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ABSTRACT
Background: Registries, network databases, and the electronic health record commonly impose
a hierarchical structure in which patients are clustered in ways that may be relevant to analysis.
Although propensity score methods are popular for confounding adjustment, how to
appropriately extend these methods to clustered or multilevel data is unclear.
Objectives: Investigate how to extend the propensity score (PS) methods to multilevel data and
develop imputation-based sensitivity analysis approaches.
•

Aim 1: Investigate how to extend the PS methodology and compare PS matching methods
under various assumptions.

•

Aim 2: Develop a novel imputation-based sensitivity analysis approach.

•

Aim 3: Identify valid and efficient PS methods for 2 existing comparative effectiveness
research studies and conduct the sensitivity analysis using the imputation-based approach
developed under aim 2.

Methods: We used Monte Carlo computer simulation and 2 cohort studies to develop and
evaluate the proposed methodologies. The pediatric kidney transplant study is a retrospective
cohort study that aims to assess comparative effectiveness of steroid use in posttransplant
management. Individual transplant information was collected from 120 transplant centers
(clusters) that vary in size and steroid treatment practice. The RISK study is a prospective cohort
study evaluating the effect of early introduction of biologics in children newly diagnosed with
Crohn disease. It involves 28 centers (clusters) that differently practice the biologics treatment.
We assume a measured cluster characteristic as an important cluster-level covariate and
develop 2 clustered data matching methods. The first method stratifies data by the cluster
covariate and matches patients across centers within strata. Within each stratum, the second
hierarchical method groups clusters with similar cluster-level treatment practices. The
proposed matching methods are hierarchical, first grouping clusters with similar characteristics
and then matching individuals within the cluster groups. The stratified matching assumes
stratification by measured cluster-level covariates to be sufficient to address cluster-level
confounding, whereas the second hierarchical method realizes the idea of hierarchical
matching robust to presence of unmeasured cluster-level confounding. We compare these 2
hierarchical methods with 2 existing simple methods, either matching across clusters as if they
were independent data or restricting matching to within clusters. We account for the clustered
data structure in the matched outcome data analysis by assuming a working independence
covariance matrix and proposed weighted generalized estimating equation estimators with the
weights defined by the matching and the relative size of matched over unmatched data within
clusters, cluster groups, and strata, respectively, for within-cluster, hierarchical, and stratified
matching. We extend the sensitivity analysis framework of Rosenbaum, where a univariate
unmeasured confounder is assumed and its values are considered missing. The missing values
4

are imputed using either a marginal or a conditional model that relates the unmeasured
confounder to the treatment selection.
Results: In the presence of cluster-level confounding, a large bias was observed with acrosscluster matching generally and with the stratified method if unmeasured confounding existed.
The hierarchical matching was robust to unmeasured confounding with comparably small bias
as with the within-cluster matching. The effective sample size of the matched data was largest
for the across-matching method, followed by the stratified and hierarchical methods, and
smallest for within-center matching. For the sensitivity analysis of the clustered PS analysis, we
developed imputation-based methods. The conditional model approach generates the missing
hypothetical unmeasured confounder values conditioning on the matched pairs. Application of
this method to the examination of improved graft survival reported in the pediatric transplant
data found that the findings of the original study are sensitive to the presence of even weak
confounding.
Conclusions: Accounting for the clustered data structure in both matching and outcome
analysis is important for appropriately extending PS matching to multilevel data analysis.
Limitations: The matched outcome analysis is only a marginal analysis, not conditioning on
matched sets, and needs a better variance estimation method that provides accurate coverage
probabilities.
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BACKGROUND
Compared with data obtained through randomized controlled trials, secondary
observational data provide a low-cost means of quickly collecting data that are more
representative of routine clinical care in large cohorts of patients over a long period of followup.1-3 Registries are specifically recognized as “particularly relevant to and important for PCOR
[patient-centered outcomes research]”: registries, when properly designed, can provide data
on groups of patients sometimes excluded from clinical trials, can reflect rapid changes in
medical practice, and can be used to study factors that are difficult or impossible to randomize,
such as clinician or patient behaviors.4
Limitations of secondary data, however, may preclude their use. Treatment choice is
commonly affected by known or unknown prognostic factors, and treatment groups are not
directly comparable due to uneven distribution of prognostic factors, a situation known as
confounding by indication for treatment.1 Outcomes may reflect lack of comparability between
treatment groups rather than treatment effects. This bias (treatment selection bias) is
recognized as a particular concern for observational studies using secondary data sources.
Propensity score (PS) analysis accompanied by sensitivity analysis is a popular way of
addressing measured and unmeasured confounding and is also recommended by PCORI’s
Methodology Standards. The theory underlying PS analysis posits that a set of explanatory
variables considered in PS analysis include all true confounders that are determinants of both
the probability of treatment selection and the outcome (strong ignorability assumption).5
Accordingly, PS applications compute the probabilities of treatment selection conditioned on
the set of explanatory variables for each subject and use them in the outcome analysis to adjust
for imbalance in the distribution of the confounders across treatment groups. These conditional
probabilities, or PSs, are often estimated by logistic regression. PS methods differ by how the
estimated PSs are used in the outcome analysis. Rosenbaum and Rubin5 matched or subclassified patients based on estimated PSs (PS matching or stratification), or used the PSs as a
covariate in regression analysis (PS covariate adjustment). Some use the PSs as weights in
inverse probability of weighting (IPW) analysis (PS weighting).6,7 A PubMed search testifies to
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the popularity of the PS analysis: A key word search of PS in the title/abstract field from 2014 to
2018 resulted in 11 277 items, with a refined search of PS matching in the title/abstract field
over the same time period resulting in 5337 items.
Health care research data are commonly clustered in ways that may be relevant to the
analysis, but little work has been done to extend PS analysis to clustered data. Registries,
network databases, or the electronic health record (EHR) commonly impose a hierarchical
structure wherein subjects or patients are clustered in ways that may be relevant to analysis,
for example, by geographical area of residence, health care provider (hospital/clinic or
physician), or health plan. The clustered data structure may be associated with unmeasured
characteristics of individual patients, such as prognostic factors or aggressiveness in seeking
treatment. Health care providers with high patient volumes tend to treat more diverse, often
sicker and higher-risk patients, whereas providers with clinical research capacities may be
preferred by patients more aggressively seeking newer treatments. In this case the clustered
data structure may serve as a surrogate of unmeasured patient characteristics and is relevant
to the analysis. Measured or unmeasured characteristics associated with health care providers
may also make the data structure relevant to the analysis. Hospitals with specialty units
(inflammatory bowel disease [IBD] or asthma centers) may provide more specialized and
comprehensive care, potentially leading to better outcomes.
Health care providers may also differ in nonmeasurable ways of making treatment
decisions. An important factor in treatment decisions is the practice pattern of prescribing
physicians. This can vary across multiple providers, especially early after the introduction of a
new treatment modality when guidelines are still under development. Some are early adopters
and may be much more likely to treat patients with the new treatment, whereas others may
not. Experience and expertise of physicians may vary from site to site, creating differences in
the outcomes. The phenomenon of practice variation across physicians/providers and the
importance of appropriate confounding control at the higher level has been pointed out.8 In
this context, the clustered data structure needs to be addressed both in the treatment selection
decision process and the outcome analysis in order to render valid causal inference.
7

Only a handful of studies have addressed methodological challenges of the multilevel
extension (in statistics9-11; in education, educational psychology, and developmental
psychology12-17; in medicine and health services research18,19; and in behavior research20).
Multilevel data applications are found in medicine,21,22 economics,23 and sociology.24 These
works, however, mostly focused on addressing the clustered data structure in PS modeling
only, largely ignoring the data structure in the outcome analysis. A few exceptions exist.11,1517,25,26

Importantly, Li et al11 compared methodological features of several PS approaches that

address the clustered data structure in different ways. They found that properly accounting for
the clustered data structure in the outcome analysis was comparably efficient to doing it in
both the outcome analysis and PS modeling. Their results are limited to PS weighting methods,
and only a continuous outcome was considered. Similarly the work by Schuler et al26 is limited
to PS weighting methods for a continuous outcome. Simulation studies in Gayat et al27 reported
that failing to account for clustering in the PS model led to a biased estimate of the treatment
effect, and the within-cluster matching using either a global or a cluster-specific PS led to the
lowest mean squared error and to a test size close to its nominal value. Arpino and Cannas28
proposed the preferential within-cluster matching method that first searches within the
clusters to match and, if not successful, searches across the clusters. It only implicitly enforces
matching at both the cluster and the individual level, and its control of confounding can be
incomplete: A treated patient can be matched to a control with dissimilar patient-level
characteristics if they belong to dissimilar clusters, and the cluster level and the patient level
covariates have opposite effects on the treatment practice. Outside the framework of PS
analysis, Scott et al25 discussed confounding control and potential for bias inflation in the
multilevel setting and sensitivity analysis strategies.
The clustered data setting considered in this proposed work differs from a setting where
treatment selection is at higher-than-individual-unit levels, such as education interventions
applied to classes or schools or when other complexity such as informative cluster sizes exists.
The former is comparable to group or clustered randomized experiments, and PS approaches
have been extended to this setting29 and references therein for PS matching, for example.
Several approaches to the latter, including confounding by cluster, exist. As shown in a recent
8

review,30 however, most approaches use outcome modeling. The risks of model
misspecification in the outcomes model approaches have been addressed by a doubly robust
method,31 but approaches using PS matching have not been proposed.
Similarly, few methods are available to examine the robustness of PS analysis in the
multilevel setting. Since the first introduction of sensitivity analysis by Cornfield et al,32 there
has been a large body of literature on sensitivity analysis or bias modeling techniques for
unstructured data. Existing methods are generally categorized into 2 types. The first type
models the association between an unobserved confounder and treatment assignment, or the
associations between an unobserved confounder, treatment assignment, and outcome, with
minimal parametric assumptions. The modeled association is used to identify bounds of the
test statistics to monitor the change of P values in the presence of the unmeasured
confounder.33,34 These techniques are very robust yet do not provide sharp bounds and may be
too difficult to be extended to complex data structures such as clustered data. The modeled
association can be used to create actual data as if unobserved confounders were observed.35,36
The second type often involves stronger assumptions, either through parametric or structural
modeling of the outcome, or simplifying the relationship among the unmeasured confounder,
observed covariates, treatment assignment, and outcome.37-41 A few applications of sensitivity
analysis exist for more complex data, such as time-to-event or longitudinal data, but strong
parametric assumptions about the outcome model are required.39,42,43 Confounding may exist
in a more complex fashion across the multiple levels of the hierarchical data structure. Given
this possibility, unnecessary parametric assumptions should be avoided, if possible. To the best
of our knowledge, no systematic research exists on sensitivity analysis for addressing
unmeasured confounders in PS analysis in a multilevel setting.
The specific aims addressed in this work are as follows:
•

Aim 1: Investigate how to extend the PS methodology and compare PS matching
methods under various assumptions.

•

Aim 2: Develop a novel imputation-based sensitivity analysis approach.
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•

Aim 3: Identify valid and efficient PS methods for 2 existing comparative effectiveness
research (CER) studies and conduct the sensitivity analysis using the imputation-based
approach developed under aim 2.
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PARTICIPATION OF PATIENTS AND OTHER STAKEHOLDERS
Study stakeholders included patients, parents, researchers, and research organizations
that fund CER/PCOR studies using clustered observational data. We formed a stakeholder
advisory panel consisting of a parent advocate (Beverly L. Blosser), a clinician and researcher
(Jeffrey Hyams), and a research organization advocate (Marjorie Merrick). Ms. Merrick is the
Vice President of Research and Scientific Programs at the Crohn’s and Colitis Foundation of
America (CCFA), the research institute that sponsors the RISK study. Conference calls every 6
months were arranged with the research team throughout the study period starting at month 3
in year 1.
The research topic of the study, statistical methodology development, naturally limits
the potential of direct patient and/or stakeholder engagement in the study design or conduct.
Nevertheless, we directly engaged various stakeholders in the design and conduct of the study.

Engagement With the Conduct of the Study
The proposed PS matching for clustered data assumes either a measured center- or
cluster-level covariate, both of which are importantly associated with either the outcome or the
treatment selection. In each of the real study examples, selection of which center- or clusterlevel characteristic as the one that the proposed method uses is a critical choice to conducting
alternative clustered data PS matching analysis. The research team consulted the stakeholder
panel for the selection. With the pediatric transplant study example, the volume of pediatric
kidney transplants performed during the study period was chosen as the assumed measured
center-level covariate. It was pointed out that pediatric kidney transplants could also be
conducted at general (nonpediatric) transplant centers. The participating individual centers
conducted a varying number of transplants ranging from 10 to 130. The panel helped with
conceptualizing the transplant volume as a surrogate of pediatric specialty indication and
overall center-wide experience and expertise in pediatric transplants. With the RISK study, the
participation order of the centers was chosen as the assumed measured center-level covariate.
The study recruited participating centers through CCFA’s pediatric research network, and active
centers with close collaborative relationships with the principal investigator (PI) participated
11

first. Because frequent communication among clinicians tends to align their practice patterns,
the order was considered as a surrogate of the centers’ clinical research orientation and clinical
practice similarity. The panel was also helpful in designing computer simulation studies to
better reflect salient characteristics of the case study examples. The research team and the
panel reviewed the simulation settings together.

Engagement With the Interpretation/Dissemination of the Study
The PIs and the co-investigators of the real-life CER studies are members of the research
team and the panel. Their help was essential in interpreting analysis results appropriately for
the clinical context. For example, discussion with the panel was essential for understanding
unexpected analysis results. The pediatric kidney steroid study investigated the risk of a steroid
avoidance protocol in posttransplant management of pediatric recipients. Contrary to the
previous assumption that not using steroids may raise the risk of transplant rejection, the risk
of acute rejection within 6 months posttransplant was lower, although not significantly lower,
among those treated with steroid avoidance. The panel pointed out the possibility of
unreported changes in the maintenance regimen or differences in the monitoring/detection of
acute rejection episodes. The panel also helped to enlighten clinical researchers and research
institutes like CCFA of the importance of the method problems under consideration.
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METHODS
Aim 1
Investigate how to extend the PS methodology and compare PS matching methods
under various assumptions.
We use the potential outcomes framework, discussed in the next section, and consider
4 different matching methods, within- and across-cluster matching, and stratified and
hierarchical matching approaches. Corresponding to the matching approaches, we define
appropriate estimating equations and propose solutions to the estimating equations as
estimators of appropriate corresponding population-level parameters.

Potential Outcomes Framework
We considered the following potential outcomes framework for the clustered setting.
For a binary treatment selection (𝑇𝑇 = 1,0), we suppose that the population of interest consists
of M clusters with cluster size𝑠𝑠 𝑁𝑁𝑣𝑣 and cluster-level characteristics 𝑍𝑍𝑣𝑣 , 𝑣𝑣 = 1, … , 𝑀𝑀. Individuals
within the clusters have observations (𝑌𝑌𝑣𝑣𝑣𝑣 , 𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑇𝑇𝑣𝑣𝑣𝑣 ), 𝑖𝑖 = 1, … , 𝑁𝑁𝑣𝑣 , which are random

measurements from joint distributions:

(𝑌𝑌𝑣𝑣𝑣𝑣1 , 𝑌𝑌𝑣𝑣𝑣𝑣0 , 𝑋𝑋𝑣𝑣𝑣𝑣 )~𝑖𝑖. 𝑖𝑖. 𝑑𝑑. 𝐹𝐹𝑣𝑣

𝑇𝑇𝑣𝑣𝑣𝑣 ⊥ 𝑇𝑇𝑣𝑣 ′ 𝑗𝑗 for all 1 ≤ 𝑣𝑣 ≠ 𝑣𝑣 ′ ≤ 𝑀𝑀, 𝑖𝑖 = 1, … , 𝑁𝑁𝑣𝑣 , and 𝑗𝑗 = 1, … , 𝑁𝑁𝑣𝑣 ′
𝑇𝑇𝑣𝑣𝑣𝑣 ⊥ 𝑇𝑇𝑣𝑣 𝑗𝑗 for all 1 ≤ 𝑖𝑖 ≠ 𝑗𝑗 ≤ 𝑁𝑁𝑣𝑣 within the clusters

𝑌𝑌𝑣𝑣𝑣𝑣 = 𝑇𝑇𝑣𝑣𝑣𝑣 𝑌𝑌𝑣𝑣𝑣𝑣1 + (1 − 𝑇𝑇𝑣𝑣𝑣𝑣 )𝑌𝑌𝑣𝑣𝑣𝑣0

where 𝑌𝑌𝑣𝑣𝑣𝑣𝑡𝑡 , t = 0,1, are potential outcomes and 𝑋𝑋𝑣𝑣𝑣𝑣 are the patient-level covariates. We

consider the marginal cumulative distributive functions (CDFs) of the potential outcomes within
the clusters and denote them respectively by 𝐹𝐹𝑣𝑣1 and 𝐹𝐹𝑣𝑣0 , 𝑣𝑣 = 1, … , 𝑀𝑀. Then, the overall

marginal (or population-level) CDFs of the potential outcomes are given by the weighted sums
of the cluster-level marginal CDFs: for t = 0,1,
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𝑁𝑁𝑣𝑣

𝑭𝑭𝒕𝒕 (𝑦𝑦) = ∑𝑣𝑣 ∑

𝑣𝑣 𝑁𝑁𝑣𝑣

𝐹𝐹𝑣𝑣𝑡𝑡 (𝑦𝑦).

We consider a measure of treatment effect
𝛽𝛽 = 𝜂𝜂 {𝐸𝐸(𝑌𝑌1 )} − 𝜂𝜂 {𝐸𝐸(𝑌𝑌 0 )}

(E-00)

where 𝜂𝜂(∙) is some appropriately chosen link function and 𝐸𝐸(𝑌𝑌 𝑡𝑡 ) = 𝐸𝐸(𝑌𝑌𝑣𝑣𝑣𝑣𝑡𝑡 ) denotes the

marginal means of the potential outcomes.

Four Matching Methods and Weighted Generalized Estimating Equations
Across-cluster matching. We ignore the clustered data structure and conduct PS
analysis as if it were for independent data. This requires assuming a function 𝑆𝑆(𝑥𝑥, 𝑧𝑧) such that
(𝑌𝑌𝑣𝑣𝑣𝑣1 , 𝑌𝑌𝑣𝑣𝑣𝑣0 ) ⊥ 𝑇𝑇𝑣𝑣𝑣𝑣 | 𝑆𝑆(𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑍𝑍𝑣𝑣 ) for all 𝑣𝑣 = 1, … , 𝑀𝑀 and 𝑖𝑖 = 1, … , 𝑁𝑁𝑣𝑣

0 < 𝑃𝑃(𝑇𝑇𝑣𝑣𝑣𝑣 = 1|𝑋𝑋𝑣𝑣𝑣𝑣 = 𝑥𝑥, 𝑍𝑍𝑣𝑣 = 𝑧𝑧) < 1 for all x and z in the support.

This assumption requires a PS model holding globally across all clusters.
When data within the clusters are denoted by 𝐷𝐷𝑣𝑣 = {(𝑌𝑌𝑣𝑣𝑣𝑣 , 𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑇𝑇𝑣𝑣𝑣𝑣 )|𝑖𝑖 = 1, … 𝑁𝑁𝑣𝑣 }, 𝑣𝑣 =

1, … , 𝑀𝑀, the observed clustered data is given by the within-cluster data {(𝐷𝐷𝑣𝑣 , 𝛿𝛿𝑣𝑣 , 𝑍𝑍𝑣𝑣 )|𝑣𝑣 =

1, … 𝑀𝑀} with sampling indicators 𝛿𝛿𝑣𝑣 , 𝑣𝑣 = 1, … , 𝑀𝑀. 𝛿𝛿𝑣𝑣 = 0 indicates the corresponding clusters
not selected in sampling and accordingly the corresponding 𝐷𝐷𝑣𝑣 are unobserved or missing.

Without loss of generality, we suppose that matching on 𝑆𝑆(𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑍𝑍𝑣𝑣 ) provides K matched sets,

𝐴𝐴𝑘𝑘 , 𝑘𝑘 = 1, … , 𝐾𝐾, with 𝑛𝑛𝑘𝑘 = 𝑛𝑛1𝑘𝑘 + 𝑛𝑛𝑘𝑘0 and 𝑛𝑛1𝑘𝑘 and 𝑛𝑛𝑘𝑘0 respectively denoting the number of

individuals in the matched sets with 𝑇𝑇𝑣𝑣𝑣𝑣 = 1 and 𝑇𝑇𝑣𝑣𝑣𝑣 = 0. We define weights of the individuals

as

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
𝑤𝑤𝑣𝑣𝑣𝑣
=�

�

𝑛𝑛𝑘𝑘 𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)
1
𝑛𝑛𝑘𝑘

0 ,

+

𝑛𝑛𝑘𝑘 {1−𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)}
0
𝑛𝑛𝑘𝑘

𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

�

, 𝑖𝑖𝑖𝑖 𝑣𝑣𝑣𝑣 ∈ 𝐴𝐴𝑘𝑘 , 𝑘𝑘 = 1, … , 𝐾𝐾. (E-0)

We take 𝜂𝜂�𝐸𝐸�𝑌𝑌 𝑡𝑡 �� = 𝛼𝛼 + 𝛽𝛽𝛽𝛽 and define generalized estimating equations (GEEs)
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−1
𝜕𝜕𝜂𝜂𝑣𝑣𝑣𝑣
1
𝛿𝛿𝑣𝑣
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ⎛ 𝛼𝛼 ⎞
−1
0=
� � 𝑤𝑤𝑣𝑣𝑣𝑣
−1 {𝑌𝑌𝑣𝑣𝑣𝑣 − 𝜂𝜂𝑣𝑣𝑣𝑣 }
𝜕𝜕𝜂𝜂𝑣𝑣𝑣𝑣
∑𝑣𝑣 𝛿𝛿𝑣𝑣 𝑛𝑛𝑣𝑣
𝜋𝜋𝑣𝑣
𝑣𝑣
𝑖𝑖
⎝ 𝛽𝛽 ⎠

where 𝜋𝜋𝑣𝑣 = 𝑃𝑃(𝛿𝛿𝑣𝑣 = 1) and 𝜂𝜂𝑣𝑣𝑣𝑣 = 𝜂𝜂(𝛼𝛼, 𝛽𝛽, 𝑇𝑇𝑣𝑣𝑣𝑣 ) = 𝛼𝛼 + 𝛽𝛽𝑇𝑇𝑣𝑣𝑣𝑣 . A solution to the equations is

� �.
denoted by �𝛼𝛼𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
� , 𝛽𝛽𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

Within-cluster matching. We fully respect the clustered data structure and assume
(𝑌𝑌𝑣𝑣𝑣𝑣1 , 𝑌𝑌𝑣𝑣𝑣𝑣0 ) ⊥ 𝑇𝑇𝑣𝑣𝑣𝑣 | 𝑆𝑆𝑣𝑣 (𝑋𝑋𝑣𝑣𝑣𝑣 ) for all 𝑣𝑣 = 1, … , 𝑀𝑀 and 𝑖𝑖 = 1, … , 𝑁𝑁𝑣𝑣 .

Without loss of generality, we consider matching on 𝑆𝑆𝑣𝑣 (𝑋𝑋𝑣𝑣𝑣𝑣 ), 𝑣𝑣 = 1, … , 𝑀𝑀, each of

0
0
which provides 𝐾𝐾𝑣𝑣 matched sets, 𝐴𝐴𝑣𝑣𝑣𝑣 , 𝑘𝑘 = 1, … , 𝐾𝐾𝑣𝑣 , with 𝑛𝑛𝑣𝑣𝑣𝑣 = 𝑛𝑛1𝑣𝑣𝑣𝑣 + 𝑛𝑛𝑣𝑣𝑣𝑣
and 𝑛𝑛1𝑣𝑣𝑣𝑣 and 𝑛𝑛𝑣𝑣𝑣𝑣

respectively denoting the number of individuals in the matched sets with 𝑇𝑇𝑣𝑣𝑣𝑣 = 1 and 𝑇𝑇𝑣𝑣𝑣𝑣 = 0.

We define weights of the individuals as

𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑖𝑖𝑖𝑖
𝑤𝑤𝑣𝑣𝑣𝑣
=�

𝑁𝑁

𝑛𝑛𝑣𝑣𝑣𝑣 𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)

� 𝑣𝑣 � �
𝑛𝑛𝑣𝑣

1
𝑛𝑛𝑣𝑣𝑣𝑣

0 ,

+

𝑛𝑛𝑣𝑣𝑣𝑣 {1−𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)}
0
𝑛𝑛𝑣𝑣𝑣𝑣

𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

�

, 𝑖𝑖𝑖𝑖 𝑖𝑖 ∈ 𝐴𝐴𝑣𝑣𝑣𝑣 , 𝑘𝑘 = 1, … , 𝐾𝐾𝑣𝑣 ,

where 𝑛𝑛𝑣𝑣 = ∑𝑘𝑘 𝑛𝑛𝑣𝑣𝑣𝑣 . The first parts of the weights correspond to the inverse of the

relative sizes of the matched data sets (𝑛𝑛𝑣𝑣 ) to the original cluster sizes (𝑁𝑁𝑣𝑣 ). If the treatment
selection protocol varies from cluster to cluster, this part will be large for large clusters that
relatively infrequently treated patients with the intervention (T = 1). The second parts are
weights from the matching as with the across cluster matching.
We also respect the clustered data structure and define GEEs under a working
independence covariance matrix as follows:
0=∑

1

𝑣𝑣 𝛿𝛿𝑣𝑣 𝑛𝑛𝑣𝑣

∑𝑣𝑣

where 𝚪𝚪𝒗𝒗 = �

𝛿𝛿𝑣𝑣

�

𝚪𝚪 𝑾𝑾 𝒀𝒀
𝜋𝜋𝑣𝑣 𝒗𝒗 𝒗𝒗 𝒗𝒗

−1
𝜕𝜕𝜂𝜂𝑣𝑣1

𝛼𝛼

−1
𝜕𝜕𝜂𝜂𝑣𝑣1

𝛽𝛽

….
….

(E-1)
−1
𝜕𝜕𝜂𝜂𝑣𝑣𝑁𝑁
𝑣𝑣

𝛼𝛼
−1 �
𝜕𝜕𝜂𝜂𝑣𝑣𝑁𝑁
𝑣𝑣
𝛽𝛽

, 𝑾𝑾𝒗𝒗 =

𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑖𝑖𝑖𝑖
𝑑𝑑𝑑𝑑𝑑𝑑𝑔𝑔𝑁𝑁𝑣𝑣×𝑁𝑁𝑣𝑣 �𝑤𝑤𝑣𝑣𝑣𝑣
�,

−1
𝑌𝑌𝑣𝑣1 − 𝜂𝜂𝑣𝑣1
� 𝒗𝒗 = �
⋮
𝒀𝒀
�.
−1
𝑌𝑌𝑣𝑣𝑁𝑁𝑣𝑣 − 𝜂𝜂𝑣𝑣𝑁𝑁
𝑣𝑣
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� �.
A solution is denoted by �𝛼𝛼𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝚤𝚤𝚤𝚤
� , 𝛽𝛽𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝚤𝚤𝚤𝚤

Stratified matching. Per the observed cluster-level covariate 𝑍𝑍𝑣𝑣 , we consider

stratified matching. We suppose that 𝑍𝑍𝑣𝑣 is a binary variable (z = 0,1). We assume
(𝑌𝑌𝑣𝑣𝑣𝑣1 , 𝑌𝑌𝑣𝑣𝑣𝑣0 ) ⊥ 𝑇𝑇𝑣𝑣𝑣𝑣 | 𝑆𝑆𝑧𝑧 (𝑋𝑋𝑣𝑣𝑣𝑣 ) for all 𝑣𝑣 with 𝑍𝑍𝑣𝑣 = 𝑧𝑧, 𝑖𝑖 = 1, … , 𝑁𝑁𝑣𝑣 , and z = 0,1.

Given z, we suppose that matching on 𝑆𝑆𝑧𝑧 (𝑋𝑋𝑣𝑣𝑣𝑣 ) creates 𝐾𝐾𝑧𝑧 matched sets, 𝐴𝐴𝑧𝑧𝑧𝑧 , 𝑘𝑘 =

0
0
1, … , 𝐾𝐾𝑧𝑧 , with 𝑛𝑛𝑧𝑧𝑧𝑧 = 𝑛𝑛1𝑧𝑧𝑧𝑧 + 𝑛𝑛𝑧𝑧𝑧𝑧
and 𝑛𝑛1𝑧𝑧𝑧𝑧 and 𝑛𝑛𝑧𝑧𝑧𝑧
respectively denoting the number of

individuals in the matched sets with 𝑇𝑇𝑣𝑣𝑣𝑣 = 1 and 𝑇𝑇𝑣𝑣𝑣𝑣 = 0. We define weights of the individuals
as

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑤𝑤𝑣𝑣𝑣𝑣

=�

𝑁𝑁′

𝑛𝑛𝑧𝑧𝑧𝑧 𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)

� 𝑧𝑧 � �
𝑛𝑛𝑧𝑧

1
𝑛𝑛𝑧𝑧𝑧𝑧

0 ,

+

𝑛𝑛𝑧𝑧𝑧𝑧 {1−𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)}
0
𝑛𝑛𝑧𝑧𝑧𝑧

𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

�

, 𝑖𝑖𝑖𝑖 𝑣𝑣𝑣𝑣 ∈ 𝐴𝐴𝑧𝑧𝑧𝑧 , 𝑘𝑘 = 1, … , 𝐾𝐾𝑧𝑧 ,

Where 𝑁𝑁𝑧𝑧′ = ∑𝑍𝑍𝑣𝑣=𝑧𝑧 𝑁𝑁𝑣𝑣 , and 𝑛𝑛𝑧𝑧 = ∑𝑘𝑘 𝑛𝑛𝑧𝑧𝑧𝑧 denotes the total numbers of individuals

matched within the strata defined by 𝑍𝑍𝑣𝑣 = 𝑧𝑧, z = 0,1. Similar to the equation (E-1), we define
GEEs with the newly defined weights from the stratified matching and denote a solution by
� �.
�𝛼𝛼𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
� , 𝛽𝛽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

Hierarchical matching. Within the strata defined by 𝑍𝑍𝑣𝑣 , we consider grouping of

clusters potentially with similar unmeasured cluster-level characteristics. One way of achieving
this is via using their overall treatment practice patterns. We assume a random cluster-specific
intercept with patient-level fixed effects for the PS model and group clusters based on the
estimated per cluster intercepts. We suppose that such grouping results in 𝐻𝐻𝑧𝑧 cluster groups

(ℎ = 1, … , 𝐻𝐻𝑧𝑧 ), and matching individuals within the cluster groups results in 𝐴𝐴∗𝑧𝑧ℎ matched sets,

𝑎𝑎 = 1, … , 𝐴𝐴∗𝑧𝑧ℎ .Accordingly we denote the number of individuals in the matched sets with 𝑇𝑇𝑣𝑣𝑣𝑣 =

0∗
1 and 𝑇𝑇𝑣𝑣𝑣𝑣 = 0 with 𝑛𝑛1∗
𝑧𝑧ℎ and 𝑛𝑛𝑧𝑧ℎ , respectively. We define weights of the individuals as
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑤𝑤𝑣𝑣𝑣𝑣

=�

∗
𝑁𝑁𝑧𝑧ℎ

�∑

∗
𝑎𝑎 𝑛𝑛𝑧𝑧ℎ

∗
𝑛𝑛𝑧𝑧ℎ
𝐼𝐼(𝑇𝑇𝑣𝑣𝑣𝑣 =1)

��

0 ,

∗1
𝑛𝑛𝑧𝑧ℎ

+

∗ {1−𝐼𝐼(𝑇𝑇
𝑛𝑛𝑧𝑧ℎ
𝑣𝑣𝑣𝑣 =1)}

𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

∗0
𝑛𝑛𝑧𝑧ℎ

�

, 𝑖𝑖𝑖𝑖 𝑣𝑣𝑣𝑣 ∈ 𝐴𝐴∗𝑧𝑧ℎ , ℎ = 1, … , 𝐻𝐻𝑧𝑧 ,
16

∗
where 𝑁𝑁𝑧𝑧ℎ
denotes the total size of the clusters belonging to cluster group h within the

∗
stratum 𝑍𝑍𝑣𝑣 = 𝑧𝑧 and ∑𝑎𝑎 𝑛𝑛𝑧𝑧ℎ
denotes the total number of matched individuals in the cluster

group h. Similar to the equation (E - 1), we define GEEs with the newly defined weights from
�
� , 𝛽𝛽𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝚤𝚤𝚤𝚤𝚤𝚤𝚤𝚤
�.
the hierarchical matching and denote a solution by �𝛼𝛼𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝚤𝚤𝚤𝚤𝚤𝚤𝚤𝚤

The proposed hierarchical matching realizes the idea of addressing the multilevel nature

of confounding associated with the data structure in a hierarchical fashion, that is, first by
grouping clusters to address cluster-level confounding and then matching individuals on the PS
within-cluster groups to address individual-level confounding. The specific methods used in
grouping clusters may differ. In this regard the stratified matching can be seen as a naive
hierarchical matching that groups clusters simply by stratifying on the observed cluster-level
confounder 𝑍𝑍𝑣𝑣 without considering the possibility of unmeasured cluster-level confounding.

Hence, this naive hierarchical method is not expected to be robust to unmeasured cluster-level

confounding, unlike the proposed hierarchical matching approach.
With multiple cluster-level confounders, we recommend prioritizing the confounders
and stratifying on the most important confounders. Using too many confounders would lead to
essentially restricting matching to be within clusters. Grouping of the clusters within the strata
are then based on the cluster-specific treatment practice patterns. Because the cluster-specific
treatment practice patterns collectively account for much of the remaining cluster-level
confounders not explicitly accounted for by stratification, having only a couple of critical
cluster-level confounders should suffice.

Aim 2
Develop a novel imputation-based sensitivity analysis approach.
From the theoretical perspective, sensitivity analysis can be viewed as a missing data
problem in the sense that the unmeasured confounder is 100% missing. This motivates an
imputation-based strategy for sensitivity analysis. If we can impute the missing confounder
based on a prespecified relationship with the intervention assignment, we may conduct the
usual PS analysis with the imputed data set. This strategy has the potential to extend the
17

sensitivity analysis beyond using randomization-based tests as Rosenbaum originally proposed.
Lu et al44 specified a marginal model to impute the unmeasured covariate based on the
treatment assignment and the outcome. By changing the regression coefficients in the model,
they could assess the impact of such covariates on the causal effect estimation. With the
imputed data set, investigators could use any outcome adjustment model as appropriate. Shi et
al45 extended this idea to a matching design with multiple groups. They used triplet matching, a
matching design for 3-group studies, to compare emergency department mortality across
different levels of trauma centers. The unmeasured covariate was imputed by logistic
regression models and included in the final outcome model as a means to account for
unmeasured confounding.
We propose to extend this imputation-based sensitivity method to the clustered setting.
The key idea of the imputation-based sensitivity method is treating an unmeasured confounder
(which is hypothesized for the sensitivity analysis) as a missing covariate and imputing its values
based on some hypothetical model related to both treatment indicator and outcome. To avoid
simply modeling the relationship between the hypothesized unmeasured confounder and the
measured potential confounders, we applied the original method developed for unstructured
data to PS matching only; because matching is assumed to balance the distribution of the
observed potential confounders, they do not need to be considered for the imputation. If we
can adapt the imputation model appropriately to impute an unmeasured confounder at the
patient level without compromising this feature, the method can be extended to examine the
robustness of various PS analyses in the multilevel setting. The aim 2 results section provides
details. A significant treatment effect was found with the pediatric kidney transplant study, and
we applied the developed method to this study.
The traditional Rosenbaum-style sensitivity analysis is based on randomization
inference, which is difficult to implement with hierarchical models. To overcome this, we adopt
the imputation idea from missing data literature, because the unmeasured confounder is never
observed. The unmeasured confounding variable can be imputed based on a prespecified
model, then the same multilevel model can be fit to estimate the treatment effect. But our
18

method is not a replacement of Rosenbaum’s approach in a multilevel setting because the 2
methods are conceptually different. First, Rosenbaum’s approach is tied closely to the testing of
Fisher’s sharp null, whereas our approach focuses on hypotheses regarding population
parameters. Second, unlike Rosenbaum’s approach, our method treats the unmeasured
confounder as a missing data problem, and the imputation strategy works with multilevel
models. Third, Rosenbaum’s approach is more mathematically rigorous, as it is built on the
randomization inference theory. Our method is more convenient for implementation in a
complex setting, which provides an ad hoc view of how the treatment effect estimation could
have changed had the unmeasured confounder been observed.

Empirical Studies
We use both Monte Carlo computer simulation and cohort case study analyses to
conduct this project. The simulation studies and the real data example studies complement
each other. The real data analyses informed the design of the Monte Carlo simulation studies
with realistic estimates for cluster-to-cluster (or clinic-to-clinic) variation in sample size,
treatment practice and outcomes, and other parameters, as appropriate. They will also enable
us to evaluate the performance of various PS methods in real data settings. The Monte Carlo
studies with known truth (ie, simulated data sets with known degrees of confounding)
undoubtedly provide objective evaluation and comparison of the approaches considered here.
In Monte Carlo Computer Simulation Study Results, we provide details of the simulation
studies. All computation was conducted using R, version 2.15 (R Foundation for Statistical
Computing).46

Case Study 1: Pediatric Kidney Transplant Study
This is a retrospective cohort study of pediatric kidney transplant recipients, aiming to
assess the comparative effectiveness of steroid use in posttransplant management. This study
uses data from the Organ Procurement and Transplantation Network (OPTN) database from
2002 to 2012 reported by transplant centers. We refer to previous research47-49 for detailed
descriptions of the data and the research question. Enrollment in steroid avoidance protocols
had increased from 10% to over 35% during this time period.47
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Study population. The population studied was pediatric kidney transplant recipients
(age <21 years) from 2002 to 2012.

Primary outcomes. These were episodes of acute rejection and graft survival time.
Treatments. The 2 treatments were a steroid avoidance maintenance protocol
(defined as being discharged from transplant hospitalization without maintenance steroids) vs a
steroid-dependent maintenance protocol.

Patient-level potential confounders. These were recipient age; recipient sex;
recipient race; year of transplantation; donor source (living, deceased); human leukocyte
antigen mismatch status; panel reactive antibody values; dialysis before transplant; history of
previous kidney transplant; cold ischemia time; warm ischemia time; donor age, race, and sex;
serum creatinine level at the time of donation; donation after cardiac death and expanded
donor criteria; type of induction therapy and other immunosuppressive agents; source of
payment; body mass index; primary diagnosis as the etiology of end-stage renal disease; and
delayed graft function (the need for dialysis within 1 week of transplant).

Center-level potential confounders. These were United Network for Organ Sharing
region and patient volume (large/small).
We included 120 centers (clusters) that conducted, on average, at least 1 transplant per
year during the study period. The number of transplant recipients per center varies widely; 26
centers (22%) reported more than 100 recipients, whereas 34 centers (28%) reported less than
30 recipients.

Case Study 2: RISK Study
This is a multisite prospective cohort study in children with newly diagnosed Crohn
disease (CD), supported as the first of the CCFA PRO-KIIDS (Pediatric Resource Organization for
Kids with Inflammatory Intestinal Digestive Diseases) initiatives. It enrolled 1100 confirmed CD
patients from 28 centers (clusters) across the United States and Canada from November 1,
20

2008, to June 30, 2012. The study was renewed to extend the follow-up to 5 years with new
aims including a CER aim. The renewal addresses comparative effectiveness of early vs late
introduction of biologics as a treatment strategy. We refer to previous research50-52 for the
detailed description of the RISK cohort and the research question.

Study population. This consisted of a total of 1100 children newly diagnosed with CD.
In total, 998 (90.7%) children are being actively followed-up (currently in the fifth year from the
beginning of the study).

Outcome. The outcome measured was progression to complications (penetrating
and/or stricturing disease) within 3 or 5 years from diagnosis.

Treatments. Timing of treatments was early (≤90 days from diagnosis) vs no or late
introduction of biologics.

Patient-level potential confounders. These were extent of the disease, presence of
perianal disease, disease activity (severity) at diagnosis measured by Pediatric Crohn’s Disease
Activity Index, presence of deep ulcer at diagnosis (based on diagnostic endoscopy), age in
years at diagnosis (<10 vs >10 years), sex, race, and growth failure.

Center-level potential confounders. These were IBD experience (patient volume),
genetic variants (NOD2 genotyping results), serum immune response testing results (anti–
Saccharomyces cerevisiae antibody [ASCA] immunoglobulin [Ig]A, ASCA IgG, CBir1, granulocytemacrophage colony-stimulating factor[GM-CSF], I2, and/or outer-membrane porin C [OmpC]).

Potential unmeasured confounders. These were the cost burden of biologics on the
family and thiopurine drug-response testing result.

Post–initial treatment selection covariates. These were additional treatments
added after 90 days.
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The practice of introducing biologics varies widely, because the percentage of patients
treated with biologics ranges between 0% and 55%. Genetic and serologic immune response
testing results are included in the potential center-level factors. These tests are routinely
performed at some sites, and physicians at those centers may use the test results to decide
whether to introduce the biologics early or not. We conducted a survey with 22 physicians of
important factors of early biologics treatment decision and identified potential confounders,
measured or unmeasured.

Aim 3
Identify valid and efficient PS methods for 2 existing CER studies and conduct the
sensitivity analysis using the imputation-based approach developed under aim 2.
The original protocols of the 2 studies ignored the clustered data structure and planned
PS analysis by the across-cluster matching. That is, they applied PS analysis for independent
data without modification. We used 1:1 nearest neighborhood matching (R package
“Matching”) to compare the per-protocol across-cluster matching with the better performing
methods among those considered in aim 1.
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RESULTS
Aim 1
Investigate how to extend the PS methodology and compare PS matching methods
under various assumptions.
The properties of the 4 matching approaches are summarized in Table 1. The
performances of the approaches are compared via simulation using the following parameters of
PS: absolute percent bias, mean squared standard errors, coverage of resulting CIs, and
matched sample size. The simulation settings were configured to attain good overlap between
the PS distribution of the controls and that of the treated.
Table 1. Properties of Matching Approaches
Require 1 PS
model globally
holding across
the clusters?

Address clusterlevel unmeasured
confounding?

Anticipated
matched sample
size order (from
largest to
smallest)

Within-cluster matching

No

Yes

4

Across-cluster matching

Yes

No

1

Stratified matching: Stratify
clusters by cluster-level measured
confounders and match across
clusters within strata

No, but yes within
the strata

No

2

Hierarchical matching: Further
group clusters by their overall
treatment practices within strata
and match across clusters within
these cluster groups

No, but yes within
the cluster groups

Partially

3

Matching method

Monte Carlo Computer Simulation Study Results
We applied the 4 different matching methods to 1:1 matching. The following data
generation models were used to reflect salient characteristics of the real study examples:
1. Two hundred clusters (centers): 𝑣𝑣 = 1, … ,200
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2. Binary cluster level observed covariate 𝑍𝑍𝑣𝑣 : 𝑍𝑍𝑣𝑣 ~ 𝑖𝑖. 𝑖𝑖. 𝑑𝑑. 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 with
𝑃𝑃(𝑍𝑍𝑣𝑣 = 1) = 0.3
3. Individuals: 𝑖𝑖 = 1, … . , 𝑁𝑁𝑣𝑣 with 𝑁𝑁𝑣𝑣 = 3𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝜆𝜆 = 60) if 𝑍𝑍𝑣𝑣 = 1 or
6𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝜆𝜆 = 20) else

4. Stratified sample of clusters by 𝑍𝑍𝑣𝑣 : randomly sample 10% of clusters each with 𝑍𝑍𝑣𝑣 =
1 and 𝑍𝑍𝑣𝑣 = 0
5. Treatment selection model: 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙{𝑃𝑃(𝑇𝑇𝑣𝑣𝑣𝑣 = 1|𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑍𝑍𝑣𝑣 )} = 𝑎𝑎0𝑣𝑣 + 𝑎𝑎1𝑇𝑇 𝑋𝑋𝑣𝑣𝑣𝑣

6. Outcome model: ℎ{𝐸𝐸(𝑌𝑌𝑣𝑣𝑣𝑣 (𝑡𝑡)|𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑍𝑍𝑣𝑣 )} = 𝑏𝑏0𝑣𝑣 + 𝑏𝑏1𝑇𝑇 𝑋𝑋𝑣𝑣𝑣𝑣 + 𝑑𝑑𝑣𝑣 𝑡𝑡, where the link function
h() is a logit for the binary outcomes or a linear function for the continuous
outcomes
a) Observed outcomes: 𝑌𝑌𝑣𝑣𝑣𝑣 = 𝑇𝑇𝑣𝑣𝑣𝑣 𝑌𝑌𝑣𝑣𝑣𝑣 (1) + (1 − 𝑇𝑇𝑣𝑣𝑣𝑣 )𝑌𝑌𝑣𝑣𝑣𝑣 (0)

7. Measures of treatment effect: mean difference for the continuous outcome, relative
risk (RR), and odds ratio (OR) for the binary outcome
8. Three parameter settings considered for 𝑎𝑎0𝑣𝑣 , 𝑏𝑏0𝑣𝑣 , 𝑑𝑑𝑣𝑣

a) Constant effect (denoted by letter “c”): uniform effect across the clusters
b) 𝑍𝑍𝑣𝑣 dependent effect (denoted by “zv”): cluster-dependent effects
determined by the cluster-level variable 𝑍𝑍𝑣𝑣
c) Cluster-specific effect (denoted by “r”)

9. Sixteen measured confounding parameter settings where {𝑌𝑌𝑣𝑣𝑣𝑣 (1), 𝑌𝑌𝑣𝑣𝑣𝑣 (0)} ⊥
𝑇𝑇𝑣𝑣𝑣𝑣 |𝑋𝑋𝑣𝑣𝑣𝑣 , 𝑍𝑍𝑣𝑣𝑣𝑣 :

a) Determined by combinations of parameter settings of 𝑎𝑎0𝑣𝑣 , 𝑏𝑏0𝑣𝑣 , 𝑑𝑑𝑣𝑣 , denoted
by letter combinations “V1.V2.V3” with V1, V2, and V3 denoting parameter
settings of 𝑎𝑎0𝑣𝑣 , 𝑏𝑏0𝑣𝑣 , 𝑑𝑑𝑣𝑣 respectively. V1, V2, and V3 assume the value “c” for
the constant effect, “zv” for the cluster-level variable 𝑍𝑍𝑣𝑣 dependent effect, or
“r” for cluster-specific (or random) effects.

b) For example, under the simulation setting labeled by c.r.zv, the first letter “c”
indicates constant 𝑎𝑎0𝑣𝑣 (ie, no cluster effect on treatment selection), the
second letter “r” indicates cluster-specific 𝑏𝑏0𝑣𝑣 (ie, random cluster effects on
the outcome model), and the last letters “zv” indicates measured cluster24

level characteristic 𝑍𝑍𝑣𝑣 dependent treatment effect 𝑑𝑑𝑣𝑣 (ie, treatment effects
differ by the cluster-level observed characteristics). Similarly the label r.r.c
indicates a simulation setting that assumes cluster-specific 𝑎𝑎0𝑣𝑣 (eg, clusterspecific treatment selection protocol effects), cluster-specific 𝑏𝑏0𝑣𝑣 (random
cluster effects on the outcome model) and constant (homogeneous)
treatment effect 𝑑𝑑𝑣𝑣 .

10. Unmeasured cluster-level confounding settings

a) Created by correlated cluster-specific effects of 𝑎𝑎0𝑣𝑣 , 𝑏𝑏0𝑣𝑣 , drawn from a
bivariate normal distribution with the correlation of 0.5.
b) r.r*.c, r.r*.zv, r.r*.r: correlated cluster-specific 𝑎𝑎0𝑖𝑖 and 𝑏𝑏0𝑖𝑖 (unmeasured
cluster-level confounding) setting with respectively constant, cluster-level
variable 𝑍𝑍𝑣𝑣 dependent, and cluster-specific treatment effect

11. Characterizations of parameter settings

a) No confounding: c.c.c, c.r.c, c.zv.c, r.c.c, zv.c.c
b) Nominal confounding: r.r.c, r.r.r, r.r.zv, r.zv.r, r.zv.zv, zv.r.c, zv.r.r
c) True confounding: zv.r.zv, zv.zv.c, zv.zv.r, zv.zv.zv
d) Unmeasured confounding: r.r*.c, r.r*.r, r.r*.zv
In the r.r.c setting, the cluster-specific intercepts both in the treatment selection and the
outcome model corroborate the clustered data structure. However, they do not suggest
cluster-level confounding because the cluster-specific intercepts in the treatment selection are
not associated with those in the outcome model. That is, cluster-level treatment practice is not
indicative of better or worse cluster-level overall outcomes. Hence, the nominal confounding
settings indicate the presence of clustering, but the clustering does not imply cluster-level
confounding whether measured or unmeasured.
With 1:1 matching, weights are the same across matched sets. Also, sampling weights of
the clusters applies to all 4 methods. Hence, hereafter “weights” refers only to weighting by the
original cluster sizes. Consistent results were obtained regardless of the causal measure of the
choice. Key results are as follows:
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1. Percent absolute bias comparison of unweighted estimators (see Figure 1 when the
mean difference is a causal effect measure and Figures A1-1 and A1-2 for the OR and
the RR results in the attachment):
•

Because confounding at the cluster level, whether measured or not, is accounted
for in the matching, one may think that within-cluster matching is sufficient
without accounting for the relative cluster sizes in the original data against those
in the matched data. When the treatment effects are dependent on 𝑍𝑍𝑣𝑣 , large
bias (% bias) resulted with a GEE estimator without weighting. The stratified
matching approach performed better in those cases but performed poorly,
resulting in a large bias (>10%), when unmeasured confounding was present. The
across-cluster matching performed well when no or nominal confounding
existed at the cluster level, but poorly when true confounding, whether
measured or not, existed. Essentially no approach was satisfactory.

•

Because the across-cluster matching method ignores the clustered data
structure, it results in large bias when true cluster-level confounding exists.

•

In terms of the effective sample size (ie, the number of matched pairs with 1:1
matching), as expected, the size of the matched data was largest with acrosscluster matching, followed by stratified matching and hierarchical matching.

2. Percent absolute bias comparison of weighted estimators: Once weighted by the
original cluster size in all cases except the cluster-level unmeasured confounding
ones, all 3 estimators performed well (see Figure 2 for the mean difference results
and Figures 2A-1 and 2A-2 for the OR and the RR results in the attachment). Under
the true or unmeasured cluster-level confounding setting, within-cluster matching is
expected to have the smallest bias. Hierarchical matching yielded comparably small
bias, whereas the stratified matching method resulted in large bias (>10%) under the
unmeasured cluster-level confounding setting. Compared with the within-cluster
matching approach, the hierarchical matching approach yielded 76% more matched
pairs and had smaller root mean squared errors uniformly across all settings
regardless of causal measures (Figure 3).
3. We computed CIs in 2 ways, based on (1) the sandwich variance estimates of the
GEE estimators and (2) the bootstrap estimated variance estimates. The coverage
probabilities were more consistently close to the nominal level of 95% with the
bootstrap variance estimate approach across various settings (Figures 4 and 5).
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Figure 1. Percent absolute bias comparison of unweighted estimators
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Figure 2. Percent absolute bias comparison of weighted estimators
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Figure 3. Root mean squared error within-cluster matching weighted vs hierarchical matching weighted
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Figure 4. Coverage probabilities of the within-cluster matching weighted estimator (95% CI): variance estimation by the GEE
sandwich estimator vs bootstrap
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Figure 5. Coverage probabilities of the hierarchical matching weighted estimator (95% CI): variance estimation by the GEE
sandwich estimator vs bootstrap
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Aim 2
Develop a novel imputation-based sensitivity analysis approach.
The sensitivity analysis becomes more complicated when the data are clustered. With
clustered data, the unmeasured confounding may come from 2 sources, (1) individual-level
characteristics or (2) clinic-level characteristics. For matching designs that match only within
clinics, clinic-level unmeasured confounding is not an issue, as the patients within each pair are
always from the same clinic. The simulation results showed that the hierarchical matching is
robust to unmeasured confounding at the cluster level. Therefore, we can focus on individuallevel unmeasured confounding. Imputation-based sensitivity analysis can be carried out in 2
ways: (1) with a marginal model or (2) with a conditional model. The former follows naturally
from the viewpoint that the matched data as a whole are free of observed confounding bias.
The latter is harder to implement but preserves the matching structure better. To account for
the clustering structure, a conditional model-based imputation strategy would be more
desirable. Here we discuss the 2 strategies in more detail.

Marginal Model-Based Imputation
Following Rosenbaum's notation, we assume there is 1 unmeasured confounder that is
a dichotomous variable, 𝑈𝑈𝑣𝑣𝑣𝑣 . In observational studies, the distributions of 𝑈𝑈𝑣𝑣𝑣𝑣 are not the same

in the treated and control groups, which potentially leads to bias in causal effect estimation. To

adjust for the potential impact of 𝑈𝑈𝑣𝑣𝑣𝑣 , we need to impute 𝑈𝑈𝑣𝑣𝑣𝑣 from a prespecified model that

links 𝑈𝑈𝑣𝑣𝑣𝑣 to the intervention assignment, 𝑇𝑇𝑣𝑣𝑣𝑣 .

Specifically, we can use the following imputation model:
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙{𝑃𝑃(𝑈𝑈𝑣𝑣𝑣𝑣 = 1)} = 𝛼𝛼 + 𝛾𝛾𝑇𝑇𝑣𝑣𝑣𝑣

where 𝛼𝛼 controls the prevalence of 𝑈𝑈𝑣𝑣𝑣𝑣 in the control group and 𝛾𝛾 determines the

association between 𝑈𝑈𝑣𝑣𝑣𝑣 and 𝑇𝑇𝑣𝑣𝑣𝑣 . This imputation model is referred to as the marginal model

because it does not condition on the matching structure, and the exponent of the sensitivity
parameter, denoted by Γ, is the marginal OR between 𝑈𝑈𝑣𝑣𝑣𝑣 and 𝑇𝑇𝑣𝑣𝑣𝑣 in the matched data. Γ
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dictates how much the unmeasured confounder, 𝑈𝑈𝑣𝑣𝑣𝑣 , may influence the intervention
assignment between the 2 groups, after controlling for all observed covariates.

When 𝛾𝛾 = 0 or Γ = 1, it implies no association between 𝑈𝑈𝑣𝑣𝑣𝑣 and 𝑇𝑇𝑣𝑣𝑣𝑣 ; then 𝑈𝑈𝑣𝑣𝑣𝑣 cannot be

a confounder and will not introduce bias in causal effect estimation. When Γ deviates from 1,
𝑈𝑈𝑣𝑣𝑣𝑣 can be a confounder. The further away Γ is from 1, the more impact 𝑈𝑈𝑣𝑣𝑣𝑣 will have on the

treatment effect. When Γ is large enough, an observed significant treatment effect will become

nonsignificant. The value of Γ inducing the transition to a nonsignificant effect is often used as a
measure of how sensitive the original study result of statistical significance is to unmeasured
confounding.
To implement the imputation-based sensitivity analysis, we impute 𝑈𝑈𝑣𝑣𝑣𝑣 for a range of Γ

values and use Rosenbaum’s framework53 to assess the impact of potential hidden bias on the P
value of the treatment effect. Without loss of generality, we only consider Γ ≥ 1. For each Γ
value, we multiply impute data and compute the P value of the treatment effect for each

imputed data. This provides the bounding distributions of the test statistics. Such bounding
distributions define an upper and lower bound for the P value that accounts for the
unmeasured confounding. Hence, one can determine the strength of the evidence of a nonzero
intervention effect in presence of hidden bias. As Γ increases, the upper bound of the P value

will also increase. Eventually, it becomes larger than a prespecified significance level. The value
of Γ at which the P value becomes nonsignificant is used as a measure of sensitivity to hidden
bias. The smaller such value is, the more sensitive the original study is to unmeasured

confounding. In other words, the study conclusion is sensitive if it may be altered in the
presence of an unmeasured confounder only weakly associated with the intervention. The
evidence of an intervention effect is stronger if a larger value of Γ is needed to make the test
statistic nonsignificant.

Conditional Model-Based Imputation
The marginal imputation model is relatively easy to implement because it does not
account for the matching structure. The classic sensitivity analysis introduces the association
33

between 𝑈𝑈𝑣𝑣𝑣𝑣 and 𝑇𝑇𝑣𝑣𝑣𝑣 at pair level, hence Γ needs to be interpreted as a conditional OR.33

Moreover, with clustered data, if we want to guard against potential clinic-level confounding, a
conditional imputation model should be used. Because of the noncollapsibility of the OR, the
marginal and conditional approaches will not produce the same results.
We consider a conditional logistic regression model adjusting for the 1:1 matching
design:
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙{𝑃𝑃(𝑈𝑈𝑠𝑠𝑠𝑠 )} = 𝛼𝛼𝑠𝑠 + 𝛾𝛾𝑇𝑇𝑠𝑠𝑠𝑠 ,

where 𝑠𝑠 represents a matched pair for 𝑠𝑠 = 1, … , 𝑆𝑆 and 𝑠𝑠𝑠𝑠 represents subject 𝑖𝑖 in the 𝑠𝑠 𝑡𝑡ℎ

pair. The maximum likelihood estimator of Γ = exp(𝛾𝛾) equals the ratio of the off-diagonal
𝑐𝑐

terms, , in the matched pair table.54
𝑏𝑏

In Table 2, 𝑏𝑏 is the number of discordant pairs with the pattern that within each pair,

the subject with 𝑇𝑇 = 1 takes value 𝑈𝑈 = 0 and the other with 𝑇𝑇 = 0 takes value 𝑈𝑈 = 1; 𝑐𝑐 is the

number of discordant pairs with the pattern that within each pair, the subject with 𝑇𝑇 = 1 takes
value 𝑈𝑈 = 1 and the other with 𝑇𝑇 = 0 takes value 𝑈𝑈 = 0.

Table 2. Conditional Model-Based Imputation of Unmeasured Confounder
T=1
T=0

U=1

U=0

U=1

a

b

a+b

U=0

c

d

c+d

a+c

b+d

S

When 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 denotes the proportion of discordant pairs and 𝑝𝑝𝑈𝑈 is the prevalence of 𝑈𝑈 =

1 in the unmatched data, it is easy to find that
𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =

𝑏𝑏+𝑐𝑐
𝑆𝑆

𝑎𝑎

and 𝑝𝑝𝑈𝑈 = +
𝑆𝑆

1 𝑏𝑏+𝑐𝑐
2 𝑆𝑆

.
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For a given sensitivity parameter value Γ and prespecified (𝑝𝑝𝑈𝑈 , 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ), all cell counts in

Table 2 can be identified:

1
𝑆𝑆𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑆𝑆𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 Γ
1
𝑎𝑎 = 𝑆𝑆𝑝𝑝𝑈𝑈 − 𝑆𝑆𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 , 𝑏𝑏 =
, 𝑐𝑐 =
, 𝑑𝑑 = 𝑆𝑆(1 − 𝑝𝑝𝑈𝑈 ) − 𝑆𝑆𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 .
2
1+Γ
1+Γ
2

To implement the conditional model-based strategy, we similarly use Rosenbaum’s
approach48 to assess the impact of potential hidden bias on the P value of the treatment effect.
We impute U for a range of Γ values and different combinations of (𝑝𝑝𝑈𝑈 , 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ). For each round

of imputation, we generate U values for each pair that satisfy the cell counts in the above

equations, and we compute the P value of the treatment effect for the newly imputed U and
preserving the matching. Reflecting the clustered data and the matching structure, U values
may need to be generated within clusters or cluster groups separately to satisfy the cell counts
in the above equations. For example, with the within-cluster matched data, U values will be
generated for the matched pairs within each cluster with the equations above satisfied with
regards to the total number of the matched pairs within the cluster. This provides an estimate
of an upper bound for the P value that accounts for the unmeasured confounding. We apply
the conditional model-based imputation method to the pediatric kidney transplant study in the
next section.

Aim 3
Identify valid and efficient PS methods for 2 existing CER studies and conduct the
sensitivity analysis using the imputation-based approach developed under aim 2.
Aim 1 results show that hierarchical matching performed best. We here compare the
per-protocol across-center matching results with the alternative analysis results by hierarchical
matching. For comparison, we also performed alternative analysis by the within-cluster
matching method. In both case studies, we confirmed that the distributions of the estimated
PSs for the controls and the treated overlapped.
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Case Study 1: Pediatric Kidney Transplant Study Application
Steroid avoidance protocols have recently gained popularity in pediatric kidney
transplantation, particularly in patients at lower immunologic risk. However, the long-term
safety of steroid avoidance in children with immunologic risk factors remains unknown. This
study addressed the unknown safety question by investigating the effect of steroid avoidance
on graft failure among immunologic risk strata. We used pediatric kidney transplant recipients
from 2004-2014 in the OPTN database who received tacrolimus and mycophenolate
immunosuppression.

Alternative PS analyses by methods developed under aim 1. Independent data
PS analysis was planned for the per-protocol analysis. A total of 5827 children at 117 centers
(ie, clusters) were included in the analysis with 1975 children treated with steroid avoidance
and 3852 children treated with the steroid-dependent protocol. Among 5599 children who
survived beyond 6 months with known acute rejection-related information, 1635 children who
received steroid avoidance were matched with 1635 children who received steroid-based
immunosuppression for the risk analysis of acute rejection within 6 months of transplant, and
we compared their odds of rejection using logistic regression in the PS-matched cohort. We
found no significant difference, with the OR of 1.18 (95% CI, 0.92-1.53).
The per-protocol analysis corresponds to the across cluster matching analysis, since the
across matching ignores the clustered data structure. We alternatively analyzed the data using
the proposed within-cluster matching and the hierarchical matching. As with the per-protocol
analysis, we 1:1 matched with a caliper of 10% of the standard deviation of the PS and also
required the donor type to be exactly matched and the transplant year to be matched within 2
years. For the hierarchical matching, 117 transplant centers were first stratified by the volume
of pediatric kidney transplants during the 10-year study period (100 or more transplants vs less
than 100), and subsequently 5 groups within each stratum were selected by their overall
steroid avoidance protocol practice patterns. The overall clinic level steroid avoidance protocol
practices were estimated using a mixed-effects model with random center-specific intercepts to
represent their overall practices. The centers conducted 10 to 130 transplants during the 1036

year period, while treating 0% to 93% of the pediatric patients without steroids (see Figure 6A-1
where the size of the bubbles indicate the per-site sample size). Pediatric kidney transplants
were conducted both in pediatric specialty centers and general transplant centers. The
transplant volume is a surrogate of pediatric specialty indication and also represents overall
center-wide experience and expertise in pediatric transplant. Within each stratum, the quintiles
of the intercept estimates of the centers were used to create 5 center groups. Within each
group, the hierarchical method ignored the clustering by centers and matched children across
the centers. Corresponding to the assumptions of the across-center matching, ordinary logistic
regression was used to estimate the PS. For the other 2 methods (hierarchical and withincenter matching), the marginal (using GEE) and the conditional model (random intercept
logistic regression using a generalized linear mixed model [GLMM]) were used to estimate the
PSs (see Figure 6A-2 for examples of the distributions of the estimated PSs within the center
and Figure 6A-3 for the distributions of the estimated PSs within the center cluster groups). The
covariate balance in each of the matched data was examined using standardized mean
difference plots (Figure 6). The outcome analyses were conducted using the proposed GEE
method.
The alternative analyses by the proposed methods found that restricting matching to be
within centers not only yielded smaller matched cohorts but also excluded 35% to 44% of the
centers from the matched analysis. It is because the practice pattern (percentage treated)
widely varied across the sample size along with the sample size (see Figure 6A-1). This highlights
the limitation of within-cluster matching in practice: unless each center (cluster) is sufficiently
large enough, within-cluster matching is not appropriate to yield a matched data representative
of the multilevel structure of the unmatched data. Hierarchical matching yielded larger
matched cohorts and included 85% to 86% of the centers in the analysis. The high percentages
of the centers included in the hierarchical matched data contrasts with the still-low percentages
of the steroid avoidance–treated children included in the matched data. None or just a few
children received steroid avoidance in many centers, whereas the majority of children received
it in a handful of centers. This explains the seeming contrast. The across-matching approach
included 83% of the steroid avoidance–treated children because it allowed matching of the
37

untreated from the non- or low-steroid-avoidance–practicing centers with the treated from the
high- or close-to-exclusive steroid-avoidance–practicing centers.
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Figure 6. Standardized mean difference plots: pediatric kidney transplant study
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Notably, all estimates suggest no significant differences in the odds of acute rejection
within 6 months of transplant (Table 3). However, the estimates based on the matched data by
the within-center matching method were less consistent, whereas the estimates based on
hierarchical matching were closer to each other.
Table 3. Alternative PS Matching Analyses of Pediatric Kidney Transplant Data for the Odds of
Acute Rejection Within 6 Months

Matching
method
Across

Within

Hierarchical

Steroid avoidance
PS
treated Pts included
estimation
in matched data,
method
n (%)

Centers
included in
the matched
data, No. (%)

OR
estimate

95% CI

Logistic

1635 (83)

116 (99)

1.184

0.917-1.527

Logistic

498 (25)

80 (68)

1.249

0.843-1.848

GEE

327 (17)

65 (56)

1.342

0.947-1.902

GLMM

435 (22)

76 (65)

0.944

0.434-2.053

Logistic

733 (37)

100 (85)

0.990

0.525-1.868

GEE

717 (36)

101 (86)

1.060

0.657-1.710

GLMM

747 (38)

99 (85)

0.900

0.671-1.207

Abbreviations: GEE, generalized estimated equation; GLMM, generalized linear mixed model; OR, odds ratio; PS,
propensity score; Pts, patients.

Sensitivity analysis by methods developed under aim 2. In the per-protocol
across-clusters matching independent data PS analysis, 1635 children who received steroid
avoidance treatment were matched with 1635 children who received steroid-based
immunosuppression, and their graft survival was compared using Cox proportional hazards
regression in this PS-matched cohort. We found improved graft survival in the first 2 years
following transplant in children receiving steroid avoidance with the hazard ratio (HR) for
allograft failure of 0.62 (95% CI, 0.45-0.86). In contrast, steroid avoidance was not associated
with improved allograft survival during years 2 to 10 following transplant (HR, 0.93; 95% CI,
0.75-1.15). We refer to previous work49 for details (Figure 7).
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We conducted the within-center matching analysis and observed a similarly improved
graft survival within 2 years in children receiving steroid avoidance with the HR for allograft
failure of 0.33 (P = 0.009). We examined the sensitivity of this result using the conditional
model-based imputation. We imputed 500 data sets for each selected value of 𝑝𝑝𝑈𝑈 (ranging from
0.2-0.4) and 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (ranging from 0.2-0.4) (Figure 8), and we performed Cox regression analysis

conditioning on the matching. Respecting the structure of the center groups, for each round of
imputation, we generated 𝑈𝑈 values for each pair that satisfy the cell counts in the equations in

the Conditional Model-Based Imputation section within each center group. With imputing with

Γ = 1 (no unmeasured confounding), the maximum P value ranged from 0.05 to ~0.06 under
various combinations of (𝑝𝑝𝑈𝑈 , 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ) in the ranges under consideration. The plots in Figure 8

report the maximum P value obtained over the 500 imputations. The results suggest that the
improved survival result is highly sensitive to unmeasured confounding at the patient level. This
is consistent with the significant results that are based on a small number of graft failures
reported within 2 years: 157 (4.8%) patients in the matched data set had graft failure within 2
years.

Figure 7. Graft survival of per-protocol PS-matched cohort

Abbreviation: PS, propensity score.
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Figure 8. Sensitivity analysis of improved graft survival within 2 yearsa

a

𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 denotes the proportion of discordant pairs and 𝑝𝑝𝑈𝑈 is the prevalence of 𝑈𝑈 = 1 in the unmatched data.

Case Study 2: RISK Study Application

Strictures and penetrating complications account for substantial morbidity and healthcare costs in pediatric-onset CD, whereas the effect of treatment on risk of these complications
is unknown. This is a prospective inception cohort study of pediatric patients with newly
diagnosed CD at 28 sites in the United States and Canada. A total of 913 eligible patients were
included in the analysis. A total of 191 early anti–tumor necrosis factor α (TNFα) therapytreated patients (within 90 days of diagnosis) were matched to 191 untreated or late-treated
patients. Adjusting for the postbaseline covariate of late anti-TNFα treatment and other
therapies, we compared the hazards of complications within the first 3 years from diagnosis.
The odds of penetrating complications were lower in the early exposure group with the ratio of
0.3 (95% CI, 0.1-0.89).52
The per-protocol analysis corresponds to the across-cluster matching analysis, because
across-matching ignores the clustered data structure. We alternatively analyzed the data using
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the proposed within-cluster matching and the hierarchical matching. Similarly, as to the perprotocol analysis, we 1:1 matched with a caliper of 10% of the standard deviation of the PS. For
the hierarchical matching, 28 centers were first stratified by the participation order of the
centers (first 13 centers vs the rest) and subsequently 3 groups within each stratum by their
overall anti-TNFα treatment practice patterns. The study recruited participating centers
through the CCFA’s pediatric research network, and active centers with close collaborative
relationships with the PI participated first. Because frequent communication among clinicians
tends to align their practice patterns, the order is a surrogate of the centers’ clinical research
orientation and clinical practice similarity. We estimated center-wide practice patterns of early
anti-TNFα exposure by fitting a random intercept model with patient-level fixed effects to
treatment data. Within each stratum, the tertiles of the intercept estimates of the centers were
used to create 3 center groups. Within each group, the hierarchical method ignored the
clustering by centers and matched children across the centers. Corresponding to the
assumptions of the across-center matching, ordinary logistic regression was used to estimate
the PS. For the hierarchical and within-center methods, we used the conditional model (random
intercept logistic regression using GLMM) to estimate the PSs. In order to obtain a reasonable
balance, we required exact matching of disease locations and diagnosis date. The covariate
balance in each of the matched pairs was examined using standardized mean difference plots
(Figure 9). The distributions of the estimated PSs indicate reasonable overlaps within each site
and each site cluster group (see Figures 9A-2 and 9A-3). The outcome analyses were conducted
using the proposed GEE method with censored outcomes addressed by the IPW method.
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Figure 9. Standardized mean difference plots: RISK study
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As with the pediatric kidney transplant study results, within-center matching in the RISK
study resulted in inclusion of fewer matched pairs and excluded more centers from the
matched analysis. This is also because the per-site practice pattern (percentage treated) varied
widely along with the sample size (see Figure 9A-1). The resulting OR estimates, although not
significant, were also less consistent with each other, with some estimates less than 1.0 and
others greater than 1.0 (Table 4). The different estimates based on hierarchical matching were
more consistent, with all less than 1.0 (suggesting a possible, but not statistically significant,
benefit to early treatment).
Table 4. Alternative PS Matching Analyses of RISK Study

Matching
method

Additional
req. to
caliper
matching

Early treated
patients
Centers
included in
included in
matched data,
matched
n (%)
data, No. (%)

OR of
strictures or
penetrating
complications

95% CI

Across

191 (100)

28 (100)

0.30

0.14-0.89

Within-cluster 1

111 (58)

19 (68)

1.06

0.33-3.27

Within-cluster 2

Match on
disease
location

62 (32)

17 (61)

0.48

0.02-12.94

Within-cluster 3

Match within
1 y of Dx date

111 (58)

19 (68)

0.64

0.12-3.41

Within-cluster 4

Match on
enrollment
year

69 (36)

16 (57)

1.58

0.25-10.33

149 (78)

28 (100)

0.35

0.08-1.49

Hierarchical 1
Hierarchical 2

Match on
disease
location

129 (68)

28 (100)

0.32

0.05-2.02

Hierarchical 3

Match within
1 y of Dx date

149 (78)

28 (100)

0.63

0.14-2.87

Hierarchical 4

Match on
enrollment
year

121 (63)

26 (93)

0.75

0.15-3.67

Abbreviations: Dx, diagnosis; OR, odds ratio; PS, propensity score; Req., requirement.
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DISCUSSION
This study is concerned with extensions of PS analysis to multilevel data analysis.
Registries, network databases, or the EHR commonly impose a hierarchical structure and
provide clustered data, whereas development of causal inference methodologies, including PS
analysis, lags behind. We addressed 2 research priority topics identified in the Improving
Methods for Conducting PCOR Funding Announcement: (1) “Comparison of the validity of
different methods for reducing confounding and bias using registry studies” and (2)
“Development and dissemination of software needed for sensitivity analyses and approaches to
evaluating the assumptions underlying complex analyses.” We have developed the hierarchical
PS matching method for the former and the imputation-based sensitivity analysis for the latter.
The underlying conceptual frameworks and the sensitivity analysis methods proposed here are
generally applicable to PS analysis, whether matching, stratifying, or weighting. Although
within-cluster matching is a gold standard for cluster data because it completely accounts for
measured or unmeasured cluster-level confounding, its application is limited, as it requires each
cluster to be sufficiently large to ensure matching within the clusters to account for individual
patient-level confounding. The proposed hierarchical PS matching is robust to the cluster-level
confounding, yet it does not necessarily require each cluster to be large. Robustness to the
cluster-level confounding leaves it to sensitivity analysis to examine unmeasured confounding
at the individual patient level. The proposed imputation-based methods are simple approaches
for the needed sensitivity analysis. We considered both binary and continuous outcomes,
typical features of PCOs.

Study Limitations
The matched GEE outcome analysis is concerned with only marginal inference, not
conditioning on matched sets, and needs a better variance estimation method yielding
coverage probabilities closer to the nominal levels. Extension to analyses conditioning on
matching is desired and will be pursued in future research. This study is also limited with
continuous and binary outcome types. Extending the proposed GEE outcome analysis to
survival or bivariate outcome types is desirable. It will also be useful in future research to
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explore the use of full matching in combination with each of the PS matching methods
proposed for clustered data, consider more than 1 stratification variable with the stratified and
hierarchical methods, apply the proposed sensitivity analysis with the recommended GEE
methods, and explicitly examine the impact of varying degrees of overlap in PSs between
treatment and control groups on the performance of the proposed methods.
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CONCLUSIONS
Given that little systematic research exists in the multilevel context, the generality of
the methodology outcomes from this study should be highly impactful. We hope that the
results will directly inform good statistical practice for causal inference using clustered
observational studies and will influence future iterations of PCORI’s Methodology Report.
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