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Introduction

The purpose of this essay is to help researchers investigating the impacts of health, family

planning, and nutrition programs understand the importance and relevance of using multilevel

analysis in their empirical evaluations of the programs’ impacts. The discussion first defines what

it means to have a multilevel model, and it then turns to an examination of the statistical

properties of estimators when one has a hierarchical structure. Throughout the essay we illustrate

the basic points through the use of Monte Carlo experiments, where we simulate data and

outcomes according to known and exact rules.  After simulating data, we use a variety of

estimation approaches to estimate the underlying relationships in the simulated data. Since we

know the “true” way the “world” operates in these experimental settings, these Monte Carlo

experiments allow us to evaluate how well particular statistical procedures can uncover the “true”

form of the statistical relationship.  Based on these Monte Carlo experiments and some direct

comparisons of the statistical properties of the various estimators that we consider, we present a

set of recommended approaches for using multilevel data to assess the overall effectiveness of

programs.

We focus our analysis on simple multilevel models where the effects of observed

covariates are fixed and do not vary across units of the hierarchical structure.  The residual term

in a linear regression model possibly has a simple hierarchical structure. Our primary concern is

how well various estimators measure the impacts of observed covariates on outcomes of interest.

We focus on unbiasedness of the point estimators, precision of the estimators, and the ability of

the point and standard error estimators to provide unbiased hypothesis tests.  For our evaluations
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we focus on only simple linear regression models with continuous outcomes estimated by ordinary

least squares (OLS) and on simple, two-level maximum likelihood estimation models.

Given this scope, the essay reaches three main conclusions.  First, if the data do have a

multilevel error structure and one fails to account for this in the estimation of standard errors of

estimates, one can dramatically overstate the significance of the estimated statistical relationships. 

In particular, a researcher who fails to use procedures that adjust estimated standard errors for the

multilevel error structure would “uncover” statistically significant relationships when they do not

exist. To obtain correct statistical inferences, one need not use complete multilevel modeling

approaches. Instead, statistical procedures that ex post account for the clustering in the data when

calculating standard errors will provide correct standard errors. Second, there typically is little

efficiency loss in the estimation of the impact of a community-level variable on individual-level

outcomes if one ignores the multilevel error structure and uses Ordinary Least Squares 

procedures to estimate the impacts of covariates on the outcome of interest.  There can, however,

be sizable increases in efficiency for estimators of the impacts of the individual-level variables, but

these effects are typically of less interest in program evaluation studies. The third conclusion is

more tentative than the first two.  It deals with problems that one can encounter with multilevel

models when one incorrectly assumes a simple linear relationship when the true relationship is

nonlinear. In particular, if one imposes incorrectly a simple linear specification for the observed

regressors when there really is a more complex function describing mean effects, then it is possible

to incorrectly “uncover” a multilevel error structure when one does not exist. Taken as a whole

these conclusions suggest that a fruitful estimation approach in practice would be to rely on

simple estimation procedures like ordinary least squares, adjust the estimated standard errors to
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account for the possible multilevel error structures, and examine whether nonlinear relationships

might better describe the data than simple linear effects.  After a thorough examination of the

empirical relationship with simple models and adjusted standard errors, one could then use more

detailed multilevel models to obtain more precise estimators.

Heuristic Description of Multilevel Models

Multilevel models are used when the outcome of interest, and its observed and unobserved

determinants, have an hierarchical structure.  By an hierarchical structure, we mean that there are

important factors influencing decisions and outcomes that arise from a variety of levels of

aggregation or observation. For example, whether individuals use contraception might depend on

whether there are easily accessible clinics in the community where they live where they can

receive family planning counseling and contraceptives.  The presence of such clinics, of course,

could influence the contraceptive choice of many individuals living in the same community.  Each

clinic is available to more than one individual, and this gives rise to the multilevel structure of

observed determinants of contraceptive use. 

Typically the outcome of interest takes place at an individual level, and this usually is

referred to as the lower- or micro-level outcome.  In analyses with more than two levels, this is

called the level-one outcome. These lower level, individual outcomes are usually influenced in part

by individual, micro-level characteristics. In the family planning literature, for example, a woman’s

age and education and measures of her wealth have all been shown to have important effects on

an individual’s use of contraceptives (Gertler and Molyneaux, 1994; Guilkey and Cochrane, 1995;

Guilkey and Jayne, 1997).  Measures of whether there is a family planning clinic providing
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information about contraceptives in a woman’s village is a higher-level, or macro-level,

determinant of an individual’s contraceptive use. Presumably, the  characteristics of the clinic have

somewhat similar effects on all individuals residing within the same community.  These varying

levels of outcomes and determinants, i.e., at the individual, family, community or regional level, 

give rise to the hierarchies analyzed with multilevel models.  Kreft and de Leeuw (1998) provide

an excellent introductions to multilevel models, and Goldstein (1995) and Byrk and Raudenbush

(1992) present more advanced treatments of these modeling approaches.

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.  Researchers have

found that food prices, for example, can influence whether a couple practices contraception

(Stewart et al., 1991; Rous, 2001). High prices might indicate food shortages, or that it would be

expensive to raise children, and couples might tend to be more likely to attempt to limit fertility

when food prices are high than when food prices are low. Food prices, like many other

contraceptive determinants, vary across communities but individuals within a single community all

face the same level of food prices. Food prices and other variables specific to a higher, more

aggregate level are  higher-level determinants of individual-level contraceptive use.  There can

also be unobserved or unmeasured factors at the higher level that influence the lower-level

outcomes. Such unmeasured factors give rise to multilevel error structures; these are discussed

extensively in the following sections.

 Family planning clinics are located within communities, and the availability of these

sources for contraceptives and of contraceptive knowledge can affect whether individuals  adopt

family planning (Tsui, 1985; Tsui and Ochoa, 1992; Bollen, Guilkey and Mroz, 1995; Thomas and
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Maluccio, 1995;  Guilkey and Jayne, 1997;  Angeles et al., 2001).  Often such higher level

determinants of contraceptive use are observed, and researchers usually include these measures 

as explanatory variables in their empirical analyses when they are available.  At a basic level, there

is nothing special about these higher level determinants that distinguishes them from individual

characteristics like age and education. One can readily incorporate observed community-level

characteristics along with observed individual-level characteristics as determinants of individual-

level behaviors. The fact that these higher level characteristics do not differ within groups of

individuals is, for the most part, irrelevant in the interpretation of impacts of observed covariates

on individual-level outcomes.  

What is important to recognize about the impacts of  higher level factors on lower level

behaviors is the fact that all individuals who face an identical higher level factors experience

similar impacts from these higher level factors. All individuals in the same community, for

example, would have the same clinic available to them; anything idiosyncratic about that particular

clinic will have roughly the same impact on everyone within the community.  Similarly, if there are

unobserved or unmeasured community factors that influence the behaviors of individuals within

each community, then there will be correlations of individual-level outcomes within each

community after controlling for the observed  individual-level and community-level covariates.   

Statistical Consequences of Multilevel Models

It is the presence of unobserved or unmeasured higher level characteristics that makes it

important for a researcher to adjust her analysis to accommodate and recognize  the multilevel

structure.  Since one cannot control for these unmeasured community characteristics, their
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impacts on an outcome of interest are represented through their becoming a part of the “error

term” in a statistical model.  Consider, for example, an individual-level regression analysis using

data on individuals within each of many communities. In this instance any unobserved or

unmeasured community-level factors that have an impact on the outcome of interest would have

an impact on the outcomes for all individuals within the community. This means that the error

terms for individuals within each community could be correlated.  Any unobserved community

characteristic that influences one community member to have a high value for the outcome of

interest would likely result in other members of the same community having similarly high values

of the outcome of interest.   

Such error correlations among individuals within communities imply that the standard

statistical assumption that different observations have independent residuals will be violated.  This

correlation of the individual-level residuals within a community gives rise to several important

statistical considerations.  First, some of the desirable statistical properties of estimators rely upon

assumptions of independent residuals; such an assumption is clearly incorrect when there are

unobserved community-level factors influencing behaviors of individuals within communities.  For

example, the Gauss-Markov Theorem states that the ordinary least squares (OLS) estimator is the

best linear estimator within the class of unbiased estimators. This optimality implication depends

crucially upon the residuals being uncorrelated across all observations.  In the presence of

unobserved community-level effects, one can usually define a better unbiased, linear estimator

than ordinary least squares, where in this context a better estimator means one that provides more

accurate parameter estimates. Either a generalized least squares (GLS) estimator or a maximum
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1A companion paper to this study explores the supposed bias in discrete outcome models
in the presence of multilevel error structures that have been reported in several published papers
(Mroz, 2001).  In most instances, the supposed biases are a result of the authors of these papers
failing to recognize that coefficients in discrete outcome models have substantively different
interpretations than regression models with continuous outcomes.

likelihood, multilevel error components estimator would typically provide more accurate estimates

than OLS  in these types of situations.   

It is important to recognize, however, that some key properties of commonly used

estimators do not depend on error terms being independent across observations.  Most

importantly, whether or not the OLS estimator is unbiased or consistent does not depend upon

residuals being uncorrelated.  Nor do the unbiasedness and consistency of the OLS estimator

require that residuals for all observations have the same variance. All that the OLS estimator

requires for it to be an unbiased estimator (i.e. correct on average) is that the explanatory

variables at both the micro and the macro levels be uncorrelated with the residuals. The error

terms as well as the explanatory variables then can have both micro-level and macro-level

components, and the estimator will still be unbiased. This is not a restrictive assumption for the

class of estimation problems we consider. In fact, every one-equation estimator for a multilevel

model requires at least this basic assumption that the explanatory variables are uncorrelated with

the residuals in order for the estimator to be unbiased or consistent.  The presence of multilevel or

hierarchical unobserved factors does not lead to biased estimators of the effects of individual- or

community-level factors on the individual-level outcomes.1   

While the presence of correlated residuals does not result in a bias of the point estimates

from these OLS estimators, estimators of standard errors, confidence intervals, and statistical

significance will be biased and incorrect unless one explicitly recognizes the correlated residuals
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2To simplify this discussion, we implicitly assume that if one uses more than one
observation per community, then one uses exactly the same number of observations from all
communities. I.e., the data set is always rectangular.

when constructing these measures.  Consider, for example, a sample of 1,000 communities where

the data set contains two individuals within each community.  This yields a total individual-level

sample size of 2,000 observations.  We assume that observations are independent across the 1,000

communities.  The typically used standard error estimators, such as those reported by OLS

regression procedures, assume that there are 2,000 individual-level observations with uncorrelated

error terms.

Now consider an extreme case where the two residuals for the two individual-level

observations within each community are identical and where there are only community-level

explanatory variables.  In this specification no new information is provided by the second

observation within the community as the second observation is identical to the first. One would

obtain exactly the same parameter estimates if one uses only a randomly selected  “first”

observation in the community or if one uses only the “second” observation in the community or if

one pools all 2,000 individual-level observations together.  All that matters in this hypothetical

example is that one has at least one observation from each community2.  

Since using any 1,000 independent observations (i.e., any one observation from each of

the 1,000 communities) would yield exactly the same (i.e., identical) estimates as using all 2,000

observations, it cannot be the case that using the larger data set provides more accurate

information.  In this example, because of the perfect correlation of error terms and regressors

within communities (and, hence, of outcomes), all of the relevant information is carried by 1,000

observations.  Having an additional individual per community does not provide any new



MEASURE Evaluation                                                                                                                9

information. Parameter estimates cannot become more precise if one uses more than one

individual per community instead of only one person per community, as the extra observations in

this hypothetical example provide absolutely no new information.  Yet the usual OLS formulae for

calculating standard errors of the estimators were derived under the assumption that each

additional observation provides new, independent information about the relationship between the

outcome and the regressors. 

In this example it is straightforward to work out the consequences of the error terms being

perfectly correlated for observations within the same community. To simplify the discussion,

suppose that there is only one explanatory variable. Recall that in this example the explanatory

variable is constant for all observations within the community. Using only the first observation in

each of the 1,000 communities, the true standard error of the least squares estimator under

standard assumptions would be:

 se b Var b

x xj
j

( ) ( )
( )

1 1

2

2

1

1000= =
−

=
∑

σ

where    is the mean of the explanatory variable across the 1,000 communities. This estimationx

procedure, based on the 1,000 observations, incorporates all of the information contained in the

2,000 observations; the additional 1,000 observations merely replicate the first 1,000

observations. If one uses all 2,000 observations the OLS point estimate would not change at all.
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The naive, simple OLS estimator of the standard error of this estimator with 2 observations per

community would be: 

se b Var b
x x x x

se bnaive OLS naive OLS

j
ij

j
j

, ,( ) ( )
( ) ( )

( ) .2 2

2

2

1

2

1

1000

2

2

1

1000 1

2

1

2
= =

−
=

−
=

== =
∑∑ ∑

σ σ

The true standard error of this estimator, however, must be exactly the same as the standard error

for the estimator that uses only one observation per community, i.e., setrue(b2) / se(b1).  The

simple OLS formula for the standard error, based on the presumption that all observations are

independent, provides standard errors that are smaller than the true standard errors by a factor of

.    T-statistics calculated using the incorrect, simple OLS standard error will be 1.41
1

2

1

141
≈

.

times larger than the true value of t-statistic (as calculated with the true standard error).  By using

this incorrect standard error estimator, in this instance, all calculated t-statistics will be measured

as 41% higher than they should be. One will too frequently reject true null hypothesis, and all

confidence intervals will be too short by a factor or 41%.

The use of the typical OLS standard error formulae is clearly incorrect in this example.

There is absolutely no new information being used in the estimation with the 2,000 individuals

that was not contained in the sample of 1,000 observations with one observation per community.

This example is, of course, extreme. But it does make an important point. If there is a significant

level of correlation of residuals within each community, then additional observations for each

community do not provide as much “new” information to the estimation procedure as the first
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observation in the community provided.  Naive, simple standard error estimators impose the

incorrect assumption that each additional observation within a community provides just as much

new information as the first observation in the community provided.  The above example clearly

demonstrates the potential for simple estimation procedures to yield incorrect standard errors and

consequently incorrect inferences when one relies on standard error estimators that require

independent observations.

 When the error correlations are less than one, or if there are explanatory variables that

vary among the lower level units within the higher level units, then the additional observations on

level-one units can provide some new information that is not included in the first level-one

observation for each higher level unit. In the general case, there will be somewhat less new

information from each additional level-one observation within each higher level unit, so the naive

standard error estimators will yield incorrect standard errors of the estimates.  But these

additional observations do provide some new information, so one might be able to obtain more

efficient estimators by using all of the observations that are available when estimating regression

functions. However, regardless of whether one uses point estimators that make efficient use of all

of the information in a sample, it will be necessary to use procedures that recognize and control

for the dependence of error terms within each higher level unit when calculating standard errors of

the estimates and test statistics.

A Simple Statistical Framework

While the preceding heuristic discussion lays out some of the most important

shortcomings of naive analyses with multilevel data, it is important to have a precise statistical
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formulation for addressing many of the issues one encounters in analyses of multilevel data.  In

this section we introduce some of the notation that we will use throughout our evaluation of

approaches to use when one has access to multilevel data.   Throughout this discussion we will

use uppercase Roman letters to represent observable random variables and  lowercase Roman

letters to represent actual realizations of these random variables.  Random variables labeled Y will

stand for outcomes, and X will stand for observed explanatory variables. For most of this analysis

it is not important whether the explanatory variables are fixed or random.

The main focus of this examination of multilevel models is on two-level models, where we

call arbitrarily the higher level (level two) a community and the lower level (level one) an

individual within the community.  We will use subscripts c to indicate community and the

subscript i to refer to an individual within a community.  Following this notation, Y would be a

random variable indicating an outcome, and  y(i,c)  would be the observed outcome for the ith

individual  in the cth community.  We will assume that there are J communities (i.e., c=1,2,...,J)

and that there are  Nc  individuals in community c (i.e., i=1,2,...,Nc within each community c). 

There are a total of  observations.    For part of the discussion and analysis we willN N c
c

J
* =

=
∑

1

assume that there is an identical number of individual observations within each community.  In this

case, we will assume that Nc = N for all communities, and there will be a total of N@J  individual-

level outcomes that are observed in the data .  ( * )N N
cc

J
N

c

J
N J=

=
∑ =

=
∑ = ⋅

1 1
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We differentiate between two broad categories of observed explanatory variables:

community-level explanatory variables and individual-level explanatory variables. Community-

level explanatory variables take on the same value for all individuals within each community c,

while individual-level explanatory variables usually will differ among individuals within a

community. An example of a community-level variable might be the presence of a health clinic

within a community or the level of per capita expenditures on family planning programs within a

community.  These measures would not vary across individuals within each community while they

would vary across communities. We use the symbol   to denote the value of theX cc ( )

community-level variable in community c.

We consider two different types of individual-level explanatory variables. The first type

contains variables that are correlated across individuals within communities.  Often these are

correlated with the observed community-level variable. We use the symbol   to denoteX i cIC ( , )

those individual-level variables that are correlated at the community level.  An example of an

individual-level explanatory variable that could be correlated among individuals within a

community might be an individual’s level of education.   To see a source of the within community

correlation, consider a study of the impact of community health clinics and mother’s education on

a child’s health in a developing country. The quality of schools would most likely differ across

communities, and one might expect that those individuals who live in areas with better schools

would have stayed in school longer than those individuals who lived in areas with poor schools. If

it were the case that communities with health clinics also tended to have better (worse) schools,

then those with higher levels of schooling would tend to be concentrated in communities with
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(without) health clinics. This gives rise to a correlation between the level-two covariate, the

presence of a health clinic, and the level-one covariate, the individual’s education attainment. 

Even if the health clinics and good schools were not related, there would still be community-level

correlation of mothers’ educational attainments as long as there were differences across

communities in individuals’ access to good education programs and individuals made schooling

decisions that take school quality into account. 

The second type of individual-level variable encompasses those variables that are 

independent across individuals within a each community and uncorrelated with any of the

community-level measures.  We denote these by .   Independent individual-levelX i cI ( , )

variables do not have any community-specific component.  As an example of such independent

variables, consider a case where the age distribution within each community is the same for all

communities.  In this instance the age of randomly selected individuals within each community

would be such an independent individual-level variable. But if some communities tend

systematically to have older individuals while others tend to have younger individuals, then the

age of independently selected individuals would not be an independent individual-level variable; in

this instance it would be an individual-level variable that is correlated among individuals within a

community.  

The unobserved or unmeasured determinants of an outcome of interest may also have

community-level and individual-level components.  Without additional information, it is not

possible to identify  the impacts of unobserved individual-level determinants that are correlated

among individuals within a community separately from the impacts of “independent,” community-

level unobservable variables and  individual-level unobserved variables. As a consequence of this,
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3Note that        . R
Var

Var Var X X X
Var X X X

Var Var X X X
T

T C IC I

C IC I

T C IC I

2 1= − =+ + +
+ +

+ + +
( )

( ) ( )
( )

( ) ( )
Ε

Ε Ε

we only consider two independent sources of unobserved or unmeasured variables. The first is a

community-level unobserved factor that is independent across communities. We denote this type

of factor by the random variable ; the realization of this random factor for community j isΕ C c( )

.   The second type of unobserved factor is an individual-level random variable that isεC c( )

independent across individuals within a community. We denote these independent individual-level

unobserved, random variables by , and the realizations of these random variables byΕ I i c( , )

. Note that all of the observed variables in this study are assumed to be independent ofε I i c( , )

all of the unobserved/unmeasured variables.

Using the notation defined above, we specify the general form of the data generating

process (DGP) for our Monte Carlo experiments.  In almost all instances, we examine models of

the form:

Y i c X c X i c X i c i cC IC I T( , ) ( ) ( , ) ( , ) ( , )= ⋅ + ⋅ + ⋅ +1 1 1 Ε

where the composite error term .  Each of the observedΕ Ε ΕT C Ii c c i c( , ) ( ) ( , )= +

explanatory variables is distributed as a normal random with mean zero and variance one, and the

squared correlation of  is set to 0.50.  While the intercept in this DGP is 0,X c and X i cc IC( ) ( , )

in all of the Monte Carlo experiments we do estimate an intercept. In our experiments we vary the

R2 across DGPs; we do this by choosing a variance for the composite error term  to yield theΕ T

desired multiple correlation coefficient.3 
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A key component of this analysis examines how the performance of several estimators of

the impacts of XC, XIC, and XI vary as the influence of the community-level unobservables in the

composite error increases.  We vary the importance of the unobserved community-level

characteristics by setting the fraction of the error variance due to the community-level unobserved

determinants. In the multilevel modeling literature, this fraction is known as the intraclass

correlation coefficient, and it is defined by

ρ =
+

Var

Var Var
C

C I

( )

( ) ( )
.

Ε
Ε Ε

In the specifications of our data generating processes we assume that the components of the

composite error term are distributed as mean zero, independent normal random variables, and we

set the variances of      to yield specified values of D. Ε ΕC Iand

Two special values of D are of particular interest.  The first is when D equals 0.  We obtain

this by setting    to 0 for all communities c (c=1,...,J).   In this instance,  the only sourceΕ C c( )

of error in the regression specification is from the independent, normally distributed, individual-

level error terms.  In this case OLS is the best linear unbiased estimator, and the simple standard

errors of the estimators as reported by standard computer packages are correct.  The second

special value of D is 1.0, and we obtain this specification by setting the variance of    toΕ I i c( , )

0 for all individuals in all communities. In this instance, the error term is due entirely to

community-level unobserved factors.  

In nearly all experiments we estimate regression models of the form:  
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4We do this, for example, by using the Stata command “regress y Xc Xic Xi” , where y is
the outcome, Xc is the community level variable, Xic is the individual level variable correlated
among individuals within the same community, and Xi is the independent individual level variable.

5We usually do this by using the Stata command “regress y Xc Xic Xi , cluster(c_id)” ,
where there three explanatory variables are as listed above and c_id is a variable that uniquely
identifies each community. Note that these standard error estimators are consistent for arbitrary
forms of heteroscedasticity. So even if the true DGP were a random parameter model, such as
those used in more detailed multilevel models, these standard error estimators should provide

y i c x c x i c x i c

c i c
C C IC IC I I

C I

( , ) ( ) ( , ) ( , )

( ) ( , )

= + + +
+ +

β β β β
ε ε

0
        (1)

using observations on Nc individuals in each of J communities.  The lower case Roman and Greek

letters refer to particular realizations of the random variables, and we estimate the parameters $0

(the intercept; true value 0), $C  (the impact of XC, holding XIC and XI constant; true value 1), $IC 

(the impact of XIC, holding XC and XI constant; true value 1), and $I  (the impact of XI, holding XC

and XIC constant; true value 1).

For the most part we consider three estimation procedures for the parameter estimates and

the associated standard errors of the estimates.  The first is a simple, naive OLS estimation model

that assumes the NJ observations are uncorrelated after controlling for the three explanatory

variables when constructing the standard errors of the estimates4. This assumption is only correct

when D equals 0, so the estimated standard errors from this procedure will be incorrect when  D is

different from 0.  The second estimation procedure uses the OLS point estimates of the

parameters, but it allows there to be arbitrary correlations among individual observations within

each community when constructing the standard errors of the estimates. We do this by using

Eicker-Huber-White standard error formulae.5   The third estimation procedure is a random
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unbiased hypothesis tests.

6We do this, for example, by using the Stata commands “xtreg y Xc Xic Xi,i(c_id)
mle”,  where the three explanatory variables are as listed above and c_id is a variable that
uniquely identifies each community. 

7We used this range of individuals to represent roughly the distribution of the number of
adult women per community in the Demographic and Health surveys. For each community in each
replication of each data generating process we selected the number of individuals per community
by taking draw 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% of the time the number of individuals per community
lies in the range [9,41]. 

effects, maximum likelihood procedure that explicitly recognizes that observations within each

community are equi-correlated with normally distributed errors6.  Given that all error terms in this

Monte Carlo analysis are normally distributed, have constant variances, and have a constant error

structure across communities, no other unbiased estimator can provide more efficient estimates

than this maximum likelihood procedure.

Monte Carlo Results

Preliminaries

For the first part of the Monte Carlo analysis we focus on sample sizes with approximately

20,000 individual-level observations.  In the main body of the text we focus on specifications with

800 communities each containing between 1 and 50  individual observations, with a mean of 25

persons per community.7  In the Appendix we present similar sets of results for 400 communities

each containing exactly 50 individual-level observations.  In a few instances a focus on the range

of 1 to 50, or on exactly 50, individuals per community provides an incomplete view of the
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impacts of the multilevel structure. In those instances we present numerical results  from analytic

formulae that indicate the impacts from varying the number of individuals per community (the

number of level-one units per level-two unit) and the relationships among the explanatory

variables.  There is a general tendency for standard errors of estimates from the maximum

likelihood estimator to be smaller than those from the OLS estimator, but this can vary by the type

of variable being examined. 

In the Monte Carlo experiments we focus on three values of the R2 in the regression

model: 0.10, 0.20, and 0.50.  Not surprisingly, increases in the  R2 yield increases in the precision

of all estimated parameters for all estimators, with corresponding decreases in standard errors.

The primary conclusions of this analysis, however, are not affected by changes in the value of the

R2.  We also examine twenty-one values for the intraclass correlation coefficient, D, for D equal to

0.00 to 1.00 by steps of 0.05. 

For each specification of the data generating process we draw 1000 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 disturbances, and individual-level disturbances according to fixed, specific rules.  For each of

these 1000 replications of the DGP, we estimate the model specified in equation (1) by OLS and

by a maximum likelihood procedure that allows for the hierarchical error structure. For the OLS

estimates we calculate estimates of the standard errors of the point estimates by using standard,

naive OLS formulae and by using the robust, Eicker-Huber-White formulae that adjust for the

clustering within communities (i.e., possibly D…0).  For the maximum likelihood procedure, we
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8There is some empirical evidence that for values of D equal to 1.00 that Stata’s standard
error estimators for the maximum likelihood models exhibit some numerical instability. See, for
example, Figures 5, 7, 8, and 9. 

use Stata’s report of the square root of the diagonal elements of the inverse of Hessian matrix as

the standard error estimator.8 

Monte Carlo Evidence on the Unbiasedness of the Point Estimators of $$C ,  $$IC , and  $$I   

We treat the estimated coefficients and standard errors from each estimation approach for

each of the 1000 independent samples as an independent draw from the distribution of the

coefficient and standard error estimators for that estimation procedure.  For example, if we look

at the OLS estimator for a particular DGP, we can calculate the mean coefficient estimate for $C

as 

  β β
∧ ∧

=

= ∑C OLS DGP C OLS DGP e
e

, , , , ,

1

1000 1

1000

where is the OLS estimate of the coefficient on the community level observedβ
∧

C OLS DGP e, , ,

variable for the eth sample (replication) from a particular data generating process. If the OLS

estimator is unbiased for this form of the DGP, then one would expect this mean coefficient

estimate to be quite close to the true value specified for this DGP.  If the mean coefficient were

quite far from its known, “true” value as specified in the DGP, then one would suspect that the

estimation procedure does not provide unbiased estimators for this form of the DGP.
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Figures 1A, 1B, and 1C  provide graphical evidence on the unbiasedness of the OLS

estimator and the maximum likelihood estimators for clustered data. Consider Figure 1A.  This

figure plots the mean estimates of the coefficient on the community-level variable,  $C , against the

value of the intraclass correlation coefficient, D.  Each of the three graphs in Figure 1A

corresponds to a different level of the true R2 in the regression model. The means of the OLS

estimates  are marked by a circle, and the means of the maximum likelihood( )
^

, ,
β

C OLS DGP

estimates  are marked by a plus sign(+).  Figures 1B and 1C follow a similar( )
^

, ,
β

C MLE DGP

format. These figures refer, respectively, to mean estimates of the coefficient on the individual-

level variable that is correlated among community members ($IC), and  mean estimates of the

coefficient on the independent individual-level variable ( $I ).  Recall that in each data generating

process that we set the true level of each of these three coefficients, $C , $IC , and $I , to 1.00.  

Figure 1A reveals that both the OLS estimator and the maximum likelihood estimator

appear  to be unbiased. Additionally, the mean estimates from these two estimation procedures

are nearly identical. Within each graph, higher levels of the intraclass correlation, D, appear to be

associated with more variable mean estimates of $C .  This variability is due to the fact that the

estimators are less precise at higher values of D (demonstrated in the next section) and to the

design of our Monte Carlo experiments. Were one to use  100,000 or a million sample

replications instead of only 1,000, this variability would be much less pronounced.  At higher

levels for the R2 there is less variability in the mean estimates. This is as expected; each individual

coefficient estimate is more precisely estimated with lower error variance. For each of the 63 data
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generating process represented in this Figure 1A (21 values of D and 3 R2 values), the mean

estimates are quite close to the true values.  Similarly, Figures 1B and 1C reveal that the mean

estimates of the impact of the correlated individual-level variable, $IC,  and of the impact of the

independent individual-level variable, $I, are quite close to their true values of 1 for all values of 

D and the  R2.  From these three figures one should conclude, in accordance to the predictions of

least squares and statistical theory, that the OLS estimator and the maximum likelihood estimator

are unbiased estimators of the effects of the community-level variables, correlated individual-level

variables, and independent individual-level variables on the individual-level outcome, regardless of

the fraction of the error variance due to the community-level unobserved factor or the R2 value. 

Appendix Figures 1 provide similar evidence for the case of 400 communities with each with

exactly 50 observations per community. 

Monte Carlo Evidence on the Precision of the Point Estimators of $$C ,  $$IC , and  $$I   

One can easily calculate standard deviations of the coefficient estimates for an estimation

procedure by using  the sets of estimates obtained in the Monte Carlo experiments.  These

calculated standard derivations of the coefficient estimates should reflect the true sampling

variability of the estimation procedure for particular specifications of the data generating process.

In a similar fashion to the above analysis of the mean parameter estimates from the various

estimation procedures, one could calculate, for example, the standard deviation of the OLS

estimator for the DGP as
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9In a real data set, the estimated standard error of the parameter estimate is meant to be an
estimate of this true standard deviation of the estimator. 

10  It is important to recognize that these comparisons of the standard deviations as
measured with the replications in the Monte Carlo experiments are meant to measure only the true
sampling variability of the point estimators. These standard deviation estimates do not tell us
directly whether particular estimators of the standard error of the estimates perform well. We
examine that issue in the following section.  

sd C OLS DGP
e

C OLS DGP e C OLS DGP( )
( )

( ), , , , , , ,β β β
∧

=
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=
−

−∑1

1000 1 1

1000
2

This is an unbiased estimator of the standard deviation of the OLS estimator of  $C  for this

particular DGP from the 1000 replications in the Monte Carlo experiment.  Provided that 1000 is

a “large” number of replications, this estimate of the standard deviation should be close to the true

standard deviation of the OLS parameter estimator9.  Given that the evidence in the preceding

section suggests that all of the point estimators are unbiased for the DGPs examined in this study,

these calculated standard deviations should provide key evidence on the accuracy of the

estimation procedures. For example, an estimator with a large standard deviation for a particular

DGP would provide less accurate estimates than would an estimator that had a smaller standard

deviation for the same DGP10.

Figures 2A, 2B, and 2C provide Monte Carlo evidence on the accuracy of the OLS and

maximum likelihood estimators of the three regression coefficients for three values of the R2 with

the intraclass correlation coefficient varying from 0 to 1. Figures 2 refer to samples of

approximately 20,000 observations, where there are 800 communities each containing, on

average, 25 level-one observations.  Appendix Figures 2 contains similar information for the case
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of 400 communities each containing 50 level-one units.  The layout of these figures is the same as

the layout for Figures 1A, 1B, and 1C.

Figure 2A indicates that the accuracies of the naive OLS estimator and the multi-level

maximum likelihood estimator for the coefficient on the community-level variable are nearly

identical for these specifications of the data generating processes. Especially for levels of the

intraclass correlation coefficient less than 0.3, and regardless of the R-square value, there appears

to be almost no efficiency gain from using the more exacting maximum likelihood approach

instead of the simpler OLS approach.  It is important to note that the standard deviations of the

maximum likelihood estimator are slightly smaller than those of the OLS estimator, but for none

of the 63 DGPs displayed in Figure 2A does the maximum likelihood estimator reduce the

standard deviation by as much as 10%.  Below we explore in more detail how the efficiency loss

from using the less accurate OLS estimator varies as a function of the number of level-one

observations, as the differences in accuracies become somewhat more pronounced when there are

only a few level-one units per community.  

Figure 2A reveals additional important information about the accuracy of both the OLS

and maximum likelihood estimators of the impact of the community-level variable on the

individual-level outcome.  First, increases in the intraclass correlation coefficient cause a rapid

decline in the accuracy of both estimators. Moving from independent observations (D=0.00) to an

intraclass correlation of 0.25 causes the standard deviation of each estimator to approximately

double.  Stated differently, if there were a 25% intraclass correlation of the disturbances instead of

independent disturbances, then all t-statistics for tests about the impact of the community-level

variable would be about two times smaller than under independence; many fewer null hypotheses
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11Note that when D=0.00 that the standard deviations in Figures 2 and Appendix Figures 2
should be identical. With independence within communities, the precision of the estimators is not
affected by whether the 20,000 observations come from 1 or 2 or 400 or 800 or 10,000
communities, provided that the explanatory variables follow the same distribution across
communities. 

would be rejected.  None of the above statements about the accuracies of the maximum likelihood

and OLS estimators vary by the level of the R2, though, as expected, the overall level of the

standard deviation of the parameter estimator does fall for DGPs with higher levels of explanatory

power. 

A comparison of  Figure 2A (800 communities, 1 to 50 individuals per community) to

Appendix Figure 2A (400 communities, exactly 50 individuals per community) reveals that the

relative performance of the OLS and maximum likelihood estimators remains nearly identical

when there are more observations per community. The only change appears to be that the small

advantage of the maximum likelihood estimator over the OLS estimator in standard deviation

nearly disappears.  In none of the 63 DGPs represented in Figure 2A does the standard deviation

rise by more than 2% when one uses the relatively inefficient OLS estimator instead of the

maximum likelihood estimator. Appendix Figure 2A also reveals that the efficiency loss from a

higher intraclass correlation is somewhat more severe when there are more observations per

community.  Instead of the standard deviation increasing by a factor of two when D moves from

0.00 to 0.25, with the larger number of observations per community the standard deviations

increase by about a factor of 2.5 to 3.11 

 Figure 2B provides comparable information about the coefficient on the individual-level

variable that is correlated with the community-level explanatory variable, and Figure 2C provides

the same type of information about the coefficient on the independent individual level explanatory
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variable.  For both of these types of coefficients, there can be substantial improvements in the

accuracy of the parameter estimates when one uses the multilevel maximum likelihood procedure

instead of the simple OLS estimator.  The proportionate increases in precision from using

maximum likelihood for estimating these two coefficients appear quite similar in the Monte Carlo

experiments. 

The analytic variance formulae presented in the Appendix indicate that the asymptotic

variances for the estimators of the two individual-level variable effects differ only because, after

controlling for the community-level variable, there is less independent variation in the correlated

individual-level variable than there is in the independent individual-level variable. Analytically,

each of the standard deviations presented in Figure 2C are smaller than the corresponding

standard deviations in Figure 2B by a factor of , where J2 is the squared correlation of1 2− τ

the community-level variable and the correlated individual-level variable (equal to .5 in the Monte

Carlo experiments).  Given this exact correspondence of the standard deviations of the estimators

for these two coefficients for both estimation procedures, we only focus on the coefficient of the

correlated individual-level variable in the following discussion.

A comparison of Figures 2A and 2B reveals two important differences in the performance

of the estimators of the coefficients for the community-level variable and the estimators of the

coefficients for the individual-level variables.  First, the estimators of the impact of the

community-level variable becomes less precise with increases in the intraclass correlation, while

the precision of the OLS estimator for the impact of the individual-level variable does not change

as the intraclass correlation increases.  Second, there are important efficiency gains from using
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12The only discernable, substantive difference between 400 communities and 800
communities results from the fact that the 800 communities provide twice as many independent
observations on communities, and and so yields increases in the accuracy of the parameter
estimates. Almost no other comparison varies substantively along these community size and
number of individuals per community dimensions, so we do not report any additional results for
the 400 communities with each containing 50 observations. 

maximum likelihood estimators instead of OLS estimators when estimating the impacts of

variables that vary within the community. Appendix Figures 2A and 2B provide similar

information for the case of 400 communities with exactly 50 observations per community.12 

There is a simple explanation for the first difference in the performance of the estimators. 

As one increases the level of correlation of the disturbances within a community, there is less new

information provided by each observation within the community.  The accuracy of the correlation

of the community-level variable and the disturbance for each observation, then, is directly

impacted by this decrease in information.  Individual-level variables, on the other hand, do have

unique, independent variation within a community.  Heuristically, for the individual-level

variables, each additional observation in a “new” community provides the same additional

information as adding an individual to an already existing community. 

One can make this latter point a bit more formally.  By definition, the OLS estimator for

each coefficient depends only on the variation in the explanatory variable that is linearly

independent of the other explanatory variables in the regression equation and its interaction with

the composite error term. Increases in the intraclass correlation decrease the precision of the

estimated correlation of the disturbance with the community-level variable, and this leads to the

OLS estimator of the impact of the community variable becoming less precise as the intraclass

correlation rises.  Increases in the intraclass correlation, however, do not affect the precision of
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13 If, however, there is some correlation within communities of the individual level
variables that is not captured entirely by the included community level explanatory variables, then
the precision of the OLS estimator of the impact of the individual level variables will decline with
increases in the intraclass correlation coefficient.

the correlation of the disturbance and the linearly independent variation in the individual-level

explanatory variable.   This happens because the individual-level variable has unique, independent

variation within a community, and products of  this independent variation with the unobserved

community-level factor are independent across observations regardless of the level of the

intraclass correlation.  Consequently, the precision of the OLS estimator of the impact of the

individual-level variables is unaffected by changes in D.13

The failure of the maximum likelihood estimator to improve the precision of the estimates

of the impact of the community-level variable can best be understood, by analogy, by considering

the efficiency gains from seemingly unrelated regression (SUR) estimators. When there is error

correlation across observations, the SUR estimator can only yield increased precision over the

OLS estimator if the explanatory variables are not identical across the observations with the

correlated error terms.  This happens because the SUR estimator exploits the fact that explanatory

variables for each particular observation should be uncorrelated with the error terms for all

observations that are correlated with that particular observation’s error term.  If the explanatory

variables are identical across these observations, then there are no new correlations of explanatory

variables and error terms within clusters that were not used to define the OLS estimator.  For the

DGPs considered here the individual-level variables do differ across observations within clusters,

so there are some efficiency gains for the estimators of the coefficients on these individual-level

variables.  But almost no new information is provided by imposing the restriction that the
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community-level variable for an observation within a cluster is uncorrelated with all the error

terms for all observations within the same cluster; that information had already been used with the

OLS estimator because the community-level variable is constant within the cluster. 

Impacts on Precision from Varying the Number of Individuals Per Community

These statements about the relative efficiencies of the estimators, as measured through

their standard deviations, do depend on the number of individuals per community in a somewhat

complex manner.  To explore this in more detail, we use analytic expressions for the asymptotic

variance covariance estimators for the point estimators.  We assume that there are an identical,

finite number of observations per community.  With normally distributed residuals, the maximum

likelihood estimator converges to the (GLS) Generalized Least Squares estimator using the true

covariance matrix of the residuals within a community when there are a large number of

communities. Because of this we can use an analytic expression for the asymptotic covariance

matrix of this GLS estimator to proxy for the large sample covariance matrix of the maximum

likelihood estimators. We also calculate the true asymptotic covariance matrix for the OLS point

estimators.  This covariance matrix for the OLS estimators accounts for the fact that there are

multilevel disturbances even though this was ignored in the definition of the estimator. All of these

analytic expressions allow there to be an arbitrary level of intraclass correlation, an arbitrary level

of correlation between the community-level variable and the correlated individual-level variable,

and for an arbitrary number of individuals per community. All these three factors are important
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14Note that we arbitrarily set the overall error variance to 1.0 in these covariance matrixes. 
Since we only examine ratios of standard deviations, this is completely inconsequential. The
Appendix also contains the formula for the simple, naive OLS covariance estimator that ignores
the multilevel structure of the residuals.  

15We evaluate the analytic formulae 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 OLS
estimator would have a standard error of estimate 10 percent higher than the maximum likelihood
estimator of the coefficient for the same DGP; heuristically, t-statistics would tend to be about
10% smaller for OLS estimator than they would be for maximum likelihood estimator.

16Recall that in all of the previous experiments we kept the level of correlation of these
two regressors fixed at 0.50.

determinants of the two covariance matrices.  A comparison of these asymptotic covariance

matrices tells us precisely the efficiency gains from using maximum likelihood instead of OLS

estimators. The derivations of the asymptotic covariance matrices are in the Appendix.14

Figures 3A and 3B  graph how the standard deviations of the OLS estimators of the

impacts of the three variables, relative to the standard deviations of the maximum likelihood

estimators, vary by the number of observations per community and  the level of correlation of the

community variable and the individual-level variable at two particular values of the intraclass

correlation.15 Figure 3A examines the case when the intraclass correlation, D, is 0.25, and Figure

3B examines the case for D=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 (0.00, 0.25, 0.50, and 0.95).16  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 maximum

likelihood estimator. This provides a measure of how much efficiency loss one can expect by
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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 moderate level of the intraclass correlation in Figure 3A, D=0.25, there would be

little efficiency gain from using the maximum likelihood estimator instead of the OLS estimator. 

The maximum gain in t-statistics as implied by these relative standard errors, for example, would

be less than 15%, and such gains could only be attained for the estimators of the impacts of the

individual-level variables.  When there is no correlation among the community-level variables and

the individual-level variables, there are zero efficiency gains from using maximum likelihood in the

estimation of the impact of the community level.  Only when the correlation of the community-

level variable and the individual-level variable is quite high 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

D=0.25, even when the correlation of the regressors is as high as 0.95 the standard error improves

by using maximum likelihood by less than 10 percent. For the individual-level variables, the

efficiency gains do increase continually as one adds additional observations per community, but

there are only trivial efficiency gains after having 25 or 30 observations per community.  At this

level of intraclass correlation, none of the efficiency gains from using maximum likelihood

estimation instead of OLS estimation is substantial. 
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Figure 3B examines the case where there is a high level of intraclass correlation, D=0.75. 

There are potentially sizable gains in precision by using maximum likelihood  when estimating the

impacts of the individual-level variables in these circumstances. By using maximum likelihood

instead of OLS, one could reduce standard errors of the estimators of the individual-level

variables by about a factor of two.  As above, however, 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 is quite high. But even when

there can be substantial efficiency gains in estimating the community-level variable impact by

maximum likelihood, the gains diminish rapidly with increases in the number of observations per

community.

The interaction of the number of observations per community, the intraclass correlation,

and the correlation of the community-level regressor with the individual-level regressor appears to

be the key determinant of efficiency gains from maximum likelihood estimation when estimating

the impact of the community-level covariate. In Figures 4A and 4B we examine this relationship in

finer detail along the dimension of the correlation of the community-level variable and the

correlated individual-level variable.  As in Figures 3, the top panel in Table 4 is for D=0.25, and

the lower panel is for D=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 explanatory variables(J).  In Figure 4 we only examine the relative efficiency for the

estimators of the impact of the community-level variable. 

For the most part, there appear to be almost no efficiency gains from using maximum

likelihood estimators instead of OLS estimators for values of the regressor correlation being less
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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, D=0.75, there can be some substantial gains in efficiency, with the

larger gains happening when there are several individuals per community.  Note, however, that

these gains are quite small unless the regressor correlation is well over 0.50.

Summary of the Accuracy of Estimators with Multilevel Errors

The information summarized in Figures 1 through 4 and the Appendix provide key

information on the importance of controlling for error correlations due to a researcher having

hierarchical data.  First, coefficient estimates are not biased if one ignores the multilevel error

structure and uses a standard OLS model to estimate the impacts of community-level and

individual-level covariates on an outcome.  Second, as is well known in the survey design

literature, there can be important losses in efficiency when data are clustered and the intraclass

correlation increases (Kish, 1965; Kalton, 1983). These efficiency losses due to increased within

cluster error correlations, however, only take place for estimators of the impact of the

community-level variable. In fact, a clustered design can yield efficiency increases for the

estimated impacts of individual-level variables if one uses a maximum likelihood procedure that

recognizes the intraclass error correlations. For many analyses of programmatic impacts,

however, the effects of interest are not those of the individual-level variables. Obtaining efficiency

gains for the impacts of the individual-level variables is at most of secondary importance, so this

efficiency gain by itself does not provide a compelling reason to use maximum likelihood

estimators instead of OLS estimators. These efficiency gains are substantial for the estimated
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impact of the community-level variable (decreases in standard errors by more than 15 percent

from using maximum likelihood instead of OLS) only when both the intraclass error correlation

and the correlation of the regressors are high.   

Third, it is the correlation of the community-level variable with the individual-level

variable that provides all of the efficiency gain in the estimation of the community-level variable

impact from using maximum likelihood estimation instead of OLS.  With moderate sized regressor

correlations there are at best small efficiency gains from using maximum likelihood to estimate the

impact of the community-level variable instead of OLS.  For both of these correlations being 0.50,

for example, the decrease in the standard deviation is less than 2.5 percent from using the

maximum likelihood estimator.  For D=0.50, this measure of the efficiency gain only exceeds 15

percent if the community-level and the individual-level regressor have a correlation higher than

0.90; and for a regressor correlation of 0.50, the standard errors decline by less than 8 percent for

all values of the intraclass correlation lower than 0.99.  Additionally, the efficiency gains in the

estimation of the impact of the community-level covariate decline after there are more than 5 or

10 observations per community.  

The overall picture that emerges from these Monte Carlo experiments and the examination

of the asymptotic covariance matrices is that there appears to be little efficiency loss from using

OLS instead of maximum likelihood to estimate the impact of a community-level variable on an

individual-level outcome. The only substantial gains come when both the intraclass correlation and

the correlation of the community-level regressor with the individual-level regressor are

exceptionally high. We suspect it is unlikely in most situations for both of these correlations to be

high, so the loss in efficiency from using Ordinary Least Squares should usually be quite small.    
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17For example, the standard OLS estimator of the covariance matrix for the point
estimators provides unbiased estimators of the variances of the parameter estimators under the

assumptions of the classical regression model, namely, the diagonal elements of , . σ
^

( ' )
2
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The estimators of the standard errors given by the square roots of the diagonal elements of the
covariance matrix, however, must be biased estimators of the standard errors of the estimators (by
Jensen’s Inequality, since  the square root is not a linear transformation of the unbiased variance
estimator, the standard error must be a downwardly biased estimator of the true standard
deviation). 

Evaluation of Estimators for the Standard Errors of the Estimates

In this section we examine the performance of estimators of the standard errors of the

point estimators for the three coefficients.  When examining estimators of standard errors, it is

important to recognize that one should not examine whether the mean of the standard error

estimator equals the true standard deviation of the estimator17. Instead, one should assess 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 hypothesis with a frequency given by the specified

size of a test.  If one tests at the 5% level, for example, then one should reject correct null

hypotheses  5% of the time.  Otherwise the standard error estimator does not allow one to carry

out precise tests. 

A standard, simple hypothesis test is of the form:  One typicallyH vs H0 0 1 0: : .β β β β= ≠

undertakes a hypothesis test of this form by using a two-tailed test under the assumption that the

estimator of $ follows an approximate Student T or normal distribution.  To carry out such a test,

one sets a size of the test, "; this is the specified probability of rejecting the null hypothesis when
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18We carry out this hypothesis test by examining whether the shortest 100*(1-")%
confidence interval for the estimator contains the true parameter value.  In particular, we
construct the confidence interval, assuming that the parameter estimates are approximately

normally distributed, as  and reject the null hypothesis if this region( ( ), ( ))
^

/
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does not contain the value specified under the null hypothesis. The term z1-"/2 is the 100(1-"/2)
percentile point of the standard normal distribution. 

the null hypothesis is actually true.18 Our evaluation of the accuracy of the estimator for the

standard error of the estimate is an assessment of how closely the frequency of rejecting a true 

null hypothesis in the Monte Carlo experiments matches the specified size ".  If we specify " =

0.05, then we would want to have the null hypothesis that   $=$0 to be rejected five percent of the

time when $ actually does equal the value $0 .

In the Monte Carlo experiments we know exactly the true parameter value (all $’s 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 the intraclass correlation is zero, all testing

configurations should provide close to identical results.

Two configurations use the ordinary least squares point estimators 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” estimators of the standard errors that

assume uncorrelated, homoscedastic disturbances.  This will usually provide biased tests when the

intraclass correlation is non-zero 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 correlations of disturbances within communities along with
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19If there were some community level unobserved variables that influenced the individual
outcomes, then specifying the family as the highest level with correlation would be incorrect. In a
later section we explore the consequences of specifying this level as either too high or too low.

20The tests in all of the graphs in Figure 5  use data for the case where there are 800
communities with the above specified distribution for individuals per community (mean 8,
standard deviation 9.5). These evaluations of the size of the tests do not depend upon the R2

value, as changes in the error correlation increase the variability of the point estimate by precisely
the same proportion as the error variance changes. For the 1000 replications used in these graphs,
we select arbitrarily the R2=0.10.

the simple OLS parameter point estimator (Eicker, 1963, 1967; Huber, 1967; White, 1980).

These Eicker-Huber-White standard error estimators require that one specify a hierarchical level

such that there is independence of disturbances across groups at all higher levels. For example, if

individual-level residuals were correlated within families but not across families living in the same

community, one would specify the family as the highest level where there is correlation.19  These

Eicker-Huber-White standard error estimators also allow for arbitrary forms of heteroscedasticty,

so they would provide appropriate standard errors in the presence of random coefficient models.

The third testing configuration we examine uses the maximum likelihood estimator.  We

use the point estimators and the standard error estimators from the maximum 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.   

Figure 5 provides evidence on the probability that each of the three different testing

procedures incorrectly rejects a true null hypothesis.20  Since we carry out 1000 Monte Carlo

replications, the vertical axis measures the fraction of times out of the 1000 replications that the

hypothesis test rejects a true null hypothesis for a particular testing procedure. The horizontal axis
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measure the level of the intraclass correlation coefficient.  The left-hand  set of graphs presents

tests where the desired size of the test is five percent (0.05), and the right hand set of graphs

contains tests where the desired size of the test is ten percent (0.10).  The top row of graphs

corresponds to tests for the coefficient on the community-level variable, the second row of graphs

to tests for the coefficient on the individual-level variable that is correlated across individuals

within each community, and the third row of graphs to tests for the coefficient on the independent

individual-level variable.

The top, leftmost graph in Figure 5 examines the performance of the three testing

configurations for testing the null hypothesis that the coefficient on the community-level variable

equals its true value as specified in the data generation procedure (against the null hypothesis that

the coefficient does not equal its true value).  When the intraclass correlation coefficient (D)

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 olstest, with circles) has an empirical probability

of false rejection that greatly exceeds the specified 5% size. For all intraclass correlations above

0.10, the empirical size of this testing procedure exceeds 20% when one specifies a probability of

false rejection of only 5%.  With fewer communities and the same number of total individual-level

observations, the empirical size from this approach can be much greater than 50% for a specified

size of 5%.  

From the same graph in Figure 5, tests that use the same OLS point estimate as above for

coefficient on the community-level variable but with the standard error adjusted to correct for

arbitrary forms of correlation within communities (labeled osthtest, with triangles) yield
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approximately the correct size for all values of the intraclass correlation coefficient. Similarly the

tests based upon the maximum likelihood point estimates and the corresponding maximum

likelihood estimates of the standard errors of the estimates appear to have approximately the

correct size. The top right-hand graph provides similar evidence for the case where the requested

size is increased to 10%.  Little of substance changes with this increase in requested size.  In

summary for the community-level variable, relying on the OLS point estimates and simple, default

standard error estimates results in hypothesis tests that too frequently reject true null hypotheses.

The simple OLS standard error estimates are, in a sense, too small.  This propensity to reject null

hypotheses much too frequently can be fixed with either of the other approaches. One can use the

same OLS point estimates in conjunction with Eicker-Huber-White standard errors estimators to

accommodate possible residual correlations within communities.  Or, one can use maximum

likelihood point and standard error estimators that correctly specifies the form of the within

community disturbance correlation. 

The second row of graphs in Figure 5 examines sizes of tests for the coefficient on the

individual-level variable that is correlated across individuals within a community. Each of the three

testing procedures yields tests that have approximately the correct empirical size for all values of

the intraclass correlation and for both requested size levels, 0.05 and 0.10.  The fact that the OLS

point estimates used in conjunction with the naive OLS standard error estimate that do not yield

an incorrect empirical sizes is surprising. But if one examines the true standard deviation of the

OLS estimator for this correlated individual-level variable and compares it to the corresponding

element of the (X’X)-1 matrix, both presented in the Appendix, it is clear that the naive standard

error reported by OLS is correct for this variable. The third row of graphs in Figure 5 reveals
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similar behavior for the empirical sizes associated with test of the coefficient on the independent

individual-level variable.  Each of the three approaches for testing hypotheses about individual-

level coefficients has the correct empirical size.

It is important to note that the empirical size for the tests of the coefficients on the

individual-level variables will, in general, be incorrect if one uses the ordinary least squares

estimate in conjunction with the simple standard error of the estimate reported by the OLS

procedure. In the Monte Carlo experiments examined here, all correlations of the individual-level

variables were due to the observed, and controlled for, community-level variable. If there were

other, independent community-level factors that gave rise to correlations of individual-level

variables, then the empirical size from the OLS point estimates with simple OLS standard errors

of the estimates would be much larger than the requested size. The two other testing approaches

are not affected by the source of the correlation of individual-level covariates within communities.

The OLS point estimator with a standard error that adjusts for arbitrary community correlations

of disturbances will provide correct sized tests, as will the maximum likelihood point and standard

error estimators.

These examinations of the empirical sizes of the tests reveal one important point, namely

that tests using naive standard error estimators based upon unfounded assumptions about

uncorrelated disturbances can indicate much more precision of parameter estimates  than is

actually warranted. This is clearly an important issue for the estimated impact of the community-

level variable.  It is also an important factor to consider when the observed individual-level

variables are correlated within communities in ways that are not captured completely by the

observed community-level variable.  A key point to note is that the maximum likelihood
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procedures and the OLS point estimates with standard errors estimators that permit arbitrary

correlation within communities do provide tests whose empirical sizes appear to be correct.

   

Power Comparisons of OLS and Maximum Likelihood Estimators 

Given that there are estimators and testing procedures that appear to 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. Holding the size of the test constant,

one would prefer to have estimators and procedures that reject false null hypotheses more

frequently.  The ability of a test taking the form    to reject the nullH vs H0 0 1 0: :β β β β= ≠

hypothesis when the alternative is in fact correct depends crucially on the true value of the

parameter.  If the true value is quite close to the value specified under the null, then the

probability of rejection is quite close to the specified size of the test (e.g., only five or ten

percent), while if the true parameter value differs dramatically the probability of rejection should

be close to 1.0.  A graph displaying the probability of rejecting H0 :$=$p versus H1 :$…$p for a

possible set of values $p when the true parameter $=$0 is one way of displaying the power of the

test. We assess the power of each test empirically by using the estimates and standard errors from

the Monte Carlo experiments. For each null hypothesis examined, we present the fraction of times

(out of 1000 replications) that the testing procedure would reject the null hypothesis.    
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21This definition differs from the usual definition of a power function. For the more
standard definition of the power function, one tests an identical hypothesis (e.g. H0:"=2
vs.Ha:"…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 1.0, as a function of hypothesized values specified in the null and alternative
hypotheses.  

Figures 6 contain graphs of the power functions corresponding to tests for each of the

three regression coefficients of the form .  The definition of the powerH vs Hp p0 1: :β β β β= ≠

function displayed here is the probability of rejecting the null hypothesis $=$p (against the

alternative $…$p) as a function of the value of $p when the true parameter value is 1.0.21   Figure

6A examines power functions for hypotheses about the coefficient on the community-level

parameter; each of the four graphs within Figure 6A corresponds to a different level of the

intraclass correlation. Figure 6B contains similar information about tests for the coefficient on the

within community, correlated individual-level variable, and Figure 6C displays the power

functions for tests about the coefficient on the independent individual-level variable. We set the

size of all these tests to 0.05. Here we only examine those approaches  with correct size for

arbitrary levels of the intraclass correlation, so the power function evaluated at $p=1.0 equals 0.05

for all testing approaches displayed here.

  For the community-level coefficient only two testing approaches had the correct size:

OLS point estimates with standard errors adjusted for possible clustering of disturbances within

communities and maximum likelihood point estimates and standard errors.   These are displayed in

Figure 6A as “olshtest” and “mletest.” When the intraclass correlation is 0.10, one would reject
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22The alternative hypothesis for all power and size tests discussed in this study is the
complement of the null hypothesis under examination.

the null hypothesis that  $c=0.75 (or $c=1.25)22  about 76% of the time with OLS and 79% of the

time with the maximum likelihood procedure when the true value of   $c=1.  As the intraclass

correlation rises to 0.25, the power to reject H0: $c=0.75 (or $c=1.25) when the true value is 1 

falls to 50% for the OLS-based procedure and 55% for the maximum likelihood procedure; when

the intraclass correlation is a high 0.75, the power for the same test is only 25% for the OLS

based test and 27% for the maximum likelihood based test.   In all cases examined here, the

largest discrepancy in size between the two testing procedures is only eight percentage points. In

over half of the tests displayed in the top panel of Figure 6, the probability of rejection using the

maximum likelihood estimator is less than one percentage point larger than the probability of

rejection from using the OLS point estimate with the Eicker-Huber-White standard error. 

Overall, one would conclude that there is little difference between the performance of tests

based on the OLS point estimates of the coefficient on the community-level variable (and with the

standard error adjustment for arbitrary within community correlation) and the tests based on the

maximum likelihood estimates. This should not be surprising;  the comparisons of the asymptotic

standard deviations of these two estimators discussed above indicates that there would only be

sizable differences if the intraclass correlation were exceptionally  high with only a few

observations per community.   

Figure 6B contains similar information on the power of tests on the coefficient of the

individual-level variable that is correlated at the community level.  Recall for this coefficient

estimate that the simple, naive OLS standard errors that do not recognize the correlation of the
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23This is precisely a seemingly unrelated regression framework, and increased power from
the maximum likelihood approach reflects the precision gain from using seemingly unrelated
regression.

disturbances within a community provide tests that yield  the correct size. These standard error

estimates are nearly identical to those provided by allowing for arbitrary forms of correlation

within communities, and we focus on the adjusted standard errors in the following discussion.

Note that the horizontal scale in Figure 6B is much smaller than the horizontal scale in Figure 6A;

we use this smaller scale because the estimators of this coefficient are much more precisely

estimated.

At low levels of intraclass correlation the differences in the power between tests using the

OLS point estimates and tests using the maximum likelihood point estimates are small for tests

about the impacts of the individual-level variables. Consider for example, an intraclass correlation

of 0.10 and one tests  when the true parameter value is 1.0. A 5% testH vs H0 10 90 0 90: . : .β β= ≠

based on the OLS point estimate and corresponding standard error would reject this false null

hypothesis about 37% of the time, while the maximum likelihood estimates would reject the null

hypothesis about 41% of the time. Recall that the standard deviation of the OLS estimator does

not  vary with the level of the intraclass correlation; the power function for the OLS estimator

should not change as one varies the intraclass correlation. The maximum likelihood estimator,

however, makes efficient use of the fact that disturbances are correlated and that these

explanatory variables differ across observations within the community.23  Consequently, the power

of  tests on the individual-level variable impacts based on the maximum likelihood estimates

increases substantially as the intraclass correlation (D) rises. For the above hypothesis test, when
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the true value of the coefficient is 1.0, the power rises to 47% at D=0.25, then to 61% for D=0.50,

and to over 90% at D=0.75. Unlike the case for the estimated impact of the community-level

variable, there are clear gains in the precision of the estimates of the impact of the correlated

individual-level variable that one can obtain by using maximum likelihood procedures instead of

OLS point estimates. 

The power functions for the estimators of the coefficient on the independent individual-

level variable, as displayed in Figure 6C,  are qualitatively the same as those depicted for the

correlated individual-level variable coefficient in Figure 6B.  In fact, the only substantive

difference between these two sets of figures is due to the fact that the estimators of the coefficient

on the independent-level variable have smaller standard errors. This happens because these

explanatory variables are not correlated with any of the other explanatory variables.  For low

levels of D there are at most modest increases in power due to a researcher using the maximum

likelihood procedures instead of OLS, while there can be fairly large increases in power if there is

a high level of correlation of the unobserved factors within communities. 

We also examined a few situations where an individual-level regressor is correlated across

members within each community but the correlation is not due entirely to the observed

community-level variable.  The value of using the maximum likelihood estimators instead of the

OLS estimators for the estimation of individual-level covariate effects can increase substantially in

these instances.   It is important to note that any large efficiency gains only apply to the estimation

of the impacts of individual-level variables.  The gain in precision for the estimates of community-

level characteristics by using the more complex maximum likelihood approach is typically quite

small.
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24For example, this could be the case when the true relationship is quadratic but the
researcher only allows for a linear relationship.

Spurious Intraclass Correlation

Many forms of model misspecification can result in estimates suggesting falsely that there

is  an important multilevel error structure when the true error correlation is actually zero.  An

erroneously excluded  community-level variable, for example, can give rise to spurious evidence

about the importance of a multilevel error structure.  In this case, if the excluded variable is at all

linearly related to any of the included explanatory variables within possible clusters, then the

parameter estimators will be biased.  The evidence of a non-zero intraclass correlation for this

instance could be an indication of an incorrectly specified model with no multilevel structure,

while a naive interpretation of the evidence would conclude that controlling for the multilevel

error structure is important for one to obtain accurate estimates. 

Variations across communities in the distribution of any of the individual-level

characteristics can also lead to spurious evidence of a multilevel error structure in these situations. 

It might be the case, for example, that people tend to live in communities that have educational

backgrounds similar to their own.  If one specifies an incorrect functional form for how these

individual characteristics (e.g., individual education) influence the outcome, then one will typically

estimate a large intraclass correlation even if the true error correlation is actually zero.24  

Model misspecification problems, of course, are not unique to multilevel analyses.  They

pervade all empirical analyses.  What is somewhat unique to the multilevel model framework is

that an incorrect specification of the regression function can easily provide evidence that one

could interpret as indicating the presence of a complex, hierarchical error structure, when the only
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problem is a misspecified regression function.  A researcher focusing on the multilevel structure of

the residuals could easily fail to recognize a significant specification error for how the observed

covariates impact the outcome of interest after uncovering what appears to be a significant level

of intraclass error correlation.  This can lead to quite biased estimates and interpretations. 

 Consider the model
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where the error terms are uncorrelated across individuals within the same community (i.e.,

D=0.00).  This regression specification differs from those examined above only by the inclusion of

the square of the community-level characteristic.  For this specification of the model, an ordinary

least squares regression of Y on XC, the square of XC, XIC, and XI would yield the best linear

unbiased estimated of the coefficients. 

One might be interested in how the impact of XC varies at different levels of the

explanatory variable, and this is given by the first derivative .  An alternative,β βc c CX+ ⋅ ⋅2 2

scalar measure of the impact of XC is the average derivative given by  whereβ βC C cX+ ⋅ ⋅2 2

_

is the mean value of the community-level variable. We focus on this scalar measure asX C

−

researchers often assume (incorrectly) that simple models excluding the higher order terms do

capture the average impact of variables.

In the data generating process we set $C=$IC=$I=1 and $C2= -0.50. We also set the

intraclass correlation to 0.00.  All other aspects of the data generating process are as above,



MEASURE Evaluation                                                                                                                48

25We have these community level variables follow approximately a Chi-Square distribution
with 1 degree of freedom. Precisely, for each community j=1,2,...,J, we set the value of the
community level variable to be the j/(J+1) percentile point of the Chi-Square distribution. We
normalize this to have approximately mean zero and variance 1 by subtracting the mean of a Chi
Square random variable (mean=#degrees of freedom) and divide this by the standard deviation of
a Chi-Square random variable (variance=2 times the #degrees of freedom).   

26 Following the above formula for the average derivative, 1.028=1+2(-0.5)(-0.028),
where -0.028 is the mean of the community level variable as specified above.

except we use a skewed distribution for the XC variables. We also impose that the XC variables are

fixed across replications of the Monte Carlo experiments.25 This eliminates a source of variation in

the calculation of the average impact of the community-level covariate. Given this specification

the true average impact of the community-level variable is 1.028.26

Based on 1000 replications of the DGP, a simple OLS model that fails to include the

square of the community-level variable yields a mean estimate of the average impact of  0.085.

The standard deviation of these 1000 estimates of the average impact is 0.010. All 1000 naive

estimates of the standard error of the average impact all fall in the range (0.0108,0.0112),

indicating that the standard error estimators reflect fairly well the variability of the estimator.  This

simple model, however, does underestimate the true average impact of the community-level

variable by a factor of 12, but one would conclude that the effect is significantly different from

zero. 

Using a maximum likelihood procedure to allow for a hierarchical error structure with this

misspecified model, from the 1000 replications of the data generating process we find that the

mean of the average impact of the community-level variable remains at 0.085, with only a slightly

smaller standard deviation (0.009).  The 1000 estimates of the standard error of the average

effect, however, all fall in the range (0.0668,0.0723), indicating that the maximum likelihood
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27Many other approaches could be used, such as spline approximations or neural networks,
but often these are more difficult to implement in standard statistical packages.

multilevel model severely overestimates the true sampling variability of the estimator.  The largest

t-statistic out of the 1000 tests of the null hypothesis that the true average effect is 0 is 1.68; in

not one of the 1000 cases would one have concluded that the community level variable had a

significant effect at conventional significance levels.  One finds, however, that allowing for a

multilevel error structure is important.  All 1000 of the estimated intraclass correlations fall in the

range (0.259,0.293), even though the true intraclass correlation is 0. The multilevel model yields

quite biased estimates and inferences when one does not use the correct specification for the

regression function. 

It should not be surprising that the multilevel model fails to perform well in this instance.

The primary benefit of the multilevel model is to obtain correct standard errors of the estimates

and to obtain more precise parameter estimates. The maximum likelihood, multilevel model

approach cannot fix functional form problems, and in this instance the approach actually appears

to provide more incorrect interpretations than would come from a simple OLS estimation. 

Functional form problems appear to be more important issues to address than problems arising

from the correlation of disturbances within communities.  

A simple way to allow for flexible forms is to use polynomials of the explanatory variables

and interactions among these polynomials27.   Consider the following example. As above, the true

model in the DGP is
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28A fully interacted quadratic model has average estimate of the mean derivative of 1.024
with standard deviation 0.266.

but we assume we do not know that this is the correct functional form. Instead, we enter a fully

interacted cubic polynomial in the three explanatory variables. While the true model would include

only five regression parameters to estimate (including the intercept), this fully interacted

polynomial introduces a total of twenty parameters that need to be estimated.  The first derivative

of this polynomial includes ten of these estimated parameters, compared to only two estimated

parameters needed if one knew the true form of the regression model (i.e., $C  and  $C2 ).  We

impose that the community characteristics are fixed, that the individual-level characteristics vary

across replications of the DGP, and that there is no intraclass correlation of error terms.  We set

the R2 equal to 0.20 and use 100 communities each with 5 level-one units, for a total of only 500

observations.

Estimating the true model yields an average estimate of the impact of the community

covariate of 1.027 across the 1000 Monte Carlo replications, with a standard deviation of 0.087.

Recall that the true average effect is 1.028.  When we estimate the fully interacted cubic

polynomial model, the estimates have an average value of 1.020 with a standard deviation of

0.410.28  The increase in the standard deviation across Monte Carlo replications indicates that

there is a sizable loss in efficiency. This is  because one is unsure of the true functional form.

However,  the sizes of the tests in the over-parameterized model do appear to be approximately

correct.  Additionally, in 70% of the replications one would reject the null hypothesis that there is

no impact of the community-level variable on the outcome. The highly flexible model removes the
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bias from the simple, under parameterized model without becoming extremely imprecise even in

these much smaller sized samples. 

Standard Error Estimators in Multilevel Models with More Than Two Levels

The analysis we reported on above indicated that one could obtain correct inferences from

ordinary least squares model estimates that ignored the multilevel error structure provided one

adjusted the standard errors to ex post account for the within community error correlation.  The

approach we used to adjust the standard errors of the estimates allowed for arbitrary forms of

heteroscedasticity and error correlation within communities, but we only examined the

performance of the standard error estimators when there were two levels in the analysis.  It could

be the case, for example, that individuals live in families which reside  in communities, and there

may be determinants of the individuals’ behaviors that depend on unobserved family

characteristics as well as unobserved  individual and community characteristics  In this section we

consider the performance of standard error estimators when the error term has up to three levels.

Extending the descriptive notation used above, the three levels in this model are the 

individual 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 XC(c)

be the community-level explanatory variable, XF(f,c) be the family level variable, and XI(i,f,c) be

the individual-level variable. We allow these explanatory variables to be correlated within

communities and families, and we set Cor[XC(c), XF(f,c)]=Cor[XF(f,c), XI(i,f,c)]=0.5 and

Cor[XC(c), XI(i,f,c)]=0.667.  We permit there to be unobservable determinants of the individual-
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level outcomes associated with each of these three levels. The linear regression model we examine

takes the following form:

Y i f c X c X f c X i f c i f c

where

i f c c f c i f c
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+C(c) gives rise to the within level 3 error correlation (community),  +F(f,c) gives rise to level-two

error correlation (family), and +I(i,f,c) is the level-one error term (individual).  The   +C(c) are

independent across different communities (level-three observations), the +F(f,c) are independent

across families (level-two observations), and the  +I(i,f,c) are independent across all individuals. 

These three error components are distributed as independent N(0,1) random variables. We set DC, 

DF, and DI to achieve different  correlation patterns for the error terms and R2 values.  In the

Monte Carlo simulations we set the three regression coefficients equal to 1.0 (i.e., $C = $F = $I =

1). We specify four level-one units (individuals) within each of 25 level-two units (families) for

each of 200 level-three units (communities), for a total of 20,000 individual-level observations.  

Our primary concern here is how one can carry out unbiased tests in these three-level

models.  Figures 7, 8, and 9  contain pertinent information about the size performance of various

estimators of standard errors for different configurations of the multilevel error correlations. The

top row of graphs in each of these three figures display information for hypothesis tests about the

impact of the community-level (level 3) variable. The second row of graphs presents similar

information for the impact of a family-level (level 2) variable that  is correlated with the

community-level variable.  The third row of graphs presents the same information but for the
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29What we attempt to evaluate here are simple-to-use estimators that are available in many
multi-purpose statistical packages. Consequently we do not examine correctly specified maximum
likelihood estimators that recognize the possible three level error structure. Such models should
provide accurate estimates and unbiased hypothesis tests.

impact of an individual-level variable that is correlated with both the family- and the community-

level explanatory variable.

The left-hand side graphs examine various ways to estimate standard errors for the OLS

point estimators. We consider three standard error estimators for these OLS estimates. The first is

the naive standard errors as reported by standard OLS procedures assuming completely

uncorrelated disturbances (labeled olstest). The second is an Eicker- Huber-White standard error

estimator assuming that only observations within the second level are correlated (labeled

olshfam).  These standard error estimators would be appropriate, for example,  if  there could be

non-zero error correlation among individuals within the same family (DF …0) but no correlation of

disturbances across families living within the same community (DC=0),. The third standard error

estimator is similar to the second, except that it allows for possible error correlation at the third

level among level-two units (e.g., error correlation among families and individuals living within

the same community, labeled olshcom). 

The right-hand side graphs are based on maximum likelihood point and standard error

estimators that naively assume a two-level error hierarchy.29  The first assumes that all level-one

observations are equally correlated within the level-three units (labeled mlecomm). This would be

the case, for example, if community-level unobserved factors could influence an individual’s

outcomes(DC…0), but there are no unobserved family-level factors influencing the individual-level

outcome (DF=0).  The second set of maximum likelihood point and standard error estimators
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30If 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.  

31Figures 7, 8, and 9 only examine tests at size 0.05. We obtained quite similar results for
size 0.10.  We set the overall error variance for the Monte Carlo experiments summarized in these
figures to achieve an R2 of 0.10. The size comparisons do not depend on the R2 value.

32For Figure 7, we define the error term for each level-one observation as proportional to

 where D is the level of the intraclass correlation. The twoΕ Ε ΕT F Ii c f c f i c f* ( , , ) ( , ) ( , , )= + −ρ ρ1 2

assumes that there is only error correlation among level-one units within the same level-two unit

(e.g., only disturbances for individuals within the same family are correlated, i.e., DC =0 and  DF…0,

labeled mlefam).

The graphs display the empirical Type I error (size) for null hypotheses of the form

where $0 is the true value of the parameter in the DGP (i.e., 1.00 forH vs H0 0 1 0: : ,β β β β= ≠

all parameters examined), as a function of the intraclass correlation coefficient among individuals

at  level one within each  level-two unit.30  Each of these tests take place at a five percent level,

and we carry out each test for each of the 1000 Monte Carlo replications. As in the analysis 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 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.31

Figure 7 considers the case where there is only error correlation among level-one units

within the same level-two unit (e.g., only error correlation among individuals within the same

family).  In particular, DC =0, while DF…0.32   Looking first at tests on the impact of the
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error components  are independently distributed N(0,1)  random variables.

33There 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 estimated. Typically, one would
like to have many more than this number of observations in order 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 will yield valid
standard error estimators as long as the number of communities is large.  But, if there are only a
few communities the estimators might not work well. 

community-level variable (level-three covariate), we see that the naive standard error estimator

for the OLS point estimator performs quite poorly (olstest) .   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, Eicker-Huber-

White standard error estimators yield tests of the correct size.  It is important to recognize that for

these robust standard error estimators to perform correctly, one only needs to specify the highest

level at which there could be error correlations.33 Hence, the estimator allowing there to be

correlations among all individuals within the same community (olshcom) 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, there need not be

the same form of error correlation for all observations within the level specified as being the

highest level within which observations are not independent.  

The maximum likelihood estimator does not generalize this way. The right-hand graph in

the top row of Figure 7 indicates that the maximum likelihood estimator that models the within

level two (family) correlation does provide unbiased tests; this estimation procedure coincides
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34We obtained approximately the same probabilities of false rejections for all approaches
and for all data generating processes when we examined R2 values of 0.90 instead of the 0.10
examined in these figures.

with this specification of the DGP (only level-two correlation).  The maximum likelihood

estimator assuming only the higher level, community-level error correlations, however, does

appear increasingly biased as the level of the intraclass correlation rises; this estimation method

does not contain Figure 7's DGP as a special case.  But for D less than 0.50, this bias appears

quite small. Even at the highest levels of D  the incorrectly specified maximum likelihood estimator

provides tests that reject at most about eight percent of the time when the requested size is five

percent.34

Turning to the estimates of the impact of the family variable (level-two covariate) in the

second row of graphs in Figure 7, we find qualitatively the same results.  Tests based on the naive,

simple OLS standard error estimator are quite biased. The Eicker-Huber-White standard error

estimators provide tests with the correct size regardless of whether one allows the highest level of

error correlation to be at level two (e.g., the family) or level three (e.g., the community). The

two-level maximum likelihood estimator specifying that all of the error correlation takes place at

level two, which coincides with the DGP used for Figure 7, provides unbiased tests. The two-

level maximum likelihood procedure specifying that the error correlation takes place at level three

and not at level two provides much more biased tests than those of the impact of the community-

level variable.  For tests about the impact of the individual-level variable (level-one covariate), all

of the standard error estimators provide unbiased tests.

Figure 8 proves the same information as Figure 7, but the DGP used for Figure 8 has all of

the error correlation taking place at the community (third) level. Here DC >0, while DF=0. After



MEASURE Evaluation                                                                                                                57

35For Figure 8, we define the error term for each level-one observation as proportional to

 where D is the level of the intraclass correlation. The twoΕ Ε ΕT C Ii c f c i c f* ( , , ) ( ) ( , , )= + −ρ ρ1 2

error components  are independently distributed N(0,1)  random variables.

controlling for the level-three correlation (e.g., community), there is no additional correlation

among level-one units (e.g., individuals) within the same level-two unit (e.g., families).35    The

performance of the testing procedures in this instance are somewhat different that those discussed

for Figure 7.  Consider first tests about the effect of the impact of the community-level variable

(level-three covariate) in the top row of Figure 8. The naive OLS standard error estimator

continues to provide biased tests. The Eicker-Huber-White standard error estimator with only

family level (level two) error correlation and the maximum likelihood procedure that allows for

error correlation only at the family level (level two) now provide quite biased tests; this is because

these procedures do not recognize the level-three error correlation. The two-level maximum

likelihood model that allow there to be error correlation at the community level (level three), not

surprisingly, 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 Eicker-Huber-White

standard error estimators allowing for up to level-three error correlation also provide unbiased

tests for the impact of the community-level covariate.  Looking at the tests about the impacts of

the family- and the individual-level variables (levels two and one covariates), only tests based on

the naive OLS standard error estimator for the family (level two) variable are biased. All other

tests appear to have the correct size. 
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36For Figure 9, we define the error term for each level one observation as proportional to

 where D is the level of the intraclass correlation. The threeΕ Ε Ε ΕT C F Ii c f c c f i c f* ( , , ) . [ ( ) ( , )] ( , , )= + + −ρ ρ0 5 1 2

error components are independently distributed N(0,1)  random variables.

Figure 9 presents the perhaps more realistic case when there are error correlations at level

two (within the family) and at level three (within the community).36  Looking first at the

community variable (level-three covariate), the OLS standard error estimator with possible within

community error (level three) correlations and the maximum likelihood approach that allow for

error correlation at the community level (level three) provide unbiased tests. It is somewhat

surprising that this maximum likelihood estimator performs correctly here. It performed somewhat

poorly when there was only family level (level two) error correlation as in Figure 7, while here

there is family error correlation as well as community error correlation. For the community-level

variable effect, any approach that does not recognize that there can be correlated errors at the

community level provides biased hypothesis tests.  For the family-level variable (level-two

covariate, second row of graphs in Figure 9), the maximum likelihood approach that allows for

only community-level (level three) error correlation now performs poorly.  The naive OLS

approach continues to provide biased tests. The maximum likelihood approach that allows for

only level-two (family) error correlation, and the Eicker-Huber-White standard error estimator

assuming independence above level two,  provide unbiased tests for this family-level variable,

even though they both performed poorly for tests about the community-level variable. The Eicker-

Huber-White standard error estimator that allows for arbitrary community-level (level three) error

correlation continues to provide unbiased tests.  For the individual-level variable all approaches



MEASURE Evaluation                                                                                                                59

provided unbiased tests, even the naive OLS approach that assumes all observations are

uncorrelated.

Overall, the main conclusion about the performance of standard error estimators when

there are three-level 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 Eicker-Huber-White

standard errors, it does not matter whether one “over-controls” and allows for possible error

correlations at a higher level than is actually the case.  For these Eicker-Huber-White 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.   In fact, the only cost of specifying

possible correlations at too high a level for the Eicker-Huber-White estimators is that the standard

error estimators might become imprecisely estimated  if there are too few observations at the

highest level specified.  For the two-level maximum likelihood estimator, it is important to specify

exactly the level at which the error correlation takes place. 

There are some instances where tests based on the incorrectly specified maximum

likelihood procedures perform well.  For the most part it appears that hypothesis tests about level-

three (community) variables will be at most only slightly biased if one assumes that the error

correlations take place only at level three (community level).  It appears that tests about the

impacts of level-one (individual) variables based upon the maximum likelihood procedures

assuming only error correlations at level two (family) are unbiased.  If one is going to use two-

level maximum likelihood estimators in the presence of three level error components, these results

suggest it would be best to assume that all error correlation takes place at the highest level (e.g.,

community level).  
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It is important to note that all of the Monte Carlo experiments we report on here allow

there to be correlations among the explanatory variables only through the observed level-two

(family) and level-three (community) explanatory variables. If there are other reasons why there

could be correlations of regressors across level-one and level-two units, then neither of the simple

two-level maximum likelihood procedures nor the Eicker-Huber-White standard errors allowing

only correlations within level one would provide unbiased tests for the impacts of the individual-

level (level one) covariates.  In this instance only the Eicker-Huber-White standard errors

allowing for possible correlations within level three provides unbiased tests.
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37Throughout this discussion we assume either that all parameters are fixed (i.e., effects of
covariates do not vary across individuals) or that one is interested only in the mean parameter
value if parameters are random (e.g., vary by individual or by community, or both, in the two-
level models). An evaluation of the performance of multilevel, random parameter models is well
beyond the scope of this essay. However, it would be quite useful for there to be detailed
evaluations of these more complicated estimation procedures that are similar to those we present
here for the simple multilevel model.

How Do You Know if You Need to Control for the Multilevel Error Structure?

The simple answer to this question is that if you at all suspect that there could be

unobserved determinants from a higher level then you should use standard error estimators that

recognize the possibility of error correlation within lower level units. Typically, if one fails to

recognize the possibility of correlated disturbances then most hypothesis tests will reject too

frequently true null hypotheses.  The Eicker-Huber-White standard error estimators as

implemented in Stata provide unbiased tests even if one “over-specifies” the highest level within

which there could be error correlation. In a sense, it is costless to use these adjusted standard

errors. If one adjusts the standard errors unnecessarily, the adjustments will tend to be quite small

and inconsequential. As an added benefit, these Eicker-Huber-White standard error estimators

also control for arbitrary forms of heteroscedasticity. Heteroscedasticity is a key consequence of

having random coefficient models, so this type of standard error adjustment could be quite useful

for a variety of reasons. Therefore, the standard errors of simple OLS point estimates should be

adjusted. 

The harder question to answer is whether one should implement maximum likelihood

procedures to control for the multilevel error structure.  Before answering this question, it is

important to recognize the potential gains from using a maximum likelihood multilevel model.37 

The gain in efficiency from using models that incorporate the multilevel structure varies according

to the type of covariate. For covariates measured at the highest level, typically the efficiency gains
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for maximum likelihood estimators over OLS estimators are small. If one is interested in

estimating the impact of a community-level program on individual-level outcomes, then there is

little to gain. For estimating the impacts of individual-level covariates in individual-level

outcomes, however, the efficiency gains can be substantial. 

There are two possible costs of using multilevel models. The first is that they are slightly

more difficult to estimate than simple OLS models.  For simple models this cost should be

inconsequential, as several standard statistical packages do incorporate seemingly unrelated

regression models and maximum likelihood procedures for two-level error structures. The second

cost of using multilevel estimation procedures is that the standard errors reported from these

models will be incorrect unless the true form of the multilevel model is specified in the estimation

procedure. Unlike the Eicker-Huber-White standard error estimators, the standard error

estimators from the maximum likelihood models will be incorrect unless one models correctly the

form of the error structure at all levels.  

It should, however, be possible to minimize the importance of this latter cost. One can use

the maximum likelihood point estimators, even with a somewhat misspecified error structure, and

then adjust the standard errors by using Eicker-Huber-White standard error estimators adapted

for “quasi-maximum” likelihood models.  Unfortunately, such procedures are not readily available

in existing computer packages with multilevel error structures. If they were implemented in these

computer packages, then researchers would be able to carry out valid hypothesis tests while

retaining some of the efficiency gains by exploiting the multilevel error structure.  

The answer to the question of whether one should use multilevel models is complex. In

many interesting situations, such as the estimation of community level characteristics in the
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presence of community-level unobservables, there will be little efficiency gains. In this instance

there is no compelling reason to undertake more difficult estimation problems. In other situations,

such as the estimation of the effects of individual-level variables, there can be important efficiency

gains. But in these instances, it is, in general, key to specify correctly the precise form of the

multilevel model in the estimation. Regardless of whether one takes the multilevel structure of the

errors into account, it does seem important to use robust standard error estimators, like the

Eicker-Huber-White ones used here, unless one is sure that the estimation model is correctly

specified.

Conclusion 

In this essay we have explored several issues about the importance of using multilevel

modeling approaches when analyzing data of the type frequently used to evaluate health and

family planning programs in developing countries. In particular, we examined a simple model

where an individual-level outcome could depend on individual-level covariates and on covariates

that come from a higher, more aggregate level. The salient feature that  makes these models more

complex than standard regression models arises from the fact that there may be unobserved

determinants of behavior at both the individual and at the more aggregate level.  In this instance,

several observations within the same aggregate level will be influenced by the same higher level

unobserved determinants and consequently will have correlated disturbances.  This violates one of

the key assumptions for the Ordinary Least Squares estimators to be the Best Linear Unbiased

Estimator; it also violates a key assumption for the usual OLS formulae to provide accurate and
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reliable standard error estimators.  There are maximum likelihood estimators for these multilevel

models that recognize these error correlations and exploit them to obtain theoretically better

estimators.  We gauge the performance of the OLS estimators against these maximum likelihood

estimators that theoretically provide the most precise, unbiased estimators. 

Theoretically, the presence of multilevel, correlated disturbances does not introduce a bias

into the estimated parameters for any of the estimators considered here, and we demonstrate this

through our first set of Monte Carlo experiments.  While bias of parameter estimates is not an

issue, there are two drawbacks to ignoring multilevel, hierarchical disturbances and relying on

simple OLS procedures to evaluate the impacts of covariates on outcomes.  The first limitation of

the OLS estimators is that one might be able to define more accurate estimators of the impacts of

the individual- and aggregate-level variables on the individual-level outcome.  The second is that

the standard errors reported by ordinary least squares procedures will not reflect accurately the

true sampling variability of the estimators. This latter shortcoming can lead to biased tests of

hypotheses about the parameters of interest; nearly always the standard errors reported by the

OLS procedures will be too small, and researchers will reject true null hypotheses more frequently

than they specify for the sizes of their tests. 

Our analysis reveals that there are only very small efficiency gains to be obtained from

using the most efficient estimators of the impact of the higher level (e.g., community level)

variable on the lower level (e.g., individual level) outcome instead of Ordinary Least Squares

estimators.  Theoretically, all efficiency gains for this coefficient estimator from using the

maximum likelihood estimators instead of the OLS estimator are the result of the higher level

explanatory variable being correlated with the lower level explanatory variable. This means that
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any potential efficiency gains are tempered by the inclusion of highly correlated variables which

cause the precision of the estimator to fall. Only if there is both a  high correlation of the

regressors from the different levels  (e.g., greater than 0.90) and a high correlation of disturbances

within the higher level units can the efficiency improvements for the impact of higher level

explanatory variable be at all substantial. There can be somewhat larger efficiency gains when

there are only a few observations per higher level unit (i.e., few individuals per community), but

these diminish rapidly after having only five or ten observations per higher level unit.  But even

with two or three observations per community, the gains are substantively small unless there are

quite high correlations between the regressors at the two levels.  There can, however, be

substantial efficiency gains for the estimators of the impacts of the lower level (individual level)

variables on the lower level (individual) outcome, but such impacts are typically only of second

order interest when evaluating the impacts of programs on individual outcomes. 

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 Ordinary Least Squares formulae 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 formulae that allow error correlations at

the higher level. The maximum likelihood standard error estimators perform flawlessly for these

two-level models. 

When we examine three-level models, the Eicker-Huber-White standard error estimators

allowing for error correlations within the highest level continue to perform quite well, while the
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maximum likelihood estimators that assume only two levels 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 though 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; the 

Eicker-Huber-White standard error estimators do not have this limitation.

If one is primarily interested in estimating the impacts of a community-level variable on

individual-level outcomes, as is frequently the case in the evaluation of health and family planning

programs in developing countries, then the results of this paper provide some important

guidelines.  First, there appear to be small efficiency gains  for the estimates of the impacts of

community-level factors on the individual-level behavior from using maximum likelihood

procedures instead of simple ordinary least squares estimation. Second, it is crucial to adjust the

estimated standard errors of the ordinary least squares estimators to reflect the fact that there can

be correlated error terms at higher levels; the Eicker-Huber-White standard error estimators

appear to provide adequate adjustments.  Third, when one estimates incorrectly specified

regression functions, multilevel models can indicate that the multilevel error structure is

important, even when only simple adjustments of the regression function indicate that the

multilevel models are irrelevant.  This point, given the first two guidelines, suggests that it might

be more important for researchers to investigate more detailed regression function specifications

before they attempt to use the more complex, maximum likelihood, multilevel procedures. 

Fourth, even if there are complex multilevel error correlations in the data, the Eicker-Huber-
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White 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 are present.  In summary, these results indicate

that simple ordinary least squares models with standard errors corrected for high level error

correlation appear to provide unbiased and accurate estimates of the impacts of community-level

variables on individual-level outcomes.
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Figure 1

The Unbiasedness of Ordinary Least Squares and Maximum Likelihood Estimators in Models
 with Multilevel Errors by the Level of the Intraclass Error Correlation 

Figure 1 A: Community Level Variable Coefficient Estimates at Three R2 Values
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Figure 1 B: Correlated Individual Level Variable Coefficient Estimates at Three R2 Values
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Figure 1 C: Independent Individual Level Coefficient Estimates Three R2 Values
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Figure 2

Empirical Standard Deviations of Ordinary Least Squares and Maximum Likelihood
 Estimates in Multilevel Models by the Level of the Intraclass Error Correlation  

Figure 2A: Standard Deviations for Community Level Coefficient Estimates at Three R2 Values  
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Figure 2B: Standard Deviations for Correlated Individual Level Coefficient Estimates at Three R2

Values
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Figure 2C: Standard Deviations for Independent Individual Level Coefficient Estimates at Three
R2 Values
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Figure 3

Standard Deviations of Ordinary Least Squares Estimators as a Fraction of the
 Standard Deviations of the Maximum Likelihood Estimators as a Function

Number of Observations per Community

Figure 3A: Community Level, Correlated Individual Level, and Independent Individual 
Level Coefficient Estimators for Intraclass Correlation 0.25 and Four Regressor Correlations

Relative OLS Standard Errors by N, Rho=.25
NIPC
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Figure3B: Community Level, Correlated Individual Level, and Independent Individual 
Level Coefficient Estimators for Intraclass Correlation 0.75 and Four Regressor Correlations

Relative OLS Standard Errors by N, Rho=.75
NIPC
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Figure 4

Standard Deviation of Ordinary Least Squares Estimator as a Fraction of the Standard Deviation
of the Maximum Likelihood Estimator of the Impact of the Community Level Variable, 
as a Function of the Correlation of the Community and Individual Level Regressors (J)

Figure 4A: Community Level Coefficient Estimators with an Intraclass Correlation of  0.25 
and Four Specifications of the Number of Observations per Community
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Figure 4B: Community Level Coefficient Estimators with an Intraclass Correlation of  0.75 
and Four Specifications of the Number of Observations per Community
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Figure 5 
Performance of Standard Error Estimators:  Probability of Rejecting a True Null Hypothesis

Size = 0.05 Size = 0.10
Figure 5A: Community Level Variable
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Figure 5B: Correlated Individual Level Variable
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Figure 5C: Independent Individual Level Variable
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Figure 6

Power to Reject Null Hypotheses as a Function of the Intraclass Error Correlation
Ordinary Least Squares Estimators with Eicker-Huber-White Standard Errors and 

Two-Level Maximum likelihood Estimators 

Figure 6A: Coefficient on the Community Level Variable
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Figure 6B: Coefficient on the Correlated Individual Level Variable
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Figure 6C: Coefficient on the Independent Individual  Level Variable
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Figure 7

Performance (Size) of Standard Error Estimators for Three Level Models
Only Level Two Error Correlation

             Ordinary Least Squares Estimators                Maximum Likelihood Estimators
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Figure 8

Performance (Size) of Standard Error Estimators for Three Level Models
Only Level Three Error Correlation

             Ordinary Least Squares Estimators                Maximum Likelihood Estimators
      

S
iz

e=
0.

05

Type I Error, OLS, Community (Level 3) Variable
Rho

 olstest  olshcom
 olshfam

0 .5 1

0

.2

.4

.6

.8

S
iz

e=
0.

05

Type I Error, MLE, Community (Level 3) Variable
Rho

 mlecomm  mlefam

0 .5 1

0

.2

.4

.6

.8

      

S
iz

e=
0.

05

Type I Error, OLS, Family (Level 2) Variable
Rho

 olstest  olshcom
 olshfam

0 .5 1

0

.1

.2

.3

S
iz

e=
0.

05

Type I Error, MLE, Family (Level 2) Variable
Rho

 mlecomm  mlefam

0 .5 1

0

.1

.2

.3

        

S
iz

e=
0.

05

Type I Error, OLS, Individual (Level 1) Variable
Rho

 olstest  olshcom
 olshfam

0 .5 1

.04

.05

.06

.07

S
iz

e=
0.

05

Type I Error, MLE, Individual (Level 1) Variable
Rho

 mlecomm  mlefam

0 .5 1

0

.1

.2

.3



MEASURE Evaluation                                                                                                                79

Figure 9

Performance (Size) of Standard Error Estimators for Three Level Models
Level Two and Level Three Error Correlations

             Ordinary Least Squares Estimators                Maximum Likelihood Estimators
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Y i c X c X i c X i c

c i c
C C IC IC I I

C I

( , ) ( ) ( , ) ( , )

( ) ( , )

= + + +
+ +

β β β β0

Ε Ε

        (A.1)

Appendix

Analytic Expressions for Asymptotic Covariance Matrices

Suppose there is a two level error structure in a simple regression model describing the 

outcome variable y(i,c).

We assume that there are N level 1 units (subscript i) and J level 2 units (subscript c). We assume

independence across level 2 units. The disturbances   and are assumedΕ I i c( , ) Ε IC c( )

uncorrelated and homoscedastic (equal variance not depending on the observed variables). We

assume also that the explanatory variables  can be correlated, and that theX c and X i cC IC( ) ( , )

correlation of the level one variables within the level two unit is due only to factors that influence

the level 2 explanatory variable. In particular, if  thenCov X c X i cI IC( ( ), ( , )) = τ

1 .  The explanatory variable isCov X i c X i c i iIC IC( ( , ), ( ' , )) '= ∀ ≠τ 2 X i cI ( , )

uncorrelated with both . Without loss of generality, we assume that theX c and X i cC IC( ) ( , )

disturbances   and are uncorrelated and that the fraction of the total variance ofΕ I i c( , ) Ε IC c( )
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due to the level 2 disturbance, the intraclass correlationΕ Ε ΕT C Ii c c i c( , ) ( ) ( , )= +

coefficient,  is D. With only  a minor loss of generality, we assume that all explanatory variables

and the outcome  are mean zero, so there is no intercept in the model.  

Throughout the derivations in this Appendix, we assume that the variance of the

composite error, +T(i,c), equals 1.  If the composite error variance were instead  F2, then one

would simply multiply each of the covariance matrices in this appendix by F2 to obtain the

covariance matrices with the non-unit variance.  We also assume that the variances of each of the

explanatory variables equals 1.  If this is not the case, then one should adjust each element of each

covariance matrix by the product of the standard deviations of the explanatory variables that

relate to the particular row and the particular column of the element of covariance matrix.  Since

we focus on ratios of  the elements of the covariance matrix in this analysis, such normalizations

are inconsequential.

Let X be the  matrix of explanatory variables (X has NJ rows and 3 columns) and y be a

column vector with NJ elements corresponding to the explanatory variables in X.  The simple

ordinary least squares estimator is given by  

β β ε
^

( ' ) ' ( ' ) '= = +− −X X X y X X X T
1 1

where ,T is a NJ vector containing the composite disturbances ,T(i,j).  The covariance matrix for

the OLS estimators is  

Var E E X X X X X XT T( ) [( )( )' ] [( ' ) ' ' ( ' ) ]
^ ^ ^

β β β β β β ε ε− = − − = − −1 1
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Provided that the number of level one units is finite, the asymptotic distribution of the OLS

estimator is 

J N

where

p
X X

J
p

X X

J
p

X X

J

OLS
d

OLS

OLS
T T

( ) ( , )

lim
'

lim
' '

lim
'

^

β β

ε ε

−  →

= 

















⋅ 













 ⋅ 

















− −

0

1 1

Ω

Ω

By the properties of probability limits, and given finite fourth moments, 
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p
X X

J
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X X
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N N

N N

N

N N

N N

N
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MEASURE Evaluation                                                                                                                84

The asymptotic covariance matrix of the OLS estimates is, after some algebraic manipulation,

given by

Ω OLS N

N

=

+ − −
−

−
−

−
− −























1

1 1 1

1 1
0

1

1

1
0

0 0 1

2

2 2

2 2

ρ τ
τ

τ
τ

τ
τ τ

( )( )

( ) ( )

( ) ( )
    (A.3)

Next consider the Generalized Least Squares (GLS), best linear unbiased estimator, that takes

account of the fact that there the ,T(i,c) are correlated within clusters.  As above, we focus on the

asymptotic distribution of the GLS estimator, and we examine the case where one uses the true 

covariance matrix of the residuals within the level-two units.  In this instance, the GLS estimator

of $, $GLS, is equivalent to the maximum likelihood estimator $MLE .  Using the same assumptions

as above,

J N

where

p
X V X

J

MLE
d

MLE

MLE

( ) ( , )

lim
'

^

β β−  →
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− −
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V is the NxN covariance matrix of the residuals. Under the above assumptions it is given by

V and

V
N

N

N

N

=













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
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1
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ρ ρ ρ
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L

M M M M

L

L

L

M M M M

L

( )[ ( )]

( )

( )

( )

After some algebraic manipulation, the asymptotic covariance matrix, corresponding to the

asymptotic variances and covariances of the three point estimators,  can be expressed as

Ω MLE

N

N N N

N

N

N
N

N

N

N
N

N

=

+ − + − − −
+ − −

− − + −
+ − −

− − + −
+ − −

− + −
+ − −

− + −
+ −

1

1 1 1 2 1

1 2 1

1 1 1

1 2 1
0

1 1 1

1 2 1

1 1 1

1 2 1
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0 0
1 1 1

1

2

2 2

2 2

[ ( )][ (( ) ( ))]

[ ( )]( )

( )[ ( )]

[ ( )]( )
( )[ ( )]
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( )[ ( )]
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ρ ρ τ
ρ τ

τ ρ ρ
ρ τ

τ ρ ρ
ρ τ
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ρ ρ
ρ 2)























 (A.4)
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The ratios of the variances for the OLS estimators, given by the  diagonal elements of the

covariance matrix in equation (A.3), to the corresponding variances of the maximum likelihood

estimators defined in equation (A.4) provide a measure of the efficiency loss by using OLS instead

of the efficient maximum likelihood estimator for the multilevel model.  The square root of this

variance ratio, which measures the ratio of the standard errors of the two estimators, provides an

indication of the percentage increase in confidence intervals from using the less efficient OLS

estimator.  The efficiency loss due to using OLS instead of the maximum likelihood estimator for

the multilevel model clearly depends on (1) the number of level-one observations within each of

the J level-two units, (2) the intraclass correlation coefficient D, and (3) the degree of correlation

between the community-level explanatory variable     and the individual levelX cC ( )

variable  .  X i cIC ( , )

One exceptionally interesting variance comparison comes from the case where the

community level covariates are uncorrelated with all of the individual level covariates (i.e., J=0).

In this instance, the variance ratio is 1 for two estimators of the impact the community level

variable. This means that there is no efficiency loss in the estimation of the impact of the

community level variable from using OLS instead of the maximum likelihood procedure when the

community level variable is uncorrelated with community characteristics. One 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 communities.  It is, however, important to note that

the standard errors reported by a simple OLS procedure would be incorrect.  The naive standard

error reported by an OLS procedure that does not recognize the within level two unit error
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38The incorrect, naive report of the asymptotic standard errors that a simple OLS
procedure would yield are given by the square roots of the diagonal elements of the inverse of the
E[(X’X)/J] matrix as presented in equation (A.2). 

correlations would underestimate the true sampling variability of the OLS estimator by a factor of

[1+D(N-1)].38
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Appendix Figure 1

The Unbiasedness of Ordinary Least Squares and Maximum Likelihood Estimators in Models
with Multilevel Errors by the Level of the Intraclass Error Correlation for

400 Communities, 50 Observations per Community

Appendix Figure 1 A: Community Level Variable Coefficient Estimates at Three R2 Values
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Appendix Figure 1 B: Correlated Individual Level Variable Coefficient Estimates
 at Three R2 Values
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Appendix Figure 1 C: Independent Individual Level Coefficient Estimates Three R2 Values

Mean of Independent Variable Coefficient Estimates
Rho
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Appendix Figure 2

Empirical Standard Deviations of Ordinary Least Squares and Maximum Likelihood
Estimates in Multilevel Models by the Level of the Intraclass Error Correlation for

400 Communities, 50 Observations per Community

Appendix Figure 2A: Standard Deviations for Community Level Coefficient Estimates 
at Three R2 Values
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Appendix Figure 2B: Standard Deviations for Correlated Individual Level Coefficient Estimates
at Three R2 Values
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Appendix Figure 2C: Standard Deviations for Independent Individual Level Coefficient Estimates
at Three R2 Values

      

Standard Deviation of Indep. Var. Coefficient Estimates
Rho

 Xi_OLSsd  Xi_MLEsd

R_square==.1

0

.02

.04

.06

R_square==.2

0 .5 1
R_square==.5

0 .5 1
0

.02

.04

.06



MEASURE Evaluation                                                                                                                92

References

Angeles G., Dietrich J., Guilkey D., Mancini D., Mroz T., Tsui A. and F. Zhang.
2001. "A Meta-Analysis of the Impact of Family Planning Programs on Fertility Preferences,
Contraceptive Method Choice and Fertility." MEASURE Evaluation Working Paper Series No.
30.

Bollen, K., Guilkey D. and T. Mroz. 1995. "Binary Outcomes and Endogenous Explanatory
Variables: Tests and Solutions with an Application to the Demand for Contraceptive Use in
Tunisia," Demography: 32, 1.

Bryk A. and S. Raudenbush. 1992. Hierarchical Linear Models: Applications and Data Analysis
Methods. Newbury Park: Sage

Eicker, F., 1963, “Asymptotic Normality and Consistency of Least Squares Estimators for
Families of Linear Regressions,” Annals of Mathematical Statistics, 24, 447-456.

Eicker, F., “Limit Theorems for Regressions with Unequal and Dependent Errors,” in
Proceedings of the Fifth Berkeley Symposium on Mathematical Statistics, Vol. 1, Berkeley:
University of California Press, pp. 59-82.

Gertler, P. and J. Molyneaux. 1994. "How Economic Development and Family Planning
Programs Combined to reduce Indonesian Fertility," Demography: 31, 1.

Goldstein, H., 1995. Multilevel Statistical Models. London: E. Arnold; New York: Halsted Press.

Guilkey, D. and S. Cochrane. 1995. "The Effects of Fertility Intentions and Access to Services on
Contraceptive Use in Tunisia," Economic Development and Cultural Change 43.

Guilkey, D. and S. Jayne. 1997. "Zimbabwe: Determinants of Contraceptive Use at the Leading
Edge of Fertility Transitions in Sub-Saharan Africa," Population Studies 51.

Guo, G. and H. Zhao. 2000. "Multilevel Modeling for Binary Data," Annual Review of Sociology
26.

Huber, P. J., “The Behavior of Maximum Likelihood Estimates under Non-Standard Conditions,”
in Proceedings of the Fifth Berkeley Symposium on Mathematical Statistics, Vol. 1, Berkeley:
University of California Press, pp. 221-233.

Kalton, G., 1983, Introduction to Survey Sampling, Beverly Hills: Sage.

Kish, L., 1965, Survey Sampling, New York: John Wiley. 



MEASURE Evaluation                                                                                                                93

Kreft, I. and J. de Leeuw. 1998. Introducing Multilevel Modeling. Thousand Oaks, California:
Sage.

Mroz, T., 2001, “Arbitrary Scaling and Spurious Biases in Multilevel Models for Discrete
Outcomes,” in progress, Carolina Population Center, UNC, Chapel Hill.

Rous, J., 2001. “Are Breastfeeding and Contraception Substitute Family Planning Strategies,”
forthcoming, Demography.

Stewart, J., Popkin B., Guilkey D., Akin J., Adair L. and W. Flieger. 1991. “Influences on the
Extent of Breast-Feeding: A Prospective Study in the Philippines,” Demography 28, 2. 

White, H., 1980, “A Heteroskedasticity-Consistent Covariance Matrix Estimator and a Direct
Test for Heteroskedasticity,” Econometrica 48: pp. 817-830. 


