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ABSTRACT. Propensity score methods are being increasingly used as a less parametric alter-
native to traditional regression to balance observed differences across groups in medical and
health policy research. Data collected in these disciplines are often multilevel in analytically
relevant ways. The propensity score, however, has been developed and used primarily with
unstructured data. We present and compare several propensity-score-weighted estimators in
the context of hierarchically structured data, including marginal, cluster-weighted and doubly-
robust estimators. Using both analytical derivations and Monte Carlo simulations, we illustrate
bias arising when the usual assumptions of propensity score analysis do not hold for multilevel
data. We show that exploiting the multilevel structure, either parametrically or nonparamet-
rically, in at least one stage of the propensity score analysis can greatly reduce these biases.
These methods are applied to a study of racial disparities in breast cancer screening among

beneficiaries in Medicare health plans.
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1 Introduction

Population-based observational studies often are the best methodology for studies of access to,
patterns of, and outcomes from medical care. Observational data are increasing being used
for causal inferences, such as comparative effectiveness studies where the goal is to estimate
the causal effect of receiving alternative treatment on patient outcomes. However, the propen-
sity score methodology is not limited to causal analysis. For example, a common objective in
descriptive studies is to conduct a controlled and unconfounded comparison, without a neces-
sarily causal or randomization interpretation, e.g. comparing outcomes in two different years
or different races. Here the propensity score is a tool to achieve balance in distributions of
covariates in different groups.

Whether the purpose of the study is description or causal, comparisons between groups
can be biased, however, when the groups are unbalanced with respect to confounders. Standard
analytic methods adjust for observed differences between groups by stratifying or matching pa-
tients on a few observed covariates or by regression adjustments. But if groups differ greatly in
observed characteristics, estimates of differences between groups from regression models rely
on model extrapolations that can be sensitive to model misspecification [1]. Propensity score
methods [2, 3] have been proposed as a less parametric alternative to regression adjustment
and are being increasingly used in health policy studies [4, 5, and references therein]. These
methods weight, stratify or match subjects according to their propensity for group membership
(i.e. to receive treatment or to be in a minority racial group) to balance the distributions of
observed characteristics across groups.

Propensity score methods were developed and have been applied in settings with unstruc-
tured data. However, data collected in medical care and health policy studies are typically
clustered in ways that may be relevant to the analysis, for example by geographical area, treat-

ment center (hospital or physician), or in the example we consider in this paper, health plan.
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The unknown mechanism that assigns subjects to clusters may be associated with measured
subject characteristics that we are interested in (e.g., race, age, clinical characteristics), mea-
sured subject characteristics that are not of intrinsic interest and are believed to be unrelated
to outcomes except through their effects on assignment to clusters (e.g., location), and unmea-
sured subject characteristics (e.g., unmeasured severity of disease, aggressiveness in seeking
treatment).

Such clustering or multilevel structure raises several issues. First, if clusters are randomly
sampled, standard error calculations that ignore clustering will be inaccurate. A more inter-
esting set of issues arises because measured and unmeasured factors may create cluster-level
variation in treatment quality and/or patient outcomes. Multilevel regression models have been
developed to give a more comprehensive description than non-hierarchical models provide for
such data [6]. Despite the increasing popularity of propensity score analyses and the vast litera-
ture regarding regional and provider variation in medical care and health policy research [7, 8],
the implications of such data structures for propensity score analyses have not been intensively
studied, except for a few unpublished manuscripts and conference papers [9, 10]. An exception
is Arpino and Mealli (2011) [11], who addressed this issue explicitly through extensive Monte
Carlo simulations that illustrated the benefit of respecting the clustered structure in propensity
score matching to protect against bias due to unmeasured cluster-level confounders. Similarly,
in some settings one individual’s outcome may depend on the treatment assignment of other
individuals within the cluster (as in studies of behavioral outcomes or infectious disease where
units in the same cluster may influence each other [12]), violating the commonly invoked stable
unit treatment value assumption (SUTVA) [13].

We focus on propensity score weighting strategies that are widely used in medical care,
health policy research and economics [14, 15, 16, 17] and argue that ignoring the multilevel

structure can lead to biased estimates. To simplify, we focus on two-level structures. We



investigate the performance of different modeling and weighting strategies in the presence of
model misspecification due to cluster-level confounders, both measured and unmeasured, and
violations of the SUTVA.

In Section 2, we introduce a study of racial disparities in receipt of breast cancer screening
and motivate the use of propensity score methods to account for multilevel structure. In Section
3, we present propensity-score-weighting analogues to some standard regression models for
clustered data, including marginal, cluster-weighted and doubly-robust estimators. Section
4 analytically illustrates the bias caused by ignoring clustering in a simple scenario without
observed covariates. Section 5 presents a comprehensive Monte Carlo simulation study to
examine the performance of the estimators under model misspecification due to observed and
unobserved cluster-level covariates. We then apply the methods to the racial disparities study

in Section 6. Section 7 concludes with a general discussion.

2 Motivating application

Our motivating application is based on the HEDIS®measures of care provided by Medi-
care health plans. Each of these measures is an estimate of the rate at which a guideline-
recommended clinical service is provided to the appropriate population. We obtained individual-
level data from the Centers for Medicare and Medicaid Services (CMS) on breast cancer screen-
ing of women in these plans [18]. We focused on the difference between whites and blacks,
and subjects of other races, for whom racial identification is unreliable in this dataset, were
excluded. We also restricted the analysis to plans with at least 25 eligible white enrollees and
25 eligible blacks, leaving 64 plans. To avoid domination of the results by a few very large
plans, we drew a random subsample of size 3000 from each of the three large plans with more

than 3000 eligible subjects, leaving a total sample size of 56,480.



In a simple comparison, 39.3% of eligible black women did not undergo breast cancer
screening compared to 33.5% of white women. Suppose, however, that we are interested in
comparing these rates for black and white women with similar distributions of as many co-
variates as possible. The unadjusted difference in receipt of recommended services ignores
observed differences in individual (for example, age and eligibility for Medicaid) and cluster
(geographic region, tax status, provider practice model) characteristics between black and white
women. Standard propensity score analyses would account for these observed differences, but
there may also be unobserved differences among plans related to quality. When there are such
unmeasured confounders, the propensity score model is likely to be misspecified, leading to
inaccurate estimates of the propensity score and differences across groups. For example, anal-
yses that ignore variation in minority enrollment across the plans would attribute these plan
effects to race-based difference in treatment. Misspecification can also arise from assuming
an incorrect functional form. Sensitivity to misspecification of the propensity score model for
unclustered data was examined in [19]. Clustering widens the range of model choices in each
step of a propensity-score analysis, as described in the next section.

The goal of the following analyses is to assess the difference in the proportion undergoing
breast cancer screening between whites and blacks, controlled for individual and plan level
effects. Race is not a “treatment” in the conventional sense of causal inference, because it is
not manipulable [20]. Hence our goal is not to establish a causal relationship between race
and health service utilization, but simply to estimate the difference in rates under balanced
distributions of covariates between the two races. Causal inference is the goal in many other
applications, such as comparative effectiveness studies that seek to estimate causal effect of
receiving alternative treatments on patient outcomes. The propensity score is a powerful tool
to balance the covariate distribution between groups for studies with either causal or non-causal

purposes, and our propensity score methods are applicable in both settings.



3 Propensity score weighted estimators for multilevel data

3.1 Basics

Consider a sample or population of n units, from cluster & (h = 1, ..., H), each including ny,
units indexed by k = 1,...,n, and n = ), ny,. Each unit belongs to one of two groups for
which covariate-balanced comparisons are of interest, possibly defined by a treatment; in either
case we will use the terms “treatment” and “control” to refer to the groups. Let Zp, = 25, be the
binary variable indicating whether subject £ in cluster A is assigned to the treatment (2, = 1)
or the control (2, = 0), and let z = (211, ..., 2y s - ZHny ) - Also let Xy, be a vector of
unit-level covariates, V, be a vector of cluster-level covariates, and Uy, = (Xpg, V).

Under the potential outcome framework for causal inference [21], each unit has a potential
outcome Y},x(z) under each possible vector of treatment assignment indicators z. A typical
assumption of causal analysis is the Stable Unit Treatment Value Assumption (SUTVA), which
states that the outcomes for each unit are unaffected by the treatment assignments of other units
(whether within or across clusters). Formally, for any £ and h, and any z and z’ with 2, = 2},
Yie(z) = Yu(z'). Hence, the potential outcomes can be written as a functions of z;, rather
than the entire vector z, and there are only two potential outcomes for each unit [13].

To estimate a causal effect from observed data, the key identifying assumption is strong ig-
norability of treatment assignment [2], consisting of two sub-assumptions. First, unconfound-
edness represents randomization of treatment assignment within cells defined by the values of
observed covariates, Pr(Y (z)|U) = Pr(Y|U, Z = z), for z = 0, 1. Therefore, the effects can
be identified based on the observed distributions. Second, the overlap assumption requires that
the study population be restricted to values of covariates for which there can be both control and
treated units; otherwise the data cannot support an inference about comparisons of outcomes

under the two treatments.



Under these assumptions, a causal treatment effect can be defined by comparison of the
potential outcomes under treatment versus control on a common set of units, which may be

summarized by the “Average Treatment Effect” (ATE),
T = E{Y(1) - Y(0)}, (1)

that is, the population average difference in the potential outcomes under treatment and con-
trol. Alternative estimands, such as the “Average Treatment Effect on the Treated” (ATT)
E(Y (1) =Y (0)|T = 1) may also be of interest, as in [11]. What is common across these anal-
yses is that means of Y (1) and Y (0) are compared under the same hypothesized distribution
of the covariates. Descriptive comparisons without a causal interpretation but controlled for
covariates similarly involve construction of populations with the same balance property.

The propensity score is defined as e(U) = P(Z = 1 | U), the conditional probability
of being in (treatment or descriptive) group Z = 1 given covariates U. The utility of the
propensity score resides in the fact that under strong ignorability [see, e.g. 16],

2y (1-2)Y
k { e(U) 1—¢(U)

}:mym—Y@} )

In essence, this estimator weights both groups to a common distribution of covariates, namely
that of the combined population. Therefore, the ATE (or controlled descriptive comparison)
can be estimated by comparing weighted averages of the observed outcomes using the inverse-
probability (Horvitz-Thompson or HT) weights wy; = 1/e(Uyy) for units with Z; = 1 and
wpr, = 1/(1 — e(Upy)) for units with Z; = 0. It can readily be verified that this weighting
balances (in expectation) the weighted distribution of covariates in the two groups. The validity
of this method depends, however, on the correctness of the specification of the propensity score.
In the following subsections we consider modifications of this approach appropriate to clustered

data.



3.2 Models for the propensity score

We consider three alternative propensity score models for clustered data, corresponding to dif-
ferent assumptions about the assignment mechanism. A marginal model uses cluster member-
ship only as a link to observed cluster-level covariates. The propensity score thus is a function

of the observed covariates, e;;, = ¢(Upy), as in the logistic model
10git(€hk) = 50 + Uhka. (3)

Such a model yields a valid balancing score under the assumption that all cluster-level covari-
ates that are associated with group (treatment) assignment are observed.

A fixed effects model is augmented with a cluster-level main effect 9;, as in the following
logistic model:

logit(ehk) =0, + tha, 4)

The §;, term absorbs the effects of both observed and unobserved cluster-level covariates V;,,
protecting against misspecification due to cluster-level confounders. With maximum likelihood
estimation, the observed and predicted numbers of treated cases within each cluster will agree,
guaranteeing balance of the HT estimator on both observed and unobserved cluster level co-
variates. The fixed effects model estimates a balancing score without requiring knowledge of
V., but might lead to larger variance than the propensity score (the coarsest balancing score)
estimated under a correct model with fully observed Vy,.

When there are many small clusters, the fixed effects model can make propensity score
estimates unstable due to the large number of free parameters and the possibility of separation
(representation of only one group) in some clusters. In the latter case, strong ignorability would
require exclusion of those clusters from the inferential population. An alternative is to assume

a random effects model, augmenting (4) with a prior distribution &, ~ N(dy, o2) on the cluster-



specific main effects

logit(ehk) =0, + Uprax. &)

More generally, the random effects may include random coefficients of some individual-level
covariates. The distributional assumption on d;, in the random effects model greatly reduces
the number of parameters compared to the fixed effects model. To estimate propensity scores
from (5), one can plug in a point estimate, such as the posterior mode or the posterior mean
of the inverse-probability weight. However, the random effects model does not guarantee bal-
ance within each cluster, due to the shrinkage of random effects toward zero, and therefore is
somewhat reliant on inclusion of important cluster-level covariates V, as regressors. Thus it
represents a compromise between the marginal and fixed effects models, with results converg-
ing to those from a corresponding fixed effects model as the sample size per cluster increases.
(Differences among these models are examined by simulations in Section 5.)

The goodness of fit of these models can be checked by conventional diagnostic procedures
[e.g. 3]. For example, one can check both the overall and within-cluster balance of the distri-

bution of covariates weighted by the inverse estimated propensity score in the two groups.

3.3 Estimators for the average treatment effect

In general there are two types of propensity-score-weighted estimators for the ATE, applying
the weights to either the observed outcomes (nonparametric estimators), as in (2), or the fitted
outcomes from a parametric model (parametric estimators). The clustered data structure offers
possibilities for several variations on these inverse-probability-weighted estimators, which we
consider here.

A nonparametric marginal estimator is the difference of the weighted overall means of the



outcome between the treatment and control groups, ignoring clustering,
Yok wn, Yok wns
ame = _— —_— 6
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Zpk=1 Zpr=0
where wy, is the inverse-probability weight of subject & in cluster h based on the estimated
propensity score (e.g., from one of the three models in Section 3.2) with wy, = 1/éy for units
with Zp, = 1 and wyr = 1/(1 — épy,) for units with Z, = 0, and w, = ZM:ZM:Z wpy, for
z=0,1.

A nonparametric clustered estimator first estimates the ATE within each cluster:

thzl th:(]
P ven  YheWnk _Zkeh Yhrwnr

Wh1 Who
where wy,, = >} kh’“ —*wpy, for 2 = 0, 1, and then takes their mean weighted by cluster sample

sizes:
A =" A /n. (7)
h

The numerator and denominator of one of the terms of (7) will be zero for clusters where all
units are assigned to the same group, violating the overlap assumption. Therefore, to implement
the clustered estimator (7) with propensity scores estimated from a fixed effects model, one
need to excludes clusters with n,g = 0 or n,; = 0.

An attractive parametric weighted estimator is the doubly-robust (DR) estimator proposed

by Robins and colleagues [e.g. 14, 15, 22]:

ZniY; Znie — €ni) Yur( (1— Zw)Y, Zi — €nie) Yo (0
ﬁDR:nflz hk hk_( hk €hk) hk hk hk_'_( hk €hk) hk()

1_ehk 1_éhk

8)

where Y(z) is the fitted potential outcome (we discuss potential outcome models in Section

el

é €
e hk hk

3.4). The name “doubly-robust” refers to the large sample property that 7% is a consistent
estimator of the ATE 7 if either the propensity score model or the potential outcome model is

correctly specified, but not necessary both. In large samples, if e is modeled correctly, #PF
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has smaller variance than the nonparametric inverse weighted estimators, while if the potential
outcome model is correctly specified, 7”% may have larger variance than the direct regression

estimator, but it provides protection when the model is misspecified.

3.4 Models for potential outcomes

We now consider several models for potential outcomes. An additive marginal (potential)

outcome model has the form

Yir(2) = no + 27y + UpiB + €p, )

where e, ~ N(0,6%), and v is the constant treatment effect. Analogous to the marginal
propensity model (3), the marginal outcome model assumes that the cluster effect on the po-
tential outcomes is only through the covariates. The deeper connection is that the sufficient
statistics that are balanced under the marginal propensity score estimator are the same that
must be balanced to eliminate confounding differences under model (9), namely the treatment
and control group means of U.

A fixed-effects outcome model adjusts for cluster-level main effects and covariates:

Yir(2) = nn + 27 + XpB + €ni, (10)

where 7, is the cluster-specific main effect. Under this model, all information is obtained by
comparisons within clusters, since the 7, term absorbs all between-cluster information. The

corresponding random effects outcome model is:
Yir(2) = mn + 27 + Ui B + €ns, (11)

with n, ~ N(0, 02). A natural extension is a random additive treatment effect, replacing vy by

cluster-specific treatment effect -y, with (1, 7,) ~ N (0, %,,).
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Interactions between covariates and treatment can be added to models (9), (10) and (11) to
allow nonadditive relationships. Analogous generalized linear models (GLM) or generalized

linear mixed models (GLMM) can be used for binary or ordinal outcomes.

4 Large-sample properties with unobserved cluster-level con-
founding

In this section, we investigate the large sample bias of these estimators under a generating
model representing intra-cluster influence that causes violations of unconfoundness and SUTVA,
in a simple setting with no observed covariates. Let n;,, denote the number of subjects with
Z = zincluster h; and n, = Y, Ny, Ny = Np1 + Npo, 1 = nq + ng. We assume a Bernoulli

treatment assignment mechanism with varying rates by cluster:
Zni ~ Bernoulli(py,). (12)

We assume a continuous outcome model with cluster-specific random intercepts 7, and con-
stant treatment effect 7,

Yik(2) = nn + 27 + 7dp + €p, (13)

where 7, ~ N (o, 03]), et ~ N(0,0?), and 7 is the coefficient of the cluster-specific propor-
tion treated dj, = ny1/n,. SUTVA does not hold and 7 measures the magnitude of the influence
(contamination) within cluster. This model could also result from common unmeasured cluster
traits that affect both treatment assignment and outcome. Nonetheless, it is easy to show the
average treatment effect is a well-defined additive constant 7.

Under the marginal propensity score model, é5;, = n;/n is the same for every subject.
Let 7.2 denote the marginal estimator (6), where the subscript ,,, indicates using the marginal

model for the propensity score and superscript ™* indicates using the marginal estimator for
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ATE. Then

zZpe=1 2Zhe=0

N U5 Nho €hk €nk V
ma e R o — 14
fma T+ gh nh(nl n0)+( hgk o > n0)+TVO, (14)

where V/Vy = (3. ni(d2 — (n1/n)?)) / (ning/n?), that is, the weighted sample variance of
the {d;} divided by its maximum possible value. The maximum is attainable if each cluster
1s assigned to either all treatment or all control, corresponding to a cluster randomized design
where the cluster-level treatment effect is 7 + 7. The second and third terms of (14) have ex-
pectation zero under the model and approach zero as the number of clusters approaches infinity
under mild regularity conditions on n,; and ny,. Therefore, under the generating model (12)
and (13), the large sample bias of the marginal estimator with propensity score estimated from
the marginal model is 7V /V),. Intuitively, 7 measures the variation in the outcome generat-
ing mechanism between clusters and 1/}, measures the variation in the treatment assignment
mechanism between clusters, both of which are ignored in 772

We next consider estimation when clustering information is taken into account in both steps.

Using the fixed effects model (4), the estimated propensity score is é,, = np1/ny. Then the

cl

clustered estimator (7) is 7,

where the subscript ¢ refers to the fixed effects model for the
propensity score, and superscript ¢! refers to using the clustered estimator for ATE, given by
Zhe=1 ) 2pk=0
ol L 2l wt) ke )

e = 7 H H !

(15)

which converges to m as H and n, increase. Simple calculation shows that the clustered
weighted estimator combining the marginal propensity score model with the clustered esti-

~cl

mator, 7., 1S equivalent to that in (15) and thus also consistent. Furthermore, the marginal

estimator with propensity score estimated from the fixed effects model, 72, is equivalent
to (15) only under a balanced design (clusters of equal size). Under an unbalanced design,

the estimator remains consistent under the standard regularity condition of Zthl n? /n® being

bounded as H goes to infinity, but its small-sample behavior can be quite different.
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In summary, in this simple case violations of standard propensity score assumptions asso-
ciated with unobserved cluster effects or violation of SUTVA, ignoring the clustered structure
in both propensity score and potential outcome modeling stages induce bias in estimating ATE,

while exploiting the structure in at least one of the models gives consistent estimates.

5 Simulation studies

We now examine a propensity score weighting analysis with observed covariates when there is
an unmeasured cluster-level confounder. Generally there is no closed-form expression for the
propensity score weighted estimators for clustered data with covariates, so we instead conduct

a simulation study.

5.1 Simulation design

The simulation design is similar to but more general than that of [11]. We assume both treat-
ment assignment and outcome generating mechanisms follow two-level random effects models
with two individual-level covariates X, X5 and a cluster level covariate /. Specifically, the

treatment assignment follows
logit PI(th = HUhk) = (Sh + Uhka, (16)

where Uy, = (X1 nk, Xopks Vi), o0 = (au, ..., a3)’ are the coefficients for the fixed effects, and
dn, ~ N(0, 1) are the cluster-specific random intercepts. The potential outcomes are generated

from a random effects model as (10), with an extra interaction term between treatment and V':
Yi(2) = 1 + UnieB + 2(Vaki + 1) + €y € ~ N(0,07), (17)

where 3 = (31, 2, B3)" are the coefficients of the covariates, « is the coefficient of the inter-

action, and 7, ~ N(0,1),7, ~ N(0, 1) are the cluster-specific random intercepts and random

14



slopes of treatment, respectively.

The individual-level continuous covariate X is simulated from N(1, 1) and binary X, from
Bernoulli(0.4). The cluster-level covariate V' is generated in two ways that are plausible in real
applications: (i) uncorrelated with X, with V' ~ N(1, 2); (ii) correlated with the cluster-specific
intercept in the propensity score model, with V}, = 1 + 24}, + u, where « is an error term. An
extreme case of (i1) is that V' is a linear function of the cluster-average propensity score, when
u ~ 0. Here we let u ~ N(0,0.5). Case (ii) introduces an interaction between treatment and
cluster-level random effects. This is expected to cause differences between the fitting of fixed
and random effects models when V' is omitted, because generally the former cannot readily
accommodate the interaction while the later with random slopes for z can. Another common
situation not examined here is that V' is correlated with X'; omitting V' in the analysis in that
case is expected to lead to smaller bias than case (i), as including X as a covariate partially
compensates for excluding V.

We compare the three propensity score models (3), (4) and (5) in Section 3.2, all fitted
with only the individual-level covariates X, X5, but omitting the cluster-level covariate V. For
comparison, we also estimate the propensity score by the true model (16). With the propensity
score estimated from each of these models, we calculate the ATE by the marginal (6), clustered
(7) and DR (8) estimators. For the DR estimators, we fit the three potential outcome models
(9), (10) (with cluster-specific intercepts) and (11) (with random intercepts and random slopes
for z) in Section 3.4, each fitted with only the individual-level covariates X, X5, but not the
cluster-level covariate V. As a benchmark, we also estimate the potential outcomes by the true
model (17) that includes V' and its interaction with z. In total, we compare four models for
propensity score and six ATE estimators (including four DR estimators), giving twenty-four
combinations.

We first simulate under a two-level balanced design, where all the clusters have the same

15



sample sizes with H = 30,n, = 400, which is approximately half of the size of our real
application. We then also simulate unbalanced designs, with n; randomly generated from
Uniform(200, 800).

We fix the parameters for the propensity score model: 65, ~ N(0,1) and « = (=1, —0.5, i),
and vary a3 = —1 or 1 to give low (around 0.2) and medium (around 0.5) overall rates of
treatment assignment, respectively, across the simulated samples. Similarly, for the potential
outcome model, we set the interaction k = 2 and 3 = (1, 0.5, 33), while changing 5 to control
the magnitude of the effect of V' on the outcome.

Under each simulation scenario, 500 replicates from models (16) and (17) are generated.
The random effects models are fitted using the 1me r command in the 1me 4 package in R2.13.2
[23]. For each simulated dataset, we calculate the relative error (RE) (measure of bias) F (|7 —
7|/m) and variance Var(7) of each of the twenty-four estimators for the ATE. The true ATE
7 is calculated by » ;, , {Yhr(1) — Yr(0)}/n from the simulated units - this is in fact a finite
sample ATE rather than the large population ATE defined in (1). But the difference between

the two is usually very small given the sample size we consider here.

5.2 Results

Table 1 presents the REs of the estimators with V' generated from N(1,2), ag = 1,55 = 2,
resulting in an average propensity score of 0.5. Several patterns emerge in this example and in
other variations of our simulations. First, as expected, estimators that ignore clustering in both
propensity score and outcome models lead to much larger errors than approaches that consider
clustering in at least one stage: the biases are over 104%, which are over thirty times larger than
the average bias. Second, we observed few differences between the propensity score models
that account for clustering; both fixed- and random-effects propensity score models performed

as well as the true benchmark models. Third, we did observe variation in performance between
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parametric and non-parametric weighted estimators and across choices for the outcome model
in parametric estimates (i.e across the columns). The DR estimators with the benchmark out-
come model (column 3) and the random effects outcome model (column 6) perform the best;
there is no virtual difference in the results between these two, matching our expectation that
exploiting cluster structure protects again misspecification due to unobserved V. The DR es-
timators with the fixed effects outcome model (column 5) appear to give significantly worse
results than the above two. However, this is largely due to the simulation design, where the
outcomes are generated from an underlying random effects model and the number of cluster is
large. If we instead simulate small number of clusters with a fixed effects outcome model as the
benchmark where the cluster-specific coefficients do not follow a distribution, the fixed effects
model would be expected to perform better than the random effects model. The nonparamet-
ric clustered estimators (column 2) also lead to small REs, with the marginal propensity score
model leading to the largest errors. The nonparametric marginal estimators (column 1) and the
DR estimators with the misspecified marginal outcome model (column 4) have the largest REs.

REs from the simulations with low average propensity score (around 0.2 with a3 = —1)
display the same pattern in terms of the comparison across the estimators, but with consistently
larger values than those in Table 1 (median propensity score). Patterns in variances are also

very similar between these two scenarios and thus the details are omitted here.

[Table 1 about here.]

To see how the estimators behave with a larger effect of V' on the outcome, we doubled the
coefficient 33 in the outcome model with a3 set to 1 (Table 2). Comparing with Table 1, only
the marginal weighted (column 1) and DR (column 4) estimators with the marginal outcome

model appeared to be affected, nearly doubling the biases.

[Table 2 about here.]
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Simulation results with V' correlated with the cluster-specific random intercept in propen-
sity score (setting (ii) in Section 5.1) are presented in Table 3. Besides the patterns observed
from the previous simulation settings, here the random effects outcome model appear to dom-
inate the fixed effects model even more - biases from the former are usually 1/7 of the corre-

sponding ones from the later.

[Table 3 about here.]

We also simulated from various other scenarios, including unbalanced designs, exponen-
tially distributed V', and larger interactions between V' and treatment (larger «). In particular,
we simulated a cluster level covariate that is included in the models, but with a misspecified
linear instead of the true quadratic relationship with the outcome. Despite all the differences in
designs, the patterns described above are consistently observed across the simulations.

Given the arbitrariness of the sample sizes and variances in this simulation design, absolute
values of variances are not very informative and thus not shown here. Nevertheless, across
the above simulation scenarios, we have consistently observed that most of the estimators have
very similar variances, but the ones ignoring cluster structure in the second stage lead to con-
siderably larger variances. Overall, the difference in variances across the estimators is much
smaller that in biases.

In summary, ignoring the hierarchical structure in both stages of the propensity score analy-
sis of multilevel data is a bad practice, leading to large bias of the ATE. It appears that exploiting
the hierarchical structure in at least one of the two stages, either parametrically or nonparamet-
rically, greatly reduces the estimating errors due to model misspecification. This is in line with
the conclusion of [11] in propensity score matching analysis. Moreover, the outcome models
have much larger influences on the final estimates than the propensity score models. In practice,

when there is a concern over misspecification of the outcome model, a nonparametric clustered
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estimator with propensity score estimating from multilevel models might be a safe choice for
ATE.

Finally we note two observations regarding the simulations of the DR estimators. First,
estimators using a correct outcome models with a misspecified propensity score model are
less biased than those using a correct propensity score model with a misspecified outcome
model. For example, the DR estimators with the misspecified marginal model (column 4)
give even worse results than the nonparametric marginal estimators (column 1), regardless
of the propensity score model, suggesting that a DR estimator with a misspecified outcome
model can do more “harm” than “protection”. Second, when the outcome model is correct or
nearly so, the misspecified marginal propensity score model slightly outperforms all the other
models, including the benchmark model. It is known [e.g. 24, 22] that when the outcome
model is correct, a DR estimator can have larger variance than a direct regression estimator.
With the correct outcome model, a simple propensity score model like the marginal model
might produces the least variation in the DR estimates, thus reduce the overall estimation errors

relative to those from the more complex models such as the random effects models.

6 Application

We apply our alternative methods to a study of racial differences in care provided in Medi-
care health plans. The individual-level covariates X, considered include two indicators of age
category (70-80 years, >80 years with reference group 65-69 years; eligibility for Medicaid
(1=yes); neighborhood status indicator (1=poor). The plan-level covariates V), include nine
geographical region indicators, tax status (1=for-profit), the practice model of providers (1=
staff or group model; 0= network-independent practice association model), and affiliation (1=

national; 2= Blue Cross/ Blue Shield; 3= independent). The outcome Y is a binary variable

19



equal to 1 if the enrollee underwent breast cancer screening and 0 otherwise, and the “treat-
ment” z is race (1= black, O= white). The goal is to assess differences in the proportions
undergoing breast cancer screening between whites and blacks. We control for all covariates to
illustrate their effects and for consistency with [18], although by some definitions these would
not all be controlled for in a policy-oriented disparities calculation [25].

As stated previously, race is not a “treatment” in the conventional sense of causal inference,
because it is not manipulable [20]. We define the ATE to be the difference between white and
black screening rates among patients with a set of characteristics U (implicitly smoothed by
models), averaged over the distribution of U in the combined black and white populations.
There may be interest in a variety of estimators that control for different sets of covariates.
For example, if U only contains individual level covariates, we interpret the ATE as the differ-
ence between groups controlled for differences in these individual characteristics such as age
or poverty. Including V in the analysis controls for differences in treatment that result from
differences in the types of plans in which the two groups enroll. Similarly, balancing on clus-
ter membership accounts for unobserved differences in the quality of health plans that enroll
minorities and provides an estimate of differences in treatments between minorities and whites
within individual health plans.

We first estimate the propensity score using the three models introduced in Section 3.2 with
all the above covariates included. Details of the fitted models are omitted here since the focus is
on the estimated propensity score. All models suggest that living in a poor neighborhood, being
eligible for Medicaid and enrollment in a for-profit insurance plan are significantly associated
with black race. The distributions of the estimated propensity scores in both blacks and whites
from the marginal model are quite different those from the random and fixed effects models,
which are similar to each other. A well-estimated propensity score is expected to balance the

cluster membership between races in the “pseudo population” obtained by inverse weighting
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using that propensity score. Figure 1 shows the histograms of the difference in the weighted
numbers of white and black enrollees in each cluster, using propensity scores estimated from
different models (and the unweighted difference for comparison). Clearly, the distributions of
cluster membership differ significantly between races when unweighted or weighted using the
propensity score from the marginal model, but are similar when weighted using the fixed or
random effects models. This suggests important between-cluster variation, failing to take in
account of which (such as in the marginal model) leads to poor estimates of propensity score

in this application.

[Figure 1 about here.]

Using the estimated propensity score, we estimate racial disparity in breast cancer screening
among the elder women participating Medicare health plans by the estimators in Section 3.3.
Since the outcome is binary, for the DR estimators, we use the generalized linear models (GLM)
corresponding to the three outcome models in Section 3.4 in combination with each of the three

propensity score models. Table 4 displays the point estimates with bootstrap standard errors.

[Table 4 about here.]

All estimators show the rate of receipt breast cancer screening is significantly lower among
blacks than among whites with similar characteristics. Accounting for differences in individ-
ual and plan level covariates, but not plan membership, we estimate the rate of screening for
breast cancer is 5 percentage points lower in blacks compared to whites. That is, among the
elders who participate in Medicare health plans, blacks on average have a significantly lower
chance to receive breast cancer screening than whites, after adjusting for age, geographical re-
gion, some socioeconomic status variables and health plan characteristics. Accounting for plan

membership in either stage of the analysis decreases this difference by approximately 50%,
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suggesting that approximately half of lower rates of breast cancer screening among black in
this population is a result of minorities enrolling in plans with low screening rates and half
results from lower probability of black women undergoing screening within each plan.

As in the simulation studies we observed few differences across estimators that account
for clustering in at least one stage of the analysis. The DR estimates have smaller standard
errors because the extra variation is explained by covariates in step 2. Similar to the simula-
tions, we notice that the estimates incorporating clustering in step 2 have less variation than
those doing so in step 1. This observation suggests, in application, modeling the hierarchical
structure for the outcome generating mechanism leads to more stable estimates, even though in
theory correct model specification in both steps are equivalent in terms of their effect on con-
sistency. A possible explanation is the impact of misspecifying propensity score is attenuated
through weighting because the ultimate estimand is a function of the outcome, rather than of

the propensity score.

7 Summary and Remarks

Since first proposed in 1983, propensity score methods have gained increasing popularity in
observational studies in multiple disciplines. One example is health care policy research,
where data with hierarchical structure are the norm rather than the exception. However, de-
spite the wide appreciation of propensity score methods among both statisticians and health
policy researchers, only a limited literature deals with the methodological issues of propensity
score methods in the context of multilevel data. We compared three models for estimating
the propensity score and three types of propensity-score-weighted estimators for the ATE for
multilevel data. Consequences of the violation to the key assumptions of SUTVA and uncon-

foundedness in propensity score analysis of multilevel data were explored using both analytical
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deviations and Monte Carlo simulations. We found that exploiting the hierarchical structure,
either parametrically or nonparametrically, in at least one stage of the propensity score analysis
can greatly reduce the errors of estimating ATE in presence of violations to those assumptions.

We focused here on treatments assigned at the individual level. Treatment assigned at the
cluster level (e.g., hospital, health care provider) are also common in medical care and health
policy studies, engendering new challenges. First, the number of clusters is often relatively
small despite a large total sample size. This could lead to poorly estimated propensity scores
with excessively large standard errors. Second, unobserved cluster-level covariates cannot be
controlled for even with fixed effects models, unlike the cases discussed in the paper. This
has a strong connection to the ecological inference commonly encountered in political science
[e.g. 26] where the estimand has an interpretation as an average effect on individual outcomes.
Treatments assigned at the cluster level has also been discussed in [27, 28], among others.

All the nonparametric weighted estimators discussed in this paper do not make use of the
individual-level covariates, which often contain crucial information. The doubly-robust estima-
tors with flexible regression model choice in the second step might be preferable in this case,
with specification depending on the particulars of the data.

Violations to both SUTVA and unconfoundedness often coexist. We have shown that ac-
counting for clustering in propensity score analyses can account for violations that occur at the
cluster level. However, there may be additional violations within clusters (for example, high
volume surgeons may have improved outcomes that would not be accounted for in an analysis
that balances on treating hospital but not surgeon). Correct modeling of the interference among
subjects is crucial for valid analysis, so that model selection and checking is important. In
addition, in some situations there may be direct interest in spill-over effects, such as in volume-
outcome studies. [29] describe the use of a two-stage propensity score model to estimate the

propensity for elementary schools to retain low performing kindergarten students and then the
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propensity for students nested within schools to be retained. These authors relax the SUTVA
and allow the effectiveness of retention to vary according to how many peers within a child’s
school were also retained.

These issues are among a range of open questions remained to be explored on this topic.
Further systematic research efforts are desired to shed insight to the methodological issues and

to provide guidelines for practical applications.
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Figure 1: Histogram of cluster-specific differences in the weighted numbers of white and black
enrollees using propensity scores estimated from different models. Closer to zero values indi-
cate better balance in cluster membership between races.
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weighted doubly-robust

marginal clustered bench marginal fixed random
bench 34 1.3 0.9 4.8 23 0.9
marginal ~ 104.6 8.5 0.6 104.7 7.0 0.6
fixed 3.5 1.2 0.9 5.0 24 0.9
random 4.0 1.3 0.9 5.4 2.5 0.6

Table 1: Relative error (RE) in percentage of different estimators, with V' ~ N(1,2), az =
1 and B3 = 2. Different rows correspond to different models to estimate propensity score,
different columns correspond to different outcome models.
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weighted doubly-robust

marginal clustered bench marginal fixed random
bench 7.1 1.5 0.8 10.6 2.6 0.8
marginal  185.4 9.1 0.6 185.6 7.2 0.6
fixed 6.9 1.5 0.9 10.3 2.8 0.8
random 8.1 1.5 0.8 11.5 2.5 0.8

Table 2: Relative error (RE) in percentage with larger magnitude of V' on the outcome: V' ~
I\I(].7 2), a3 = 1 and 63 =4.
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weighted doubly-robust

marginal clustered bench marginal fixed random
bench 244 4.0 1.7 342 13.5 1.6
marginal ~ 229.9 15.5 1.4 229.9 10.9 1.3
fixed 19.0 39 1.7 26.3 10.4 1.6
random 24.4 4.0 1.6 334 9.8 1.5

Table 3: Relative error (RE) in percentage with V' = 1 + 24, + N(0, 0.5).
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weighted doubly-robust
marginal  clustered marginal fixed eff random eff
marginal  -4.96 (.79) -1.73 (.83) -4.43 (.85) -2.15(41) -1.65(.43)
fixedeff -2.49(92) -1.78(.81) -1.93 (.82) -2.21(.42) -1.96(41)
random eff -2.56 (.91) -1.78 (.82) -2.00 (.44) -2.22(.39) -1.95(.39)

Table 4: Adjusted difference in percentage with standard error (in parenthesis) in the propor-
tion of getting breast cancer screening between blacks and whites. Different rows correspond
to different propensity score models and different columns correspond to different outcome
models.
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