
it did for the simulated data. Thus, the results are supportive of those
already presented, but they provide a note of caution. One should
recognize that the adjusted standard error estimators could be a bit too
small when there are a large number of Level 2 characteristics relative
to the number of Level 2 observations. In the next section, we return
to the use of simulated data in the examination of models with three
levels.

THREE-LEVEL ERROR SIMULATION RESULTS
(RANDOM INTERCEPT MODEL)

The analysis we reported on above indicated that one could
obtain correct inferences from ordinary least squares model esti-
mates that ignored the multilevel error structure, provided one adjusts
the standard errors to ex post account for the within-community error
correlation, but we only examined the performance of the standard
error estimators when there were two levels in the analysis. In this
section, we consider the performance of standard error estimators
when the error term has up to three levels. Extending the descrip-
tive notation used above, the three levels in this model are the indi-
vidual level, the family level, and the community level. The DGPs
we consider have the individual-level outcome being influenced
by one explanatory variable from each level. Let Xg be the

community-level explanatory variable (c=1,2,...,C), X E . be the
family-level variable (f=1,2,..., F), and X lljg be the individual-
level variable i =1, 2, ..., Nfc). We allow these explanatory vari-

ables to be correlated within communities and families, and we set

Cor[X$, X% 1= Corlx%, X[C1 = 0.5 and Cor[X{, X[(] = 0.667.
We permit there to be unobservable determinants of the individual-

level outcomes associated with each of these three levels.
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The linear regression model we examine takes the following
form:

Yiee=PBo+BiXE+ X+ By X+ e+ e +eige, (9)

where p. gives rise to the within—Level 3 error correlation (commu-
nity), A s gives rise to Level 2 error correlation (family), and €;f. is
the Level 1 error term (individual). The p,. are independent across
different communities (Level 3 observations) with variance ai, the
X f. are independent across families (Level 2 observations) with var-
iance 0%, and the €; . are independent across all individuals with var-
iance o2. If o is defined to be the sum of the three variances, we can
define p- = ai /o2 and p F= J)% /o2 as the proportions of the overall
error variance due to Level 3 (community) and Level 2 (family)
unobserved factors. These calculations assume that the covariance
among the community-, family-, and individual-level error terms is
equal to zero.

In the simulations, the community and family error components
are distributed as independent normal random variables. For each
of 21 values of p, we consider three sets of error correlations:
pc=pr=p; pc =0 with pp=p; and pc=p with pp = 0. We
set the three regression coefficients equal to 1.0, and we specify four
Level 1 units (individuals) within each of 25 Level 2 units (families)
for each of 200 Level 3 units (communities), for a total of 20,000
individual-level observations. We set the R to always equal 0.10.

Our primary concern here is how one can carry out unbiased tests
on the coefficient of the community-level variable in these three-
level models. Figures 5, 6, and 7 contain pertinent information about
the size performance of various estimators of standard errors for dif-
ferent configurations of the multilevel error correlations. The left-
hand side graphs examine various ways to estimate standard errors
for the OLS point estimators. We consider three standard error esti-
mators for these OLS estimates. The first is the naive standard errors
as reported by standard OLS procedures assuming completely uncorre-
lated disturbances (labeled “OLS”). The second is a robust standard
error estimator assuming that only observations within the second level
are correlated (labeled “OLS Family Correction”). These standard
error estimators would be appropriate, for example, if there could be
nonzero error correlation among individuals within the same family
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Figure 5: Performance of Standard Error Estimators for Three-Level Models With
Only Level 2 Error Correlation

NOTE: The graphs present the probability of rejecting a true null hypothesis as a function of
the Level 2 error correlation for size of test .05.
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Figure 6: Performance of Standard Error Estimators for Three-Level Models With
Only Level 3 Error Correlation

NOTE: The graphs present the probability of rejecting a true null hypothesis as a function of
the Level 3 error correlation for size of test .05.

(prp#0) but no correlation of disturbances across families living
within the same community (o~ = 0). The third standard error estima-
tor is similar to the second, except that it allows for possible error
correlation at up to the third level among Level 1 units (e.g., error cor-
relation among families and individuals living within the same com-
munity, labeled “OLS Community Correction”).

The right-hand side graphs are based on maximum likelihood
point and standard error estimators that naively assume a two-level



Angeles et al. / IMPACT OF COMMUNITY-LEVEL VARIABLES 97

Ordinary Least Square Estimators Two-Level Maximum
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Figure 7: Performance of Standard Error Estimators for Three-Level Models With
Equal Level 2 and Level 3 Error Correlations

error hierarchy.’ The first assumes that all Level 1 observations are
equally correlated within the Level 3 units (labeled “MLE Community
Level”). This would be the case, for example, if community-level
unobserved factors could influence an individual’s outcomes (p¢ # 0),
but there are no unobserved family-level factors influencing the
individual-level outcome (pr = 0). The second set of maximum
likelihood point and standard error estimators again assumes that
there is only error correlation among Level 1 units within the same
Level 2 unit (e.g., only disturbances for individuals within the
same family are correlated, i.e., oo = 0 and pp #0, labeled “MLE
Family Level™).

The graphs display the empirical Type I error (size) for null
hypotheses of the form Hy : 8= B versus H| : B# B, where B is
the true value of the parameter in the DGP (i.e., 1.00 for all para-
meters examined), as a function of the intraclass correlation coeffi-
cient among individuals at Level 1 within each Level 2 unit.® Each
of these tests take place at a 5 percent level, and we carry out each
test for each of the 1,000 Monte Carlo replications. As in the analy-
sis of standard error estimators in the simpler models, a point on the
graph represents the fraction of times the true null hypothesis is
rejected using that particular point and standard error estimator at
the specified level of the intraclass correlation. An accurate standard



98  SOCIOLOGICAL METHODS & RESEARCH

error estimator for a particular point estimator would exhibit a
straight, horizontal line at 0.05 for all values of the intraclass error
correlation. Note that the vertical scales vary across graphs within
these figures.”

Figure 5 considers the case where there is only error correlation
among Level 1 units within the same Level 2 unit (e.g., only error
correlation among individuals within the same family). In particu-
lar, pc = 0, while pg # 0. We see that the naive standard error esti-
mator for the OLS point estimator performs quite poorly (“OLS™).
The empirical size exceeds twice the specified size even for some
intraclass correlations below 0.50, with the empirical size rising to
about 0.30 at the highest levels of intraclass correlation. Both of the
robust standard error estimators yield tests of the correct size. It is
important to recognize that for these robust standard error estima-
tors to perform correctly, one only needs to specify the highest level
at which there could be error correlations.® Hence, the estimator
allowing there to be correlations among all individuals within the
same community (“OLS Community Correction’) provides unbiased
hypothesis tests, even though there is no community-level (Level 3)
error correlation. Its assumption of clustering up to as high as the
community level (Level 3) incorporates as a special case clustering
only within families (Level 2). For this standard error estimator to
perform well, there need not be the same form of error correlation for
all observations within the level specified as being the highest level
with correlation.

The MLE does not generalize this way. The right-hand graph
in Figure 5 indicates that the MLE that models the within Level 2
(family) correlation does provide unbiased tests; this estimation
procedure coincides with this specification of the DGP (only Level 2
correlation). The MLE assuming only the higher level, community-
level error correlations, however, appears to be increasingly biased
as the level of the intraclass correlation rises; this estimation method
does not contain Figure 5’s DGP as a special case. However, even at
the highest levels of p, the incorrectly specified maximum likelihood
estimator provides tests that reject at most about 8 percent of the time
when the requested size is 5 percent.’

Figure 6 provides the same information as Figure 5, but the DGP
used for Figure 6 has all of the error correlation taking place at
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the community (third) level. Here p- > 0, while pp = 0. After
controlling for the Level 3 correlation (e.g., community), there is
no additional correlation among Level 1 units (e.g., individuals)
within the same Level 2 unit (e.g., families). The performances of
the testing procedures in this instance are somewhat different
than those discussed for Figure 5. The naive OLS standard error
estimator continues to provide biased tests. The “robust” standard
error estimator with only family-level (Level 2) error correlation and
the maximum likelihood procedure that allows for error correlation
only at the family level (Level 2) now provide quite biased tests; this
is because these procedures do not recognize the Level 3 error corre-
lation. The two-level maximum likelihood model that allows there to
be error correlation at the community level (Level 3), not surpris-
ingly, provides unbiased tests for the impact of the community-level
covariate because it is correctly specified. Tests using the OLS point
estimates along with the robust standard error estimators allowing for
up to Level 3 error correlation also provide unbiased tests for the
impact of the community-level covariate.

Figure 7 presents the perhaps more realistic case when there are
error correlations at Level 2 (within the family) and at Level 3 (within
the community). The OLS robust standard error estimator with con-
trol for community error (Level 3) correlations and the maximum
likelihood approach that allows for error correlation at the community
level (Level 3) provide unbiased tests even though error correlation is
present at the family level also. It is surprising that this maximum
likelihood estimator performs correctly here. It performed some-
what poorly when there was only family-level (Level 2) error correla-
tion as in Figure 5, while here there is family error correlation as well as
community error correlation. For the community-level variable effect,
any approach that fails to recognize that there can be correlated errors
at the community level provides biased hypothesis tests.

THREE-LEVEL ERROR SIMULATION RESULTS
(RANDOM INTERCEPT/RANDOM SLOPE MODEL)

OLS with corrected standard errors has done extremely well
in the simulations reported thus far. As stated above, the Eicker-
Huber-White correction to the OLS standard errors can also correct



100 SOCIOLOGICAL METHODS & RESEARCH

the standard errors for general types of heteroskedasticity, and so it
is of interest to see how well it works for the extension of the ran-
dom intercept model to the widely used random intercept/random
slope model (for textbook discussions of this model, see Goldstein
1995, 2003; Bryk and Raudenbush 1992; Raudenbush and Bryk
2002). We modify equation (5) as follows:

Yifc=ﬂ0ifc+ﬁ1ichcC+/32ich§c+ﬂ3ich{]g’ (6)

where the random coefficients have the following specification:

Biife =B+ pV.5(jc + 1 jge) + /1= pP€jife (M

This is a random coefficient specification in which the intercept
and the slope terms are each functions of community-, family-, and
individual-level “errors.” If only By(the intercept) is random, then
equation (6) reduces to equation (5). In the standard textbook ran-
dom coefficient model with two levels, the slope and intercepts are
only functions of the community-level error, which would involve
dropping A and € from equation (7). Thus, our specification is more
general and allows for more complicated forms of heteroskedasticity
and correlation.

The simulations use equations (6) and (7) for the DGP and vary p
between zero and 1 in the same manner as was done for the three-
level error model with a random intercept only. Comparisons for the
five estimators discussed in the previous section are presented in
Figure 8. The left-side panel of Figure 8 displays the results for the
OLS-based estimators: OLS with naive standard errors, OLS with
robust standard errors with correction at the family level, and OLS
with robust standard errors with correction at the community level. It
is clear from the graph that correcting the standard errors at only the
outmost level leads to tests with the correct size. The performance of
the naive OLS estimator deteriorates at the most rapid rate as error
correlation increases. OLS with robust standard error estimators that
recognize only family (Level 2) correlations have quadruple the
nominal size of 5 percent when p > 0.4. As one would expect,
neither of the simple, two-level MLE estimators performs well in this
situation since neither likelihood function takes into account the het-
eroskedastic nature of the disturbance term.
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Figure 8: Performance of Standard Error Estimators for Three-Level Models When
the True Data-Generating Process Contains Random Slopes and Intercepts
Correlated at Levels 1 and 2

The main conclusion about the performance of standard error
estimators when there are three-level models for both the random
intercept and random slope models is that it is most important to
control for the error correlation at the highest possible level at
which it might exist. For the OLS estimates with robust standard
errors (Eicker-Huber-White), it does not matter whether one “over-
controls” and allows for possible error correlations at a higher level
than is actually the case (see Figure 5). For these robust standard error
estimators, as long as the highest level of actual error correlation is
nested within the level specified in the estimation, hypothesis tests
will be unbiased. For the two-level maximum likelihood estimator,
it is more important to specify exactly the level at which the error
correlation takes place. But, if one were going to use two-level
maximum likelihood estimators in the presence of three-level error
components, these results suggest that it would be better to ass-
ume that all error correlation takes place at the highest level (e.g.,
community level).

4. CONTINUOUS DEPENDENT VARIABLE APPLICATION:
THE DETERMINANTS OF CHILD’S WEIGHT

To illustrate the methods presented above, we estimate a reduced-
form model of the determinants of child weight using data from
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the Cebu Longitudinal Health and Nutrition Survey (CLHNS). This
data set provides an excellent illustration of the methods since there
are data at three levels: community, individual, and time-varying
individual. The Level 1 units are bimonthly observations on an
infant’s weight from birth to two years of age (up to a maximum
of 13 per infant). A Level 2 unit is the child (or, equivalently, its
mother or its family), and a Level 3 unit is the Barangay (com-
munity) where the family resides. There are 33 Barangays in this
study, with 3,327 infants, and a total of 34,293 bimonthly record-
ings of the children’s weights. Table 1 contains summary statistics,
and Guilkey et al. (1989) provide a detailed description of the data.
This data set is about 50 percent larger than the Monte Carlo data
set and has more observations per community (Level 3) unit. As a
result, a priori, we would expect the naive OLS standard errors to
be badly biased.

Table 2 reports six sets of estimation results for the effect of
community-, family-, and individual-level covariates on an infant’s
weight in kilograms for up to 13 points in time from birth to two
years of age:

1. OLS with naive standard errors,

2. OLS with robust (Eicker-Huber-White) standard errors with correc-
tion at the person level,

3. OLS with robust (Eicker-Huber-White) standard errors with correc-
tion at the Barangay level,

4. two-level MLE at the person level,

two-level MLE at the Barangay level, and

6. three-level GLS with Barangay and person levels, with standard errors
from the maximum likelihood procedure and robust (Eicher-Huber-
White) standard errors assuming clustering at the community level.'

e

All estimation methods provide consistent point estimates of the
parameters, but in general, only Method 3 and Method 6 with the
robust standard errors will provide correct size hypothesis tests. We
used the MLwiN program (Rasbash et al. 2000) to carry out an iter-
ated feasible GLS estimation for the three-level model since three-
level MLE cannot be easily estimated using Stata. Iterated feasible
GLS is asymptotically equivalent to MLE under the assumption of
error term normality, and the MLwiN procedure yielded nearly
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identical estimates and standard errors as the maximum likelihood
estimation procedure we developed for this study. As a check on the
possible differences between MLwiN, Stata, and our programs, we
estimated Methods 4 and 5 (MLE with only two levels) using each of
the three methods. Nearly identical results were obtained for the three
estimation procedures.

The top half of Table 2 presents results for three Barangay-level
variables: the price of formula, the price of corn, and whether or not
the Barangay is urban; the columns are labeled to refer, in order, to
the estimation procedures just outlined. Looking at the first three
columns of the table for these three variables, we see that the point
estimates of the coefficients are identical, as they should be. How-
ever, we see that the naive OLS standard errors appear to be badly
biased, and the OLS standard errors with the Eicker-Huber-White
correction at the individual level (labeled column 2) understate the
standard errors relative to those using the correction at the Barangay
(community) level—the outmost level.

The last three columns of Table 2 (marked as columns 4, 5, and 6)
present MLE results. The corrections to the standard errors we
observed in the first three columns (columns 1, 2, and 3) suggest that
there may be important correlations at both Level 2 and Level 3 for
these data. This implies that columns 4 and 5 could be incorrectly
specified, as column 4 ignores the Barangay-level error correlation
and column 5 ignores the Level 2 (child) error correlation. The bottom
of the table reports the estimated error component variances, and
we see that both the Barangay-level variance and the fixed individual-
level variance are highly significantly different from zero in the three-
level model, regardless of which standard error estimator one uses.
The fraction of error variance due to child-level unobservables, from
column 6, is 0.66, while the fraction of variance due to Barangay is
only 0.02. The analytical results presented in section 2 suggest that
such a combination of a large intraclass correlation with a small
number of observations per Level 2 unit (at most 13 observations per
child) is a case where there could be substantial efficiency gains from
using MLE instead of OLS with standard error corrections.

The last column in Table 2 (column 6) reports two sets of stan-
dard errors for the maximum likelihood, three-level estimation
model. The first set is what one obtains directly from the maximum
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likelihood procedure, and the second comes from robust (sandwich
in MLwiN) formulas that allow for heteroskedasticity and arbitrary
error correlations within each community. In general, robust stan-
dard errors should be valid even when data do not conform to the
assumptions of the maximum likelihood estimator. The fact that the
robust standard error estimates in column 6 are often quite differ-
ent from those derived directly from the maximum likelihood pro-
cedure suggests that there could be more general forms of error
correlations within clusters or that some of the errors could be hetero-
skedastic; consequently, the first set of standard errors reported in
column 6 is most likely invalid. While not reported in this table, we
used similar robust standard errors estimators for columns 4 and 5
and found large changes in the standard errors from using these more
general procedures. This suggests that the standard errors reported in
columns 4 and 5 are incorrect. We also compared bootstrap standard
errors, obtained by sampling with replacement at the Barangay level
(Level 3), for the models in columns 3, 4, 5, and 6, and we found that
they were almost always in close agreement with those from the
robust (Eicker-Huber-White) standard error formulas. Given the lack
of robustness for the standard errors reported by the maximum likeli-
hood procedures, it would seem prudent for researchers to use either
Eicker-Huber-White standard error estimators or bootstrap proce-
dures with sampling at the highest level where correlation exists for
carrying out hypothesis tests with the maximum likelihood point
estimators.

Table 2 reveals similar impacts of the various estimation procedures
on the estimates for the impact of the child’s gender and the mother’s
age at birth, education, and height on the child’s weight. Note that these
maternal variables, unlike the community-level variables, do not have
any time-series variation that is not captured by the child age variables.
Naive OLS standard errors suggest that the mother’s age is a signifi-
cant determinant of the child’s weight; its significance disappears after
controlling appropriately for the multilevel error structure. Similarly,
the naive OLS standard errors of the gender, education, and height
effects understate the corrected standard errors by factors of 2 to 4. The
three-level MLE model does appear to provide somewhat more accu-
rate estimators of these effects than the OLS model, with the largest
efficiency gains being for the Level 1 indicators of the child’s age.
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This example clearly reflects the statistical and Monte Carlo
evidence presented in the previous two sections. It demonstrates
the need to correct the OLS standard errors using the outmost
level of clustering if one wants to make correct inferences.

5. EXTENSION TO THE PROBIT MODEL WITH
AN APPLICATION TO USE OF FAMILY
PLANNING IN THE PHILIPPINES

Probit and logit models are typically used for models with dichoto-
mous dependent variables, and extensions to multilevel models have
been developed for both methods. For the two-level model, the
MLE estimator is the same as the panel data estimator. See Wooldridge
(2002) for a textbook presentation of the methods. For work invol-
ving extensions of the logit model, see Pendergast et al. (1996) for a
review of estimation methods; Guo and Zhao (2000) provide a gen-
eral review of the literature. Unlike the case of the continuous out-
come models, it is not possible to make simple, theoretical (analytic)
statements about the relative performance of estimators. Instead, in this
section, we point out some important interpretation issues that arise
when one considers multilevel models with discrete outcomes and
present an example illustrating the efficiency gains and properties of
standard error estimators from using models that control for multi-
level error structures.

Probit models are slightly more convenient for multilevel models
because they depend on an underlying normal error distribution.
Sums of normal random variables from different level units will
remain in the class of a normal distribution, and models controlling
for possible correlations across different levels can fit into a com-
mon and internally consistent statistical model. The probit exten-
sion involves modifying equation (1) as follows:

Y= PBo+ B XE + BaXIE + Bo XL+ e+ €ic, )

where all terms are defined as above except that Y7, is an unobserved
latent variable. The observed variable, Y;., is an indicator variable
that takes on the value 1 when the latent variable is positive and zero
otherwise. As in the continuous dependent variable case, we assume
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that the two-error components are independent. What makes this a
probit model instead of a logit or other binary outcome model is the
assumption that both it and €;,. follow normal distributions. We define
o= ag + Ji and p = ai / o2, where p is the fraction of the total error
variance due to the community-level component of the error term.

The difference from the continuous outcome case is that we only
observe the sign of the dependent variable Y7.; we must therefore
impose a normalization. The normalization used in all simple probit
procedures is 0> = 1 (Heckman 1981). In more complex models,
some computer packages instead impose az =1. Because of this
need to make an arbitrary normalization, only ratios of coefficients (i.e.,
relative effects) and significance levels can usually be identified.

Robinson (1982) has shown that simple probit applied to (8) will
consistently estimate the model’s coefficients. Just as in the contin-
uous case, however, the coefficient standard errors from the simple
estimation will be incorrect. Robust (Eicker-Huber-White) standard
errors will be asymptotically valid as long as one allows for error
correlation at the highest level. A Monte Carlo study (Guilkey and
Murphy 1993) obtained results that were similar to the results of
Angeles and Mroz (2001) for the continuous dependent variable
case: Probit with Ficker-Huber-White standard errors performed
quite well, while the naive probit model produced standard errors that
were badly biased. In addition, there was only a small efficiency gain
from using the more complicated MLE estimator in their experiments.
Note, however, that their Monte Carlo study was designed to examine
longitudinal data models with many individuals and a small number of
observations per individual (either 2, 5, or 10 observations); it was
not designed to examine the community-level multilevel model with
more than 10 observations per community.

Hardin (1996) confirmed the results of the Guilkey and Murphy
(1993) study but also only examined cases with up to 20 observa-
tions per community. Both studies stressed the need to increase the
number of Hermite points used in the numerical evaluation of the
likelihood function as the number of individuals per community
increased. This is necessary because one must calculate a joint pro-
bability of the outcome for everyone within the same community,
and accuracy problems arise as the number of observations within a
community gets large. Borjas and Sueyoshi (1994) provide an alternative
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two-step estimator that may be useful if the Hermite approximation
does not work well because of large sample sizes within commu-
nities. This was not a problem in our numerical example.

To discuss the MLE for this two-level probit model and to see
the effect of the normalization on estimated coefficients, we rewrite
equation (8) with an arbitrary normalization as follows:

e [] y [B]xe 4 [ 2] wie s [
On

On On On On
1/2 1 o
+ |:(1L> ﬁ_j| e+ [i:| 9)

The only restriction on oy, is that it is positive. Since the . are not
observed, the MLE integrates out with respect to the 1. using either a
simulation method or numerical quadrature (Butler and Moffitt 1982).

Some maximum likelihood procedures impose oy = 4 [o? + 0/3, and
so the overall error variance is 1. These procedures estimate as coeffi-

cients the quantities B/ / ag + szt‘ Since this is the same normalization

as a simple probit procedure (%> =1), one can directly compare the
coefficient estimates of these MLE to simple probit. Other maximum
likelihood procedures, such as Stata’s xtprobit, impose the normaliza-

tion so that o, = o, so the estimated coefficients equal B/4/c2. This

means that direct comparisons of the point estimates of simple probit
and the MLE do not make sense unless p = 0. A study by Mroz and
Zayats (2003) suggests that the failure to account for different arbitrary
normalizations across estimation procedures has led some researchers
(e.g., Rodriguez and Goldman 1995) to conclude incorrectly that simple
probit models yield biased estimators in multilevel settings. Note, how-
ever, that significance levels are not affected by the choice of normali-
zation and that it is possible to compare ratios of coefficients across
estimation procedures.

We can also extend the three-level continuous dependent variable
model to probit:

ife=PBo+ BIXE + ﬁzXJP;c +ﬂ3X,-’J€ + e +A g +eife, (10)
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where all terms are as defined above. As in the two-level model,
numerical methods can be used to integrate out with respect to u,.
and A .. Again, it is important to recognize that one needs to impose
some arbitrary normalization. A useful approach is to normalize by

\/ o2+ ai + 0/2\; this makes the coefficient estimates directly com-

parable to those estimated by simple probit. Often, however, research-
ers normalize by o, which requires one to adjust the coefficients
before comparing them to those obtained from a simple probit estima-
tion. Again, ratios of coefficients and significance levels do not depend
on the chosen normalization. Just as in the two-level model, Eicker-
Huber-White standard errors are asymptotically correct as long as one
corrects at the outmost level—community, in this example. However,
there is no Monte Carlo evidence on the finite sample performance of
these standard errors or the MLE.

Our application for the probit model uses data with three levels
from the Philippines, where the outcome of interest is whether a
woman of reproductive age uses family planning. The data are cross-
sectional with province (Level 3), municipality (Level 2), and indivi-
dual (Level 1) observations. We use province- and municipality-level
health care expenditure data from 1998 matched to individual-level
women from the 1998 Philippines National Demographic and Health
Survey (DHS). The higher level data come from a Commission on
Audit survey (see Schwartz, Guilkey, and Racelis 2001). There are
7,492 Level 1 observations residing in 484 communities contained in
75 provinces. Descriptive statistics for all variables are presented on
the right-hand side of Table 1. In the multilevel estimation models, we
impose the restriction that the total error variance is 1.00; that allows us
to compare coefficients across models without needing to renormalize
coefficients.

The original reason for gathering the expenditure data was to mea-
sure the effect of devolution of public health expenditures on health
outcomes. In discussing the results, we focus on the effects of public
health expenditures at the province and municipality levels on con-
traceptive use that are reported at the top of Table 3. A comparison
of the standard errors of the three simple probit estimators shows that
the standard errors almost triple for both variables when we correct
for possible error correlation at the municipality level and further
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increase when we correct at the province level. Province-level public
expenditures are insignificantly different from zero at any reasonable
level of significance. The point estimate of the impact of the public
municipality health expenditures is much larger, with a 2—standard
deviation increase in municipal health expenditures, implying, at the
mean probability, a 6 percentage point increase in the fraction of
women using contraception. This effect, however, is not significantly
different from zero at the 5 percent level once one recognizes that
there could be error correlations at up to the municipal (p = .10, in
column 2) or province level (p = .13, in column 3).

We now turn to the MLE results reported in the last three columns
of Table 3."" As in Table 2, the standard errors reported in columns 4
and 5 are those obtained from the maximum likelihood procedure,
while column 6 contains two sets of standard errors. The first stan-
dard errors come from the maximum likelihood procedure and are
valid when the statistical model is the true population model. The
second set uses robust standard errors allowing for clustering at up
to the province level. We also calculated bootstrap standard errors
for all three of these maximum likelihood models (but not included
in Table 3 for columns 4 and 5), where we sampled with replace-
ment at the province level. For all coefficients but one, the Eicker-
Huber-White standard errors were within 10 percent of the bootstrap
standard errors. In addition, for each of these three maximum likeli-
hood models, there was considerable evidence that the standard
errors as reported by the maximum likelihood procedure differed
appreciably from those obtained by using the two robust approaches.
The standard errors reported for columns 4 and 5 are thus likely to be
incorrect.

When one only estimates two-level models, the intraclass correla-
tions are .45 and .21 for municipality and province Level 2 compo-
nents. When the three-level model is estimated, the municipality-level
p is .40, while the province-level p falls to .06. Using the standard
errors obtained from the maximum likelihood procedure, the p values
for the two ps in the three-level model are .00 and .05, respectively.
The province-level error correlation, however, is only significant at
about the 25 percent level if one uses the robust standard error. A chi-
square test for twice the increase of the likelihood function when
moving from column 4 to column 6, however, is significant at below
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the 2 percent level, so we focus on the model controlling for both
Level 2 and Level 3 error correlation.

For the individual-level coefficients reported in columns 3 and 6
of the lower panel of Table 3, the changes in point estimates and
standard errors follow the same patterns as seen in Table 2 for the
continuous outcome. The point estimates change by relatively small
amounts from using multilevel models, and one can obtain some-
what more efficient estimators by using multilevel models instead
of simple models.

A much different situation arises for the higher level explanatory
variables. The estimated impact of municipal health expenditures,
for example, falls by over 70 percent from the probit estimate
(in columns 1, 2, and 3) to the multilevel estimates with controls for
province- and municipal-level correlations. With the multilevel model
that has error correlation controls only at the province level, the esti-
mated effect actually becomes negative. Such changes should not be
statistically significant if the underlying model is correct.

Even though neither estimate of the impact of municipal-level
expenditures in columns 3 and 6 is individually significantly differ-
ent from zero, the point estimate does change significantly between
the two columns. To see this, note that maximum likelihood estima-
tion of the three-level model is an efficient estimator when the
model is correctly specified. The simple probit estimator should
also be consistent in this situation, so one can carry out a Hausman
(1978) specification test. The change in the point estimates is 0.1905
between columns 3 and 6. The estimate of the standard error of this
difference, calculated from the differences in the estimated variances,
is 0.083. With a ¢ statistic of over 2.3, this change indicates a poten-
tial model specification problem. This significant change might be
due to the fact that government health expenditures are not allocated
independent of perceived need, resulting in the endogeneity of the
health expenditures. Schwartz et al. (2001) tested the endogeneity of
health expenditures using both the 1993 and 1998 data, and they
found strong evidence that health expenditures at the municipality
level are endogenous determinants of contraceptive use. When impor-
tant point estimates of effects do change significantly when one uses
a more detailed multilevel model instead of a simple model, it is
an indication that the researcher should consider spending time
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examining the underlying assumptions of the model instead of
trying to obtain more “precise” estimates from more refined multilevel
models.

6. CONCLUSION

This article presents both analytical and simulation evidence on
the finite sample performance of the OLS estimator in multilevel
models with up to three levels of data in comparison to the MLE.
We focus on the correct measurement of the impacts of community-
level variables. These variables are often the variables of primary
policy interest, but the performance of alternative estimators for the
impacts of these important variables appears to have been neglected
in the literature. In fact, we could find no other work that focused
on the finite sample performance of the estimators of the impacts of
Level 2 variables in two-level models; previous studies focused on
the correct measurement of the impact of Level 1 variables, which
is where one finds the largest efficiency gains from using multilevel
models (Angeles and Mroz 2001). In addition, some of our most
interesting results deal with three-level models whose finite sample
performances have not been studied previously, to our knowledge.

Even though the OLS point estimators appear to perform quite
well relative to the maximum likelihood estimators in most applied
situations, the standard error estimators provided by standard OLS
formulas are incorrect in the presence of multilevel-error correlations.
For two-level models, we find that the robust asymptotic approximations
to the standard errors of the OLS model due to Eicker, Huber, and White
provide approximately unbiased tests for all parameter estimators when
one uses formulas that allow error correlations at the higher level. The
two-level maximum likelihood standard error estimators perform flaw-
lessly for these two-level models with homoskedastic errors.

We also examined random intercept and random intercept/
random slope versions of three-level models. In both cases, OLS
point estimates with robust standard error estimators allowing for
error correlations within the highest level continue to perform quite
well, even with the complex forms of heteroskedasticity that result
from random slopes. The maximum likelihood estimators that assume
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only two error levels and fixed slopes, on the other hand, often perform
poorly. This failure of the maximum likelihood estimators is due to the
fact that they are incorrectly specified for the three-level models we
examine. It is important to note that one will usually obtain biased tests
with these “maximum likelihood” estimators even when they control
for correlations at the highest level. This could be an important factor
to consider when using maximum likelihood estimators if there could
be a missing “middle” level in a researcher’s empirical model. Ordin-
ary least squares estimators with the robust, Eicker-Huber-White stan-
dard error estimators do not have this limitation. Note, however, that
robust standard error estimators could be used with these incorrectly
specified maximum likelihood estimators to resolve these problems,
but we have not examined experimentally such procedures in extensive
detail.

If one is primarily interested in estimating the average impacts
of community-level variables (Level 2) on individual-level (Level 1)
outcomes, then the results of this study provide some important guide-
lines. First, unless both the intraclass correlations and the correlations
of the regressors across levels are large, there are typically small effi-
ciency gains for the estimators of the impacts of community-level fac-
tors on the individual-level behaviors from using maximum likelihood
procedures instead of simple ordinary least squares estimation. In fact,
for estimators of the impacts of the higher level variables, our analytic
results reveal that with a random assignment of covariates at the higher
level (e.g., an experimental assignment), there would be no efficiency
gain by using maximum likelihood estimators instead of OLS estimators.
Second, it is crucial to adjust the estimated standard errors of the ordin-
ary least squares estimators to reflect the fact that there can be corre-
lated error terms at higher levels; the robust standard error estimators
appear to provide adequate adjustments. Third, even if there are com-
plex multilevel error correlations in the data and heteroskedasticity
caused by random slopes, the robust standard error adjustments always
provide unbiased tests, as long as one allows for error correlation at
the highest level. Simple two-level maximum likelihood models do
not provide unbiased tests when lower level error correlations or
heteroskedasticity are present.

In addition to the theoretical results, we also present empirical
illustrations of the methods for the continuous dependent variable
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case and present extensions of the probit model to three-level error
structures along with an empirical example. The empirical exam-
ples dovetail nicely with the theoretical results; they demonstrate
how the standard error estimates and hypothesis tests change when
one allows for error correlations at higher levels. Our final example
highlights what might be a most important concern: All estimation
approaches could yield potentially misleading results if the model
is not correctly specified. Given that it is straightforward to obtain
robust standard error estimators for simple estimation approaches and
that there appear to be only slight efficiency gains for the estimators
of the effects of higher level covariates, a researcher’s time might be
spent better by evaluating key maintained assumptions in a model
rather than by trying to incorporate multilevel error structures into the
estimation of point estimates.

NOTES

1. We evaluate the analytic formulas for the variances of the two estimators of each
regression coefficient, calculate their ratio, and take the square root. This provides a ratio of
the standard deviations of the estimators. A value of 1.10, for example, would mean that the
ordinary least squares (OLS) estimator would have a standard error of estimate 10 percent
higher than the maximum likelihood estimator of the coefficient for the same data-generating
process (DGP); heuristically, ¢ statistics would tend to be about 10 percent smaller for the
OLS estimator than they would be for the maximum likelihood estimator.

2. We used this range of individuals to represent roughly the distribution of the number
of adult women per community in the Demographic and Health Survey (DHS). For each
community in each replication of each data-generating process, we selected the number of
individuals per community by drawing from a truncated normal distribution with mean 25.5
and standard deviation 10, with the truncation points set at 1 and 50. We then took the integer
portion of this truncated normal random variable as the choice of the number of individual-
level observations per community. This yields a mean number of individuals per community of
25 and a standard deviation of 9.5. Using this procedure, 91 percent of the time, the number of
individuals per community lies in the range [9,41].

3. This definition differs from the usual definition of a power function. For the more stan-
dard definition of the power function, one tests an identical hypothesis (e.g., Hy : ¢ =2 vs.
H, : a#?2) and graphs the probability of rejection as a function of a varying true value of the
parameter. Here, we graph the probability of rejecting a varying null hypothesis, when the
true parameter value is 1.0, as a function of hypothesized values specified in the null and
alternative hypotheses.

4. The alternative hypothesis for all power and size tests discussed in this study is the
complement of the null hypothesis under examination.

5. What we attempt to evaluate here are simple-to-use estimators that are available in
many multipurpose statistical packages. Consequently, we do not examine correctly specified
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maximum likelihood estimators that recognize the possible three-level error structure. Such
models should provide accurate estimates and unbiased hypothesis tests for the DGPs we
examine.

6. If individuals are members of families located within communities, then the intraclass
correlation we consider is the correlation of the disturbances among individuals within the
same family.

7. Figures 5, 6, and 7 only examine tests at size .05. We obtained quite similar results for
size .10.

8. There could be a cost of specifying the “clustering” level higher than is necessary.
It is important for there to be enough independent higher level observations for this estimator
to work well. In fact, the estimator will not provide a positive definite covariance matrix
unless there are at least as many independent higher level units as parameters being esti-
mated. Typically, one would like to have many more than this number of observations to
obtain accurate estimators of the standard errors of the parameter estimates. If there is no
community-level error correlation but one specifies that there could be error correlation
within communities, this approach will yield valid standard error estimators as long as the
number of communities is large.

9. We obtained approximately the same probabilities of false rejections for all approaches
and for all data-generating processes when we examined R? values of 0.90 instead of the 0.10
examined in these figures.

10. These robust standard errors were calculated by using the sandwich standard error
estimators in MIwiN. We also calculated bootstrap standard errors by drawing 250 samples at
the Barangay level (the highest level at which we allow there to be error correlation) with
replacement from the original data. We used the empirical standard deviations of the boot-
strap point estimates as standard error estimates, and they were always within 10 percent of
the robust standard errors for this example.

11. We estimated these maximum likelihood models using our own set of programs.
Instead of using a Taylor expansion to approximate the likelihood function, we used 51
Gauss-Hermite points of support for each of the Level 2 and Level 3 errors and integrated
over these points of support.
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