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ABSTRACT 

 Propensity score methods can be used to reduce selection bias and improve causal 

inferencing with nonrandomized data. However, there is little guidance for implementing 

a propensity score analysis when treatment exposure is a property of clusters rather than 

subjects. For example, education policies and practices are often implemented by school 

or district rather than by individual student. The three studies in this dissertation strive to 

clarify procedural quandaries for a propensity score analysis with cluster-level treatment 

exposure and subject-level outcomes. Additionally, omission of a true confounder from a 

propensity score analysis can bias treatment effect estimation. My dissertation also 

explores the utility of aggregated covariates as replacements for missing true cluster-level 

confounders. The first simulation study compared four procedures for generating 

aggregated covariates. The results highlight that: 1) researchers need to verify the 

comparability of generated samples to real world contexts; 2) a propensity score analysis 

with cluster-level treatment exposure requires at least 60 clusters. The second simulation 

compared covariate balance and treatment effect estimation when appraising treatment 

exposure by subjects or by clusters and including aggregated covariates of varying 

quality. Treatment appraisal by subjects outperformed appraisal by clusters under certain 

conditions. When highly correlated (r = .92 - .98) with the missing true confounders, 

aggregated covariates were viable replacements. The last study applied the guidance from 

the simulations to statewide survey data. The investigation found no association between 

the presence of a school resource officer and students’ social-emotional well-being and 

academic performance. A critical caveat is the results may not generalize to student 

populations that have historically been targeted by discrimination and school violence.  
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CHAPTER 1 

Introduction 

 Consider the increased presence of school resource officers (SROs) in American 

schools over the last 20 years (Musu et al., 2019; Robers et al., 2013). SROs are oft-

armed law enforcement agents tasked with deterring misbehavior and promoting a safe 

and supportive school environment conducive for learning. How might we determine 

whether the presence of an SRO has an effect on students’ perceptions of safety and 

support? 

 Randomized controlled trials (RCTs), also known as randomized experiments, are 

regarded as the gold standard for drawing causal inferences between a treatment and an 

outcome (What Works Clearinghouse, 2020). RCTs are comprised of two phases: the 

design phase and the analysis phase (Rubin, 2007, 2008; Shadish et al., 2002). In its most 

simple form, the design phase of an RCT consists of randomly assigning each subject to a 

treatment or control condition and then exposing them to their condition. In the analysis 

phase, the outcome is measured and the treatment effect is estimated as the difference in 

outcome, on average, between the treatment and control subjects. When repeated, RCTs 

produce unbiased estimation of the treatment effect. Unbiased estimation is achievable 

due to the random assignment creating probabilistically equivalent treatment and control 

groups prior to introducing the treatment. This isolates the causal mechanism of the 

treatment while minimizing alternative explanations for variation in the outcome. To 

determine the causal effects of an SRO – the treatment – on students’ sense of safety and 

support – the outcomes – we could conduct an RCT. Two issues complicate the 
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implementation of this study design: 1) the ethical and logistical feasibility of an RCT 

and 2) when subjects are nested within clusters. 

 In the realm of education, including our SRO example, implementing an RCT can 

often be cost prohibitive, unethical, or lack generalizability to realistic situations and 

populations (Rubin, 1974, 2007). For another example, attempts to determine the causal 

effects of student grade retention cannot be ethically accomplished by randomly 

assigning some students to repeat a grade while promoting their peers. When random 

assignment is untenable, nonrandomized (e.g., observational, quasi-experimental) designs 

must be relied upon. Nonrandomized designs, however, are susceptible to selection bias. 

For instance, subjects may self-select into the treatment and control conditions rather than 

being randomly assigned. As a result, the researcher can no longer determine if 

differences between the treatment and control groups on the outcome are due to the 

unique effect of the treatment or the effect of a pre-existing covariate, such as 

socioeconomic status, level of education, or another context specific factor. 

Propensity Score Methodology 

 To ameliorate selection bias and improve causal inferencing in nonrandomized 

studies, Rosenbaum and Rubin (1983) introduced methods utilizing the propensity score 

(PS) to mimic an RCT. The PS is defined as the probability of treatment assignment 

conditional on a set of covariates. When the PS is estimated with a correctly specified 

statistical model, the treatment and control groups are balanced on the covariates 

included in the model. As with random assignment in an RCT, this signifies the two 

groups are probabilistically equivalent. The treatment effect can then be estimated while 

minimizing the possible influence of the covariates. The steps required to conduct a PS 
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analysis for treatment effect estimation have been outlined thoroughly in numerous 

journal articles (e.g., Austin, 2011; Caliendo & Kopeinig, 2008; D’Agostino, 1998) as 

well as a comprehensive text by Guo and Fraser (2014). The procedures are briefly 

summarized here with deeper discussions presented in the subsequent chapters. 

Steps in a Propensity Score Analysis 

 The first step is selecting the covariates to include in the PS estimation model. 

Ideally, the estimation model includes all true confounders – covariates related to both 

treatment exposure and the outcome. For instance, school racial composition is associated 

with both the presence of security measures (Servoss, 2017) and perceptions of school 

climate (Voight et al., 2015). Therefore, when estimating the treatment effect of SRO 

presence on students’ sense of safety and support, school racial composition needs to be 

included in the model. Additionally, covariates should be measured prior to treatment 

exposure (Kainz, et al., 2017; What Works Clearinghouse, 2020). In RCTs these are 

commonly called baseline covariates. Many nonrandomized studies, however, are cross-

sectional where covariates and treatment exposure are measured at approximately the 

same point in time. In this case, covariates that are expected to change as a result of 

treatment exposure – sometimes called endogenous variables – should be excluded from 

the PS estimation model. One further consideration is the measurement reliability of the 

covariate. If a covariate is unreliable, including it in the PS model could potentially 

increase estimation bias rather than reduce it. One aspect of this dissertation is examining 

the relationship between estimation bias and the psychometric quality of certain 

covariates. 
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 The second step is estimation of the PS, which requires specifying the PS model 

and choosing an estimation method. The functional form of the PS model is primarily 

informed by the nature of the association between treatment exposure and the covariates 

selected in step one. A possible specification dilemma is whether interaction or quadratic 

terms should be included in the model. The estimation method is largely dependent on 

the type of treatment exposure. For instance, the presence of an SRO is a dichotomous 

treatment (i.e., either an SRO is present or not). Logistic regression is the most commonly 

used estimation method for dichotomous treatments in social science research 

(Thoemmes & Kim, 2011). Other options include probit regression or a variety of 

machine learning approaches such as classification trees, random forests, and generalized 

boosted modeling (Cham & West, 2016), as well as a relatively new extension of logistic 

regression called covariate balancing propensity score (Imai & Ratkovic, 2014). For 

continuous treatments, such as the dosage of a reading intervention, linear regression can 

be used. 

 The third step in a PS analysis is conditioning, also referred to as equating, the 

treatment and control groups on the PS. In their seminal paper, Rosenbaum and Rubin 

(1983) proposed matching, stratification, and covariate adjustment conditioning methods 

to create comparable treatment and control groups. Subsequent weighting methods have 

also grown in popularity (Austin & Stuart, 2015). Thoemmes and Kim’s (2011) literature 

review found matching as the most common method used in applied social science 

research. Within the matching approach, a researcher can also choose between a myriad 

of algorithms (Stuart, 2010). The algorithms vary in their effectiveness to create 

comparable (i.e., balanced) treatment and control groups and reduce selection bias when 
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estimating the treatment effect (Austin, 2014; Baser, 2006). As an illustration, consider 

our investigation of the effect of SROs on students’ sense of safety and support. The 

probability of having an SRO (i.e., the PS) is estimated for each school (or each student) 

in step two. A matching method with a 1:1 algorithm will pair two schools (or students) 

that have the same PS, but one with an SRO presence and one without. This creates 

probabilistically similar treatment and control groups from which the unbiased treatment 

effect can be estimated. 

 The fourth step in a PS analysis is to evaluate the degree to which the PS model 

specified in step two and the conditioning method in step three accomplished the goal of 

balancing the distributions of the covariates between the treatment and control groups. 

There are a multitude of approaches to evaluating balance. What Works Clearinghouse 

(2020) advocates for using the absolute standardized mean difference. Simulation studies 

concur, demonstrating that the absolute standardized mean difference selects the correctly 

specified PS model more often than other balancing techniques (Ali, et al., 2014; Austin 

et al., 2007). Additionally, the absolute standardized difference is not influenced by 

sample size and can be used equivalently for subject- and cluster-level covariates. 

 Steps one through four are intended to mimic the design phase of an RCT. The 

fifth and final step is the analysis phase estimating the treatment effect. If covariate 

balance is established in step four, the treatment effect can be estimated with a method 

suitable for the research questions in each specific study. A simple mean difference in the 

outcome between the treatment and control groups can be sufficient for some studies 

whereas a complex multilevel latent variable model might be required in other studies. 
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Assumptions 

 Unbiased estimation of the treatment effect via PS methods requires satisfying 

three key assumptions (Imbens, 2004; Rosenbaum & Rubin, 1983). First, the overlap (or 

positivity) assumption asserts that each unit has a non-zero probability of assignment to 

the treatment or control condition. In practical terms, for all units 0 < PS < 1 and the 

distribution of the PS for the treatment and control groups must overlap. Similar to an 

RCT, satisfying the overlap assumption allows the balance of the treatment and control 

groups to be compared in a probabilistic, rather than deterministic, manner. Second, the 

unconfoundedness (or exchangeability) assumption posits that all baseline covariates 

associated with the outcome that systematically differ between treatment and control 

groups (i.e., confounders) must be included in the PS estimation model. The random 

assignment mechanism in an RCT can balance treatment and control groups on both 

measured and unmeasured covariates. In a PS analysis, however, only measured 

covariates – those included in the PS estimation model – can be balanced. Thus, if a 

confounder is unmeasured, estimation of the treatment effect could be biased (Kainz et 

al., 2017). 

 The overlap and unconfoundedness assumptions combine to satisfy the strongly 

ignorable treatment assignment assumption: given the measured baseline covariates, 

potential outcomes are independent of treatment assignment. In other words, there is no 

hidden bias affecting the potential outcomes if the treatment assignment process balances 

the treatment and control groups on the baseline covariates. A distinguishing difference 

between RCTs and nonrandomized studies is that the strongly ignorable treatment 

assignment is typically met in an RCT by virtue of the randomization mechanism, but 
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rarely met in nonrandomized studies. Consequently, the capacity to draw causal 

inferences from nonrandomized studies is limited. Causal inferences from 

nonrandomized studies can, however, be strengthened through PS methods. First, PS 

methods explicitly quantify whether the overlap assumption is met. Additionally, PS 

methods provide an avenue for reducing the risk of violating the unconfoundedness 

assumption. One purpose of my dissertation addresses the unconfoundedness assumption. 

In particular, when a confounder is unmeasured, can a related variable be used as a 

proxy? If so, how closely associated must the proxy variable be to the unmeasured 

confounder in order to reduce bias, rather than introduce more noise, in the treatment 

effect estimation? 

 The third assumption is concerning for both RCTs and PS analyses – the stable 

unit treatment value assumption, or SUTVA (Hong & Raudenbush, 2006; Imbens, 2004; 

Rosenbaum & Rubin, 1983). SUTVA holds if subjects have complete fidelity to the 

treatment assignment and the outcome of each subject is independent of the outcome of 

other subjects. In education settings, however, SUTVA can be easily violated. If a student 

assigned to a new reading curriculum shares the tips and strategies with their peer in the 

control condition, SUTVA is violated. The outcomes of the two students are no longer 

independent nor is the control student adherent to their assigned condition. 

Clustered Data 

 To address infidelity to treatment assignment, rather than assign individual 

subjects to the treatment or control conditions, assignment occurs by clusters of subjects, 

such as by classroom or school. SUTVA, however, will still be violated if the subject-

level outcome is dependent on cluster membership (Bloom et al., 1999; Feller & Gelman, 
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2015; Raudenbush, 1997). For instance, suppose student test scores vary by school with 

some schools having, on average, higher scores than other schools. When evaluating the 

effect of the new reading curriculum, the students’ scores are dependent on the school 

they attend in addition to any differences due to the curriculum used. In other words, 

scores of students from the same school will be more similar than scores of students from 

two different schools regardless of whether they learned from the old or new curriculum. 

When outcomes are dependent upon cluster membership, the standard errors from the 

treatment effect estimation can be incorrect because SUTVA has been violated. 

Multilevel Models 

 To account for cluster dependency and appropriately adjust standard errors in the 

treatment effect estimation, multilevel models (e.g., hierarchical linear models, random 

effects models) can be used in the analysis phase of an RCT or step five of a PS analysis 

(Feller & Gelman, 2015; Raudenbush & Bryk, 2002). A multilevel model will typically 

include subject covariates at Level 1 (L1) and cluster covariates at Level 2 (L2). This 

scenario is the focus of my dissertation; therefore, the terms L1 and subject-level will be 

used interchangeably as will the terms L2 and cluster-level. That being said, many of the 

issues discussed and examined can also apply to longitudinal studies with multiple 

measurements of the same subjects. With longitudinal data, time is represented at L1 with 

subjects at L2. 

 To examine the effect of an SRO on students’ sense of safety and support, student 

characteristics are included at L1 with school characteristics at L2. In a RCT, the 

treatment indicator is at L2 if schools were randomly assigned to have an SRO or not. 

The treatment indicator is at L1 if random assignment was by student. PS analyses are 
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defined by the lack of random assignment, so it is unclear whether the treatment should 

be appraised at L1 or L2. For the model estimating the treatment effect on the subject-

level outcome in step five of a PS analysis, this decision is purely conceptual1. A 

multilevel model estimates the treatment effect the same way regardless of whether it is 

appraised at L1 or L22. The decision, however, has procedural consequences for selecting 

covariates in step one, estimating the PS in step two, and conditioning on the PS is step 

three. For example, if the presence or absence of an SRO is a property of schools, then 

we would estimate the PS by school using only school covariates and a single-level 

model. Consequently, every student within a school has the same PS. Conditioning on the 

PS would also occur by school. Conversely, the treatment could be conceptualized as 

whether a student attends a school with or without an SRO. In this case treatment is a 

property of students and the PS is estimated by student. The PS model could include both 

student (L1) and school (L2) covariates. Students within the same school could have a 

different PS, and therefore, conditioning on the PS would also occur by student. 

 Most of the research on the use of PS methods with clustered data, especially in 

educational contexts, has focused on situations where treatment exposure is by subject. 

There is very little guidance for applied researchers to conduct a PS analysis when 

treatment exposure is at the cluster level (L2), but the outcomes of interest are at the 

subject level (L1). Another purpose of my dissertation is to address this gap in the 

literature. 

 
1 Although purely conceptual, the decision can have practical implications stemming from ecological or 

individualistic (atomistic) fallacies. 
2 This assumes the treatment effect is constant (homogenous). Heterogeneity of the treatment effect can be 

modelled if treatment is appraised at L1 and a random effect for treatment is included at L2 or via 

interaction terms. 
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Aggregated Covariates 

 Regardless of whether treatment exposure is conceptualized as a property of 

subjects or clusters, inclusion of cluster-level covariates in the PS estimation model is 

almost certainly necessary in order to satisfy the unconfoundedness assumption. In 

practice, it can be difficult to collect data on all cluster-level confounders – the covariates 

associated with both treatment exposure and outcome. When direct measurement of a L2 

confounder is unavailable, but measured at L1, one solution is to aggregate the subject 

data to the cluster level (Raudenbush & Bryk, 2002). Aggregation is typically conducted 

by calculating the mean of the L1 values within each L2 cluster. For instance, a measure 

of school climate can be obtained by asking students their individual perception of school 

climate. The aggregated school-level covariate is then calculated by taking the mean of 

the student responses within each school. Other summary statistics, such as the median or 

mode, can also be used to calculate the aggregated value. Additionally, the percentage of 

subjects above or below a cut point is also a common method for creating aggregated 

covariates. 

 In multilevel modeling more generally, not specifically a PS analysis, Schunck 

(2016) found through a simulation study that using an aggregated covariate produced 

downwardly biased estimation of the regression coefficient compared to the true L2 

covariate. The magnitude of bias decreased as cluster sample size increased, suggesting 

that the aggregated covariate became a more reliable indicator of the true L2 covariate as 

the number of subjects within each cluster grew. Nonetheless, even with a cluster size of 

80, which was 80% of the population cluster size, the regression coefficient was still 

substantially biased regardless of the number of clusters. 
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Use in Propensity Score Analysis 

 Although commonly used in applied situations, few simulation studies have 

addressed the role of aggregated covariates in a PS context. Arpino and Mealli (2011) 

investigated whether a L1 covariate aggregated to L2 and correlated with a missing true 

L2 confounder could function as a proxy for the missing true L2 confounder when 

estimating a treatment effect. For example, the true L2 confounder could be median 

neighborhood income. Correlated with median neighborhood income could be the L1 

covariate of receiving free/reduced price lunch with the aggregated L2 proxy being the 

proportion of students in a school receiving free/reduced price lunch. Compared to a PS 

model omitting the true L2 confounder without a proxy, Arpino and Mealli (2011) found 

that including the aggregated L2 covariate reduced the relative bias and mean square 

error in the estimation of the treatment effect. Their results suggest that aggregated 

covariates can be used in place of missing true L2 confounders in a PS analysis. This 

prompts the question: How strongly associated to the missing true L2 confounder does 

the aggregated L2 covariate need to be in order to improve estimation of the treatment 

effect rather than introduce noise? Additionally, Arpino and Mealli (2011) did not 

evaluate covariate balance, a necessary prerequisite for interpretation of the treatment 

effect estimate. Although there is no a priori reason to expect any difference from non-

aggregated covariates, the ability of various PS methods to balance aggregated covariates 

remains unexamined.  

Research Purpose 

 The purpose of this dissertation is twofold. The first intent is to explore the utility 

of aggregated covariates for treatment effect estimation in PS analyses. The second is to 
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provide guidance to applied researchers employing PS methods to analyze clustered data 

when treatment exposure is at the cluster level, but subject-level outcomes are of interest. 

My dissertation aims to answer two broad questions: 

 1) In a PS analysis with clustered data, the treatment effect estimation can be 

biased if a true cluster confounder is missing. Therefore, how closely related to the 

missing true cluster confounder must an aggregated covariate be in order to serve as an 

adequate replacement in the PS analysis? 

 2) When treatment exposure is at the cluster level, but the outcome of interest is at 

the subject level, current research is unclear as to whether treatment exposure should be 

appraised as a subject or cluster property in a PS analysis. Therefore, is covariate balance 

and treatment effect estimation impacted by appraising treatment exposure at the subject 

or cluster level in the PS analysis?  

 To answer these questions, I will conduct three studies – two simulation and one 

empirical in nature. Each study has a different intended audience. The first study is 

primarily for research methodologists and explores how aggregated cluster covariates are 

generated in simulation study designs (Chapter 2). Multiple approaches have been 

utilized in multilevel modeling and organizational psychology simulation studies, but it is 

unknown how the choice of data generation process impacts the characteristics of the 

samples produced. Yet, these characteristics must be known in order to evaluate the 

efficacy of the simulation results to real world applications.  

 Whereas the first study is a simulation to inform the design of simulations, the 

second study is a simulation to directly investigate the utility of aggregated cluster 

covariates in a PS analysis of clustered data (Chapter 3). In particular, a PS analysis 
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where treatment exposure is at the cluster level (L2), but subject-level (L1) outcomes are 

of interest. Although such a design is common in education, few PS simulation studies 

have broached the topic and many procedural and contextual questions remain 

unanswered. Thus, the primary audience for the second study is applied researchers 

interested in estimating the effect of a cluster-level treatment on a subject-level outcome. 

 The third study will apply the lessons from the second study to empirical data 

(Chapter 4). Specifically, the study investigates the example highlighted throughout the 

introduction: To what extent does the presence of an SRO affect students’ sense of safety 

and support? The presence of an SRO in schools is a cluster-level (L2) treatment whereas 

perceptions of safety and support are subject-level (L1) outcomes. I also examine the 

effect of SROs on students’ commitment to learning and academic performance. The 

empirical study has two aims and audiences. First, for applied researchers, the study 

serves as a practical example of how to conduct a PS analysis with cluster-level 

treatments and subject-level outcomes. Second, for educational policymakers and 

stakeholders, the results inform the decisions regarding the extent of funding for and role 

of SROs in schools. 
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CHAPTER 2 

Simulation 1 – Procedures for Simulating Aggregated Covariates 

Background 

 Simulation provides a valuable tool for assessing under controlled conditions how 

inclusion of aggregated covariates impacts estimation of the treatment effect in a PS 

analysis. The relevance of the simulation results, however, is contingent on whether the 

sample datasets generated in the simulation are representative of the data characteristics 

researchers encounter in practice. Yet, in a systematic review of 677 simulation studies, 

Harwell et al. (2018) found only 15 (2.2%) checked the adequacy of the simulated data. 

Previous simulation studies investigating the use of aggregated covariates in non-PS 

contexts have employed different procedures for generating the sample datasets. From 

these studies it is unclear how the choice of data generation procedure impacts the 

characteristics of the resulting samples. Therefore, my first study evaluated the sample 

characteristics produced from four procedures for generating aggregated covariates. I 

then investigated if these differences impacted the bias and variance in PS estimation. 

 The purpose of this study is to inform simulation design. The intent is not to 

declare one of the four procedures as optimal. Rather, the intent is to better understand 

the implications of each data generating procedure on the resulting sample characteristics. 

Consequently, each procedure may have greater utility for different research purposes. 

For instance, Schunk (2016) examined the use of aggregated covariates in multilevel 

models whereas Beal and Dawson’s (2007) research focused on the use of survey 

response data. Given the different contexts, these two studies might require different 

sample characteristics. Understanding how sample characteristics are affected by data 
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generation procedures is vital for choosing the best simulation design for each research 

purpose. Yet, the literature review from Harwell and colleagues (2018) suggests that 

researchers almost uniformly assume the generated samples contain the desired 

characteristics rather than actually examining their adequacy. In practice, the analysis 

presented in this study should be incorporated into the standard process for conducting a 

simulation study, such as the second study presented in Chapter 3. However, I am 

treating the evaluation of sample characteristics as a separate study for two reasons: 1) to 

highlight the need for investigating sample adequacy in simulation studies; 2) to compare 

the impact of four procedures for generating aggregated covariates. In contrast, most 

simulation studies only need to check if the single selected procedure performed as 

intended. 

  The context for the present study is the use of aggregated covariates in a PS 

analysis of clustered data. In this context, unbiased estimation of a treatment effect 

requires the measurement of all covariates associated with an outcome that also show 

pre-treatment differences between treatment and control groups – also called 

confounders. These include both subject level (L1) and cluster level (L2) covariates. In 

education settings, L1 covariates might include student demographic characteristics or 

previous exam scores while L2 covariates could be teacher characteristics or classroom 

composition. Direct measurement of L2 covariates can sometimes be challenging. When 

available, the L2 covariate can be derived from aggregating L1 data (Raudenbush & 

Bryk, 2002). For instance, measurement of school safety might necessitate aggregating 

students’ perceptions of safety to the school level. Of concern to a PS analysis is the 

extent to which the aggregated L2 covariate is an accurate representation of the missing 
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true L2 covariate. If the aggregated L2 covariate contains error, estimation of the 

treatment effect can be biased. A simulation study can evaluate the use of aggregated 

covariates in a PS analysis of clustered data, but requires the generated samples contain 

certain characteristics to do so effectively. The sample characteristics of primary interest 

are: 1) the correlations between the aggregated and true L2 covariates and 2) indicators of 

the psychometric quality of aggregated covariates. 

Quality of Aggregated Covariates 

 In their summary of covariate selection in the PS literature, Kainz and colleagues 

(2017) note the utility of a covariate in a properly specified PS model is conditional on 

having sound psychometric properties. Similarly, whether an aggregated covariate can 

replace a true L2 covariate in a PS model is likely contingent on its psychometric 

properties. 

 Intraclass Correlation. The psychometric quality of an aggregated L2 covariate 

is commonly evaluated using two indices of the intraclass correlation (ICC; Bliese, 2000; 

Raudenbush & Bryk, 2002). ICC(1) is a measure of cluster dependency with values 

ranging from 0 to 1. A value of 0 indicates L1 responses are independent of cluster 

membership. Higher values signify greater similarity of L1 responses within a cluster. In 

the multilevel modeling framework, ICC(1) is defined as the proportion of total variation 

explained by cluster membership. Represented by ICC(1) = τ00 / (τ00 + σ2), τ00 is the 

between-cluster variance and σ2 is the within-cluster variance. ICC(1) can also be 

interpreted as a measure of how representative a single L1 response is of the cluster mean 

at L2. This latter interpretation also hints at the relationship of ICC(1) and cluster size 
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with ICC(2). ICC(2) is defined as the reliability of cluster means and calculated via the 

Spearman-Brown formula as: 

ICC(2) = k*ICC(1) / [1 + (k – 1)*ICC(1)]      (1) 

where k is cluster size, or average cluster size when clusters are unbalanced (Bliese, 

1998). This formula demonstrates that an aggregated L2 covariate may not be a reliable 

measure of the true cluster value when cluster size or dependency on cluster membership 

is small. For example, if cluster size = 20 and ICC(1) = .10 – common values in 

education – then the reliability of the aggregated L2 covariate values as measured by 

ICC(2) = .69. One aspect of my dissertation is determining whether a reliability of this 

magnitude is sufficient for an aggregated L2 covariate to adequately replace a missing 

true confounder when estimating a treatment effect. 

 Reflective and Formative Aggregations. Synthezing factor analytic (Kline, 

2005) and organizational psychology (Bliese et al., 2007) perspectives on measurement, 

Lüdtke and colleagues (2008) contend there are different types of aggregated L2 

covariates which range on a spectrum from reflective to formative. Furthermore, where 

an aggregated L2 covariate falls on this spectrum dictates how its psychometric quality 

should be evaluated. Measures of ICC(1) and ICC(2) as indicators of cluster dependency 

and the reliability of cluster means, respectively, are intended for use with reflective 

aggregations. Purely reflective covariates are primarily L2 constructs with the 

expectation that L1 responses be equally indicative of the true L2 value. In a factor 

analytic model, reflective aggregrations have the arrows going from the L2 construct to 

the L1 responses (Figure 2.1). ICC(1) and ICC(2) are expected to be high for reflective 
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aggregations with 1 – ICC(2) being an indicator of L2 sampling error. Examples include 

student ratings of teacher ability or measures of school safety. 

Figure 2.1 

Factor Analytic Representation of Reflective and Formative Aggregations 

 

Note. Level 1 data (X1 – X4) aggregated to level 2 (L2). Error in the Level 1 covariates is 

represented by e1 – e4 while ζ is error in the formative L2 aggregation. 

 In contrast, a purely formative covariate is primarily a L1 construct with no 

expectation of isomorphism at L2. In a factor analytic model, the arrows point from the 

L1 responses to the L2 construct (Figure 2.1). For instance, racial identity at the student 

level (L1) is a distinctly different construct from the classroom level (L2) measure of 

percent of White students. In formative aggregations individual observations are not 

expected to be representative of the mean cluster value. Thus, ICC(1) and ICC(2) are 

predicted to be low. Instead, they are more appropriately thought of as measures of 

heterogeneity within a cluster rather than measures of reliability or psychometric quality. 

For formative aggregations, the sampling ratio – the ratio of L1 responses in the sample 

to the L1 responses in the population – provides a more informative measure of quality. 



19 

When the sampling ratio for a cluster is close to 1.0, the formative aggregation contains 

little sampling error or random measurement error. That being said, a small sampling 

ratio is not commensurate with a low quality aggregation. Especially when the cluster 

size is large, a random sample can produce a formative aggregation with little error even 

with a small sampling ratio. Thus for practical purposes, it is particularly difficult to 

evaluate the quality of formative aggregations without also knowing the quality of the 

data collection process itself.  

 The distinction between formative and reflective aggregation is also blurry in 

practice. When obtaining an aggregated measure of school safety, students could be 

asked about their own sense of safety at school – a more formative approach. They could 

instead be asked about the general safety of the school – a more reflective approach. 

Regardless of the approach, both student perceptions and school characteristics are likely 

to influence responses at both L1 and aggregated to L2. Consequently, the aggregated L2 

covariate is neither purely reflective nor purely formative. Nonetheless, when 

determining the utility of an aggregated L2 covariate in a PS estimation model, 

consideration for the degree to which the aggregation is reflective or formative informs 

the interpretation of the metrics used to judge its quality. 

Procedures for Generating Aggregated Covariates 

 Simulation studies are an excellent avenue for evaluating the impact of 

aggregated covariates in statistical analyses. There is not, however, a uniform method for 

creating the aggregated covariates in the simulated datasets. For instance, Bliese (1998) 

inspected the relationship between cluster size, ICC values, and cluster-level correlations 

with aggregated covariates. To do so, he first generated the true L2 values for x and y 
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from a normal distribution. The true L2 values were then used to generate the L1 values 

with the variance varying by simulation condition. The L1 values were then aggregated to 

create the observed L2 values. The type of aggregation was not explicitly stated in the 

paper. Given that the L1 values were derived from the true L2 values, this procedure 

implies the resulting aggregated covariate was reflective in nature. Further evidence of a 

reflective aggregation came from Bliese’s (1998) use of ICC(1) and ICC(2) to evaluate 

the quality of the aggregated L2 values. Beal and Dawson (2007) followed a similar 

procedure, but in a very different context. They examined the appropriateness of 

aggregating a single rating scale item for making cluster-level inferences. The true L2 

covariate was generated first from a normal distribution, then used to produce the L1 

covariate. Thresholds were then imposed on the continuous L1 covariate to create the 

rating scale values, which were then aggregated to create the observed L2 values.  

 Schunk (2016) took the opposite approach and first generated the L1 values when 

investigating the the effect of small cluster sizes on parameter estimation in multilvel 

models. Following a formative approach, the L1 values were then aggregated to obtain 

the true L2 values. A random sample of subjects per cluster were selected with the values 

from the sample then aggregated to obtain the observed L2 values. In other words, 

sampling ratio was a manipulated factor in the study rather than ICC(1) or ICC(2). This 

aligns with the framework for formative aggregations posited by Lüdtke and colleagues 

(2008).  

Present Study 

 Although all of these papers were interested in exploring the effects of using an 

aggregated L2 covariate compared to the true L2 covariate, none of the studies first 
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demonstrated the similarity of the aggregated and true L2 values before examining the 

effects. The purpose of this simulation is to examine how different procedures for 

generating the true and aggregated L2 values affects the correlation between them. This is 

not to say that one procedure is better than the other. Rather, a procedure might yield 

sample characteristics more aligned with answering certain research questions. For my 

specific purpose, I am interested in whether the procedures create samples with 

characteristics desirable for use in a PS analysis of clustered data. Specifically, a PS 

analysis where treatment exposure is at the cluster level. Therefore, additional sample 

characteristics of interest are: a) the magnitude of cluster dependency as measured by 

ICC(1), b) the reliability of the aggregated L2 values as measured by ICC(2), and c) the 

proportion of subjects in the treatment and control groups. I would also expect other 

sample characteristics to remain constant based on the simulation design, such as the 

variance of each L1 and true L2 covariate and the correlation between the covariates 

within each level. The simulation aims to answer the following research questions: 

 1. What is the correlation between the true and aggregated L2 values when data 

are generated from four different simulation procedures? 

 2. How are the correlations affected by contextual factors of cluster size, number 

of clusters, ICC(1) of covariates to be aggregated, and magnitude of error in the 

aggregated L2 values? 

 3. Do the four data generation procedures produce different sample 

characteristics, including cluster dependency of aggregated covariates at L1 and the L1 

outcome, reliability of aggregated covariates at L2, correlations between covariates at 

each level, and proportion of subjects in treatment and control groups? 
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 4. What is the bias and precision of PS estimation using the aggregated L2 

covariates generated from the four generation procedures compared to the true PSs 

computed from the true L2 covariates? 

Method 

Data Generation 

 For simulation studies to have any practical value, the datasets generated must 

have realistic sample characteristics. Therefore, it is important for us to consider the 

characteristics we expect in a dataset used for a PS analysis in the field of education. In a 

systematic review of 79 studies, albeit none utilizing multilevel models, Thoemmes and 

Kim (2011) found PS studies included an average of 31 covariates. Therefore, in the 

present study all datasets contained 20 L1 covariates and 10 L2 covariates along with a 

dichotomous treatment indicator at L2, Zj, and outcome variable at L1, Yij. In education 

data, covariates are rarely uncorrelated. Thus, the covariates at each level were intended 

to be correlated at ρ = .20, considered a weak to moderate association (Cohen, 1988).  

 After generating the 20 L1 and 10 true L2 covariates from one of the four 

covariate generation procedures detailed below, the true PS for each cluster j was 

calculated from a single-level model using the 10 true L2 covariates. This implies 

treatment exposure occurs at the cluster level, rather than the subject level. 

logit(Zj = 1) = β0 + β1X̅1j + β2X̅2j + β3X̅3j + β4X̅4j + β5X̅5j + β6X̅6j + β7X̅7j +  (2) 

β8X̅8j + β9X̅9j + β10X̅10j + uj 

The dichotomous treatment exposure, Zj, was then determined by: 

(Zj = 1) if logit(Zj = 1) > 0, else (Zj = 0)      (3) 
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 The intercept, β0, was set to -1.0986 to impose a marginal probability of treatment 

exposure (i.e., mean PS) of .25 and imply a treatment-to-control ratio of 1:3. Treatments 

are often initially implemented on a small scale with a larger population of control units 

to draw from. If the treatment group is too small, however, difficulties achieving 

covariate balance can arise (Lingle, 2009). The regression coefficients β1 - β10 were fixed 

to 0.50. Previous studies suggest the magnitude of a non-zero coefficient has little 

bearing on covariate balance or treatment effect estimation (Bellara, 2013; Kelcey, 2009). 

The cluster residuals, uj, were drawn from a logit distribution with μ = 0 and σ2 = π2/3, 

the theoretical variance of a logit distribution. Doing so enabled the treatment and control 

groups created in Equation 3 to have overlapping probability of treatment distributions. A 

similar procedure was used by Arpino and Mealli (2011) and Leite et al. (2015). The PS 

was then estimated using Equation 2, but with the true L2 covariates (X̅1j – X̅10j) replaced 

by the aggregated L2 covariates (X̅’1j – X̅’10j). 

 Lastly, the true outcome, Yij, for each subject i in cluster j was calculated with a 

two-level random intercept model: 

Level 1: Yij = β0j + β1jX1ij + β2jX2ij + β3jX3ij + β4jX4ij + β5jX5ij + β6jX6ij + β7jX7ij + (4) 

β8jX8ij + β9jX9ij + β10jX10ij + β11jX11ij + β12jX12ij + β13jX13ij + β14jX14ij + 

β15jX15ij + β16jX16ij + β17jX17ij + β18jX18ij + β19jX19ij + β20jX20ij + rij  

rij ~ N(0, σ2) 

Level 2: β0j = γ00 + γ01X̅1j + γ02X̅2j + γ03X̅3j + γ04X̅4j + γ05X̅5j + γ06X̅6j + γ07X̅7j + γ08X̅8j +  

γ09X̅9j + γ0 10X̅10j + γ0 11Zj + u0j   u0j ~ N(0, τ00) 

β1j = γ10 

β2j = γ20 
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… 

β20j = γ20 0 

The subject level, rij, and cluster level, u0j, error terms were generated from a normal 

distribution with μ = 0 and variances of σ2 and τ00, respectively, which varied depending 

on the simulation condition. The grand mean intercept, γ00, was set to 0 and the 

regression coefficients at both the subject (γ10 – γ20 0) and cluster levels (γ01 - γ0 10) were 

set to 0.50. The treatment effect, γ0 11, was also set to 0.50. All simulations were 

conducted in R (v. 3.6.2; R Core Team, 2020) with correlated covariates generated using 

the simstudy package (v. 0.1.15; Goldfeld, 2020). The R script to run the simulation is 

documented here: https://github.com/knickodem/AggCovsForPS. 

Table 2.1 

Summary of Simulation 1 Manipulated Factors and Levels 

Factor Levels 

Number of clusters 20, 60, 100 

Number of subjects per cluster 20, 60, 100 

ICC(1) of outcome & aggregated covariates .05, .10, .20 

Covariate generation procedure 
Formative-RE, Formative-Sample, 

Reflective-RE, Reflective-Sample 

Aggregated L2 error magnitude 
σ of random error: .1, .3, .5, 1 

Sampling ratio: 90%, 70%, 50%, 30% 

 

Manipulated Factors 

 Five factors were manipulated in the simulation (Table 2.1): number of clusters, 

number of subjects per cluster, ICC(1) of the 10 covariates to be aggregated (X1ij – X10ij) 

and the outcome (Yij), procedure for generating the aggregated covariates, and magnitude 

of error imposed between the true and aggregated L2 covariates. The factors were fully 
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crossed in a 3 (clusters) x 3 (subjects) x 3 (ICC) x 4 (procedure) x 4 (error magnitude) 

design for a total of 432 conditions. Each condition was replicated 1000 times. 

 The number of clusters was either 20, 60, or 100. Both the PS and broader 

multilevel modeling literature suggest that fewer than 50 clusters can lead to estimation 

problems (Bellara, 2013; Lingle, 2009; Maas & Hox, 2005). Nonetheless, obtaining 

information on a large number of clusters can be costly in practice and education studies 

commonly contain fewer than 50 clusters. Likewise, the number of subjects per cluster 

was 20, 60, or 100. Previous simulation studies have used sizes ranging from 1 (Bellara, 

2013) to 200 (Thoemmes & West, 2011) with treatment effect estimation bias decreasing 

as size increased (Leite et al., 2015; Lingle, 2009). The values in the present study cover 

the range of a medium-sized classroom to a small school. Educational outcomes typically 

have ICC(1)s ranging from close to 0 to .25 depending on the construct and whether L2 is 

at the classroom, school, or district level (Fahle & Reardon, 2018; Nickodem et al., 2019; 

Servoss, 2017). The present study examined ICC(1)s of .05, .10, and .20.  

 The covariate data were generated using four different procedures based on two 

characteristics: 1) mimicking a formative or reflective aggregation, and 2) whether the 

aggregated L2 covariates were generated by sampling L1 responses (Sample) or adding 

random error to the true L2 covariate (RE). Table 2.2 summarizes the data generation 

procedures. 

 The first procedure is termed the Formative-RE procedure. It imitates a formative 

aggregation by generating the L1 covariates first with random error added to the true L2 

covariates to produce the aggregated L2 covariates. This scenario is akin to using a 

related, but proxy, L2 covariate to replace a missing true L2 covariate with both the true 
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and the proxy covariate being formative constructs. For instance, using student 

free/reduced price lunch status aggregated by school as a proxy for school-level 

socioeconomic status. 

Table 2.2 

Summary of Covariate Generation Procedures 

Step Formative-RE 
Formative-

Sample 
Reflective-RE 

Reflective-

Sample 

1 

Generate cluster- 

dependent L1 

values 

Generate cluster- 

dependent L1 

values 

Generate true L2 

values (i.e., 

cluster means) 

Generate true L2 

values (i.e., 

cluster means) 

     

2 

Calculate true L2 

values (i.e., 

cluster means) 

from L1 values 

Calculate true L2 

values (i.e., 

cluster means) 

from L1 values 

Generate L1 

values from true 

L2 values 

Generate L1 

values from true 

L2 values 

     

3 

Add random error 

to true L2 values 

to create observed 

aggregate L2 

values 

Select sample of 

L1 values from 

each cluster 

Add random error 

to true L2 values 

to create observed 

aggregate L2 

values 

Select sample of 

L1 values from 

each cluster 

     

4 

 Calculate 

aggregate L2 

values from 

sample L1 values 

 Calculate 

aggregate L2 

values from 

sample L1 values 

Ex. 

%FRPL in school 

as proxy for 

Socioeconomic 

Status 

School racial 

composition 

based on student 

sample 

School 

achievement with 

measurement 

error 

School climate 

measured from 

student sample 

Note. RE = Random Error; FRPL = receiving Free/Reduced Priced Lunch 

In the Formative-RE procedure, the 20 L1 covariates (X1ij, X2ij, …, X20ij) were generated 

first from a multivariate normal distribution with μ = 0, variance σ2, and correlated at ρ = 

.20. To induce cluster dependency, an adjustment for each cluster was drawn from a 

distribution of N(0, τ00) and added to L1 covariate values. Ten L1 covariates (X1ij – X10ij) 
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were then aggregated within each cluster j to obtain the 10 true L2 covariates (X̅1j – X̅10j). 

These were the covariates used to calculate the true probability of treatment (i.e., true PS) 

and outcome variable, Yij. For each cluster, random error drawn from N(0, σ2) (σ2 varied 

by simulation condition) was added to the true L2 covariates (X̅1j – X̅10j) to obtain the 

aggregated covariates (X̅’1j – X̅’10j). 

 The second procedure, Formative-Sample, followed the same steps as Formative-

RE for generating the L1 covariates and determining the true L2 covariates. To obtain the 

aggregated L2 covariates (X̅’1j – X̅’10j), however, a random sample of subjects was 

selected from each cluster. The sample mean was then calculated. The size of the sample 

drawn from each cluster varied by simulation condition. By sampling, this procedure 

represents situations when data from all subjects within a cluster are not available for a 

formative aggregation. 

 The third procedure, Reflective-RE, contrasts the previous two procedures by first 

generating the L2 values. In this manner, the Reflective-RE approach is akin to replacing 

a missing true L2 covariate with a related L2 covariate. For instance, using a measure of 

teacher support in place of a measure of school climate. The Reflective-RE procedure 

began by generating the 10 true L2 covariates (X̅1j – X̅10j). An additional 10 L2 covariates 

were generated solely for the purpose of creating correlated L1 covariates. The values for 

the 20 L2 covariates were drawn from a multivariate normal distribution with μ = 0, 

variance τ00 (which varied by condition), and correlated at ρ = .20. The 20 L1 covariates 

(X1ij – X20ij) were then generated from a normal distribution with a mean equal to the 

cluster value for the corresponding L2 covariate and variance σ2, which varied by 

simulation condition. To obtain the observed aggregate L2 covariates (X̅’1j – X̅’10j), 
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random error was added to the analogous true L2 covariate (X̅1j – X̅10j). The random error 

was drawn from N(0, σ2) with σ2 varying by simulation condition. In addition to 

representing a proxy variable replacing a missing confounder, the Reflective-RE 

procedure also emulates when measurement error in the L1 values is passed on to the 

aggregated L2 values. For example, statewide achievement test scores are interpreted as 

reflections of school quality. The observed school achievement scores aggregated from 

student scores will differ from the (typically unknown) true school achievement scores 

when student scores contain measurement error. 

 The fourth and final procedure, Reflective-Sample, followed the same steps as 

Reflective-RE for generating the true L2 and L1 covariates. The aggregated L2 values 

(X̅’1j – X̅’10j), however, were calculated by selecting a random sample of subjects within 

each cluster, then aggregating the values to L2. As with Formative-Sample, the size of 

the sample drawn varied by simulation condition. 

 The levels manipulated for the magnitude of error between the true and 

aggregated L2 covariates depended on whether a RE or Sample data generation 

procedure was used. In the Formative-RE and Reflective-RE procedures, the error was 

drawn from a normal distribution with μ = 0 and standard deviation of .1, .3, .5, or 1. 

These levels were chosen arbitrarily to represent aggregated L2 covariates that were 

increasingly imprecise proxies for the true L2 values. For the Formative-Sample or 

Reflective-Sample methods, the sampling ratio was 90%, 70%, 50%, or 30% of the 

subjects within each cluster. 

Dependent Variables 
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 To answer the first two research questions, the correlation between each of the 10 

true L2 covariates and its aggregated counterpart was calculated, transformed via Fisher’s 

r-to-z formula, and averaged for each replication (Silver & Dunlap, 1987). The mean was 

calculated across replications for each simulation condition before being transformed 

back to a correlation with Fisher’s z-to-r formula. This provided a measure of how 

different procedures for generating the aggregated L2 covariates influenced their utility 

as replacements for the true L2 covariates under various contextual constraints. 

 For the third research question, various sample characteristics were examined, 

some of which were expected to vary by simulation condition while others were expected 

to remain constant. For instance, the ICC(1) for the 10 L1 covariates (X1ij – X10ij) that 

were aggregated and ICC(2) of the resulting aggregated L2 covariates were calculated. 

Both of these were expected to vary as ICC(1) and the number of subjects were 

manipulated. Likewise, I expected the variance and ICC(1) of the outcome, Yij, to vary by 

simulation condition. The mean variance of the 20 covariates at L1 (X1ij – X20ij) was 

intended to be close to 1.00 and the mean correlation close to ρ = .20. The mean variance 

and mean correlation were also calculated for the 10 true L2 covariates (X̅1j – X̅10j) and 10 

aggregated L2 covariates (X̅’1j – X̅’10j). The mean variance of the L2 covariates was 

expected to vary by simulation condition, but the correlation between the true L2 

covariates should be near ρ = .20. With the introduction of random or sampling error into 

the aggregated L2 covariates, the correlation was expected to be lower than ρ = .20. 

 Lastly, given the context of the simulation being a PS study, the mean true PS 

(i.e., probability of treatment), mean estimated PS, and proportion of the sample assigned 

to treatment were calculated for each replication and then averaged across replications. 
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Additionally, the convergence rate of the PS estimation model was tracked across 

conditions. For the fourth research question, the bias, mean absolute error (MAE), and 

root mean square error (RMSE) of the estimated PSs from the true PSs were calculated. 

Bias provides a measure of systematic error in estimation with positive values indicating 

overestimation of the PS and negative values indicating underestimation. Bias was 

calculated within each replication by: 

Bias = 
∑ (𝑃�̂�𝑖− 𝑃𝑆𝑖)𝑛

𝑖=1

𝑛
         (5) 

MAE and RMSE both indicate the overall magnitude of error. MAE weights all 

observations equally whereas RMSE gives greater weight to large errors. MAE and 

RMSE were calculated within each replication by: 

MAE = 
∑ |𝑃�̂�𝑖− 𝑃𝑆𝑖|𝑛

𝑖=1

𝑛
         (6) 

RMSE = √
∑ (𝑃�̂�𝑖− 𝑃𝑆𝑖)2𝑛

𝑖=1

𝑛
        (7) 

Analytic Procedure 

 The mean for each dependent variable across the 1000 replications was calculated 

for the 432 conditions. I ran a factorial ANOVA for each dependent variable to determine 

the amount of variance explained by each of the five manipulated factors (number of 

clusters, number of subjects per cluster, ICC(1) of aggregated covariates and outcome, 

generation procedure, and error magnitude) and all two-way interactions. Using the 

sjstats package (v. 0.17.7; Lüdecke 2019), a partial omega-squared (ω2
P) effect size was 

calculated for the variance explained by each manipulated factor and interaction. Omega-

squared (ω2) is a less biased estimator of the population effect size than the more 

common eta-squared (Lakens, 2013). Additionally, unlike ω2, ω
2

P provides the unique 
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variation explained by the manipulated factor while accounting for the other factors. This 

makes ω2
P more comparable across studies than ω2. Cohen’s (1988) rough interpretation 

of ω2
P magnitudes are .01 = small, .06 = medium, and .14 = large. Although, this 

interpretation was intended for empirical studies and may not be relevant to a simulation 

study where, by design, the manipulated factors are expected to explain a large portion of 

the variation in the outcomes. Model assumptions were checked for each factorial 

ANOVA with a Q-Q plot of the residuals, scatterplot of residuals and predicted values, 

and calculation of variance inflation factor for each predictor (Williams et al., 2013). 

Lastly, visual inspection of the variation in the dependent variables by select manipulated 

factors was facilitated by boxplots or scatterplots with lines of best fit. 

Results 

 For most of the dependent variables, the Q-Q plot and scatterplot of residual and 

predicted values suggested violations of the normality and homoscedasticity assumptions 

for the ANOVAs. Consequently, rather than strictly interpret the ω2
P values, they were 

used only to help identify the manipulated factor(s) potentially associated with the 

dependent variable relative to the other factors (see Appendix A). The conclusions drawn 

from the results instead rely exclusively on descriptive comparisons. 

Correlation of True and Aggregated L2 Covariates 

 The first two research questions asked how the correlation between the 10 true L2 

covariates (X̅1 – X̅10) and 10 aggregated L2 covariates (X̅’1 – X̅’10) varied by: 1) data 

generation procedure and 2) other contextual factors. The simulation results show the 

correlation was predominantly influenced by the procedure for generating and error 

magnitude in the aggregated covariates. When the error magnitude was small (90% 
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sampling ratio or SD of the random error = 0.1), the median correlation was > .90 for all 

generation procedures (Figure 2.2). In general, as error magnitude increased, the median 

correlation decreased while the variation in correlation increased. Nonetheless, even at 

the largest error magnitudes, the median correlation was > .75 for the two sampling 

procedures. Conversely, the random error procedures generated correlations ranging from 

.22 to .45. Thus, to answer the first research question directly, the correlation between the 

true and aggregated L2 covariates was influenced to a greater extent by the steps for 

simulating error (sampling or adding random error) than by taking a formative or 

reflective approach to generating the L1 and L2 covariates. 

Figure 2.2 

Mean Correlation Between 10 True and Aggregated Level 2 (L2) Covariates 

Note. Error SD is the standard deviation of the random error added to the true covariates 

to create the aggregated covariates in the RE procedures. Sampling ratio is the proportion 

of Level 1 values used to create the aggregated covariates in the Sample procedures. 
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 For the second research question, the correlation between the true and aggregated 

L2 covariates was affected by the magnitude of error in the aggregated covariates. The 

implication is that when an aggregated covariate contains more error and the correlation 

with its counterpart true covariate decreases, the efficacy of the aggregated covariate in a 

PS analysis may also decrease. Other contextual factors influencing the utility of the 

aggregated covariate were ICC(1) and the number of subjects. Overall, the ICC(1) 

condition – the measure of cluster dependency of the 10 aggregated covariates at L1 (X1 – 

X10) and the L1 outcome (Y) – was positively associated with the correlation between the 

true and aggregated L2 covariates. As ICC(1) increased from .05 to .10 to .20, the median 

correlation increased from .76 to .85 to .92. Likewise, as the number of subjects per 

cluster increased (20, 40, 60), so did the median correlation (.78, .87, .91). These trends 

suggest the efficacy of an aggregated covariate as a proxy for a missing true L2 covariate 

in a PS analysis likely improves as the number of subjects and cluster dependency grows. 

Other Sample Characteristics 

 The third research question asked whether the four data generation procedures 

yield sample datasets with differing characteristics. Of particular interest in the context of 

a PS analysis with clustered data were a) the cluster dependency of the aggregated 

covariates at L1 (X1 – X10) and the L1 outcome, Y, as measured by ICC(1), b) the 

reliability of the aggregated covariates at L2 (X̅’1 – X̅’10) as measured by ICC(2), and c) 

the proportion of subjects in the treatment and control conditions. 

 ICC(1) and (2) of Aggregated Covariates. Regardless of the generation 

procedure, the ICC(1) of the aggregated covariates was equal to the ICC(1) condition 

with the range of values < .006. Likewise, the ICC(2) of the aggregated covariates 
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functioned as expected given the ICC(1) and number of subjects per cluster in the 

condition (Table 2.3). For instance, when ICC(1) = .10 and subjects = 60, the expected 

ICC(2) = (60*.1) / (1 + (60 – 1)*.1) = .87 (Eq. 1). The generated ICC(2) values were 

between .85 - .87, indicating high reliability for the aggregated values at L2 in the sample 

datasets in the ICC(1) = .10 and subjects = 60 conditions. 

Table 2.3 

Expected and Generated ICC(2) Values 

Condition Expected Generated ICC(2) 

ICC(1) # Subjects ICC(2) Median Min - Max 

.05 20 .51 .50 .45 - .50 

.05 60 .76 .75 .73 - .76 

.05 100 .84 .83 .82 - .84 

.10 20 .69 .68 .65 - .68 

.10 60 .87 .87 .85 - .87 

.10 100 .92 .91 .91 - .92 

.20 20 .83 .83 .81 - .83 

.20 60 .94 .94 .93 - .94 

.20 100 .96 .96 .96 - .96 

 

 ICC(1) and Variance of Y. Although the cluster dependency and reliability for 

the aggregated covariates did not vary by generation procedure, the same cannot be said 

about the cluster dependency of the L1 outcome, Y (Figure 2.3A). In the ICC(1) = .20 

condition, the ICC(1) of Y was slightly low for formative procedures (Mdn = .15) and 

extremely high for the reflective procedures (Mdn = .71). The latter implies that 71% of 

the variation in Y values generated from the reflective procedures was between cluster 

variation. The ICC(1) of .20 imposed by the condition is already considered on the high 

end in education contexts, so a value of .71 is simply unrealistic (Fahle & Reardon, 2018; 

Nickodem et al., 2019).  



35 

 Another sample characteristic that varied by generation procedure, and plays a 

role in the high ICC(1) for reflective procedures, was the variance of Y (Figure 2.3B). In 

the ICC(1) = .05 condition, the variance of Y was over twice as large when produced 

from formative procedures (Mdn = 24.5) as from reflective procedures (Mdn = 11.4). 

Additionally, as ICC(1) increased the variance of Y decreased in formative procedures, 

but increased in reflective procedures. 

Figure 2.3 

Variance and ICC(1) of a Level 1 Outcome (Y) from 432 Simulation Conditions 

 

 To understand why, recall that Y was created in Equation 4 as the linear 

combination of the 20 L1 covariates, 10 true L2 covariates, a dichotomous treatment 

indicator, and random variation at both L1 and L2. We also know that the variance from a 

linear combination is commonly represented by: 

Var(aX1 + bX2) = a2Var(X1) + b2Var(X2) + 2abCov(X1, X2)    (8) 

In the simulation design, many aspects of Equation 8 were constant across all 432 

conditions. All 30 covariates and the treatment indicator (Z) had the coefficient a = b = 
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0.50. Additionally, the variance was .99 or 1.00 for all 20 L1 covariates (X1 – X20) for all 

432 simulation conditions. The variance of the 10 true L2 covariates (X̅1 – X̅10) showed 

minimal differences by generation procedure and instead largely aligned with the ICC(1) 

condition. When ICC(1) = .05, the median variance was 0.05 (range: 0.05 - 0.10); when 

ICC(1) = .10, the median variance was 0.10 (range: 0.09 - 0.14); and when ICC(1) = .20, 

the median variance was 0.20 (range: 0.19 - 0.24). Therefore, the variance of the L1 and 

L2 covariates did not vary substantially by generation procedure. The dissimilarity in the 

variance of Y, and subsequently the ICC(1) of Y, by generation procedure must then be 

due to the last term in Equation 8 – the covariance between the covariates at each level. 

 Within-level Correlations. In the simulation design, the correlations (i.e., 

standardized covariances) at each level was set to .20. The correlations within the 

simulated samples, however, differed depending on the generation procedure (Figure 

2.4). The formative procedures generated the L1 covariates first, so it is unsurprising that 

the observed correlations between the L1 covariates were close to .20 (Mdn = .18). When 

these values were used to create the true L2 values, however, the correlations did not hold 

(Mdn = .03). Conversely, in the reflective procedures, the true L2 covariates were 

generated first. The imposed correlation of .20 between the true L2 covariates was 

maintained (Mdn = .20), but not for the subsequently created L1 covariates (Mdn = .02). 

 What did this mean for the variance and ICC(1) of Y? As the correlation between 

covariates decreased, the final term in Equation 8 approached 0. The formative procedure 

maintained the correlation near .20 between L1 covariates, but near 0 for the L2 

covariates. The reverse held for the reflective procedures with a correlation near .20 for 

the L2 covariates, but near 0 for the L1 covariates.  
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Figure 2.4 

Mean Correlation Between Covariates Within Each Level From 432 Simulation 

Conditions 

 

Consequently, with formative procedures, the variance added to Y in the final term in 

Equation 8 was predominantly from the covariance between L1 covariates. With 

reflective procedures, however, the final term in Equation 8 was largely constituted by 

the covariance between L2 covariates. Given that the variance of L1 covariates was 

greater than the variance of L2 covariates (1.00 > 0.05 – 0.24), but the correlations at 

each level were similar (~.20), the last term in Equation 8 was larger for formative 

procedures than reflective procedures. Therefore, formative procedures produced Y 

values with greater variance. Furthermore, with reflective procedures, since the final term 

in Equation 8 was comprised predominantly of covariance between L2 covariates, a 

higher proportion of the total variance of Y was between cluster variation leading to high 
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ICC(1) measures. The implications for a PS simulation study are examined in the 

discussion section. 

 The correlations between the aggregated L2 covariates are inconsequential for 

generating Y values, but serve as an indication of the generalizability of the simulation 

results to realistic situations. In practice, covariates are rarely completely independent. 

Nonetheless, simulation studies often impose independence to simplify the simulation 

(e.g., Lingle, 2009, Arpino & Mealli, 2011). In the present study, as more random error 

was added to generate the 10 aggregated L2 covariates, the correlation between them 

predictably decreased regardless of whether a formative or reflective procedure was used 

(Figure 2.4). When the sampling ratio decreased, the correlations decreased for the 

reflective procedure, but actually increased for the formative procedure. Whether this has 

any implication on the practical application of a simulation study depends on the purpose 

and context of the study. 

 Proportion Treated. The last sample characteristic of interest in a PS analysis 

was the proportion of the sample assigned to the treatment or control group. Imposing an 

intercept value of -1.0986 in the PS model was intended to produce a marginal 

probability of treatment exposure of .25. In actuality the proportion across all conditions 

was a bit higher (Mdn = .34) and varied by ICC(1) and the number of subjects in the 

condition (Figure 2.5). Consequently, the ratio of treatment to control subjects in the 

sample data was approximately 1:2. Although a deviation from the expected, this is still a 

very plausible ratio. If a researcher did not check the adequacy of their generated 

samples, however, they might be interpreting and reporting results under an incorrect 

assumption about the sample. 
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Figure 2.5 

Proportion of Subjects in the Treatment Group From 432 Simulation Conditions 

 

Propensity Scores Estimation 

 Convergence Rate. The fourth and final research question asked to what extent 

the use of aggregated covariates impacts bias and variance in PS estimation with 

treatment exposure at L2 – the cluster level. The first issue to consider is whether or not 

the model estimating the PS converged. The results indicate the convergence rate was 

predominately impacted by the number of clusters.3 With 20 clusters, the median 

convergence rate for the PS model was only 8.8% (range: 1.2% - 22.8%). The median 

convergence rate increased to 99.6% (range: 89.9% - 100%) for 60 clusters and 100% 

(range: 99.7% - 100%) for 100 clusters. In this study, treatment exposure, Z, was at L2. 

 
3 An additional simulation was run to examine whether non-convergence was due to 1) the method for 

generating the true PS or 2) whether the estimated PS model was too similar to the true PS model despite 

the substitution of the aggregated covariates for the true covariates. For the former, the method used in the 

present study and similar to Leite et al., (2015) and others was compared to a method used by Austin, 

Grootendorst, and Anderson (2007) and a third method similar to sampling dichotomous responses in IRT 

simulations (e.g. Setoguchi et al., 2008). For the latter, an alternative true PS model included 5 interaction 

terms. Results showed that non-convergence was still primarily due to the number of clusters. 
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Therefore, when the PS was estimated with Z as the criterion (see Eq. 2), the number of 

unique PS estimates was equal to the number of clusters. Consider the conditions with 20 

clusters and 100 subjects per cluster. Even with a total sample size of 2000, the number 

of unique PS estimates was still only 20. Consequently, the model overfit the data and 

produced PS estimates of only 0 and 1, which violates the overlap assumption of a PS 

analysis. Thus, with a cluster-level (L2) treatment, there needs to be a sufficient number 

of clusters to make a PS analysis accounting for cluster dependency feasible. 

Figure 2.6 

Convergence Rate of Propensity Score Model with a Level 2 Treatment by the Number of 

Clusters and Procedure for Generating Aggregated Covariates 

 

 A follow up simulation examined convergence rates for clusters of 20, 30, 40, 50, 

and 60. The simulation used the same process as the original simulation, but held the 

number of subjects per cluster constant at 20, and only used the two extreme levels for 

ICC(1) (.05 and .20) and error magnitude. The results show that with 50 clusters, the 

median convergence rate was > 98.0% for all procedures except Formative-Sample (Mdn 
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= 92.5%; Figure 2.6). Though even with 60 clusters, the minimum convergence rate was 

still between 92.0% - 96.0% across the data generation procedures. 

 Bias. When non-convergence occurs and PS estimates of 0 and 1 are produced, 

using the PS to examine bias and variance can be misleading. As a probability, the PS is 

constrained to a range of 0 to 1. The untransformed estimates produced by the PS model 

are on the logit scale, which has an unconstrained range. Thus, the bias and variance of 

the estimation in PS units was considerably smaller than the bias and variance of the 

estimation in logit of the PS units.  

Figure 2.7 

Estimation Bias with Propensity Score (A) or Logit of the Propensity Score (B) Units 
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As shown in Figure 2.7A, bias was fairly stable across clusters and largely varied by 

ICC(1) when calculated from the PSs. When bias was calculated in logit units, however, 

it becomes clear how the convergence issues with a small number of clusters results in 

extremely poor estimation (Figure 2.7B). With 60 clusters the issue was largely resolved 

except for the Reflective-Sample procedure. With 100 clusters, the Formative-Sample 

(Mdn = -0.16) and Reflective-Sample (Mdn = -0.10) procedures tended to underestimate 

the logit of the PS whereas the Formative-RE (Mdn = 0.08) and Reflective-RE (Mdn = 

0.07) procedures overestimated the logit of the PS (Table 2.4). The variation in bias 

across simulation conditions was also notably larger for Reflective-RE than the other 

procedures. In application, the bias of 0.08 logits of the PS in the Formative-RE 

procedure means that if the true PS = .50, the estimated PS, on average, would be .52. 

Table 2.4 

Median Estimation Accuracy in Logits of the Propensity Score With 100 Clusters 

Procedure Bias MAE RMSE 

Formative-RE 0.08 (-0.37 - 0.39) 1.78 (1.52 - 2.30) 2.28 (1.95 - 2.93) 

Formative-Sample -0.16 (-0.30 - 0.14) 1.64 (1.49 - 1.89) 2.10 (1.92 - 2.41) 

Reflective-RE 0.07 (-5.53 - 0.40) 1.78 (1.52 - 14.76) 2.28 (1.96 - 19.20) 

Reflective-Sample -0.10 (-0.68 - 0.12) 1.65 (1.52 - 3.04) 2.11 (1.96 - 3.84) 

Note. Minimum and maximum values are in parentheses. 

 MAE and RMSE. As with bias, the measures of MAE and RMSE tell different 

stories when calculated in PS or logit of the PS units. In PS units, the MAE and RMSE 

were lower in the 20 cluster conditions than with 60 or 100 conditions (Figure 2.8A and 

B). In logit of the PS units, however, the MAE and RMSE were in the 10s of trillions for 

the 20 cluster conditions and substantially smaller for the larger cluster conditions (Figure 

8C and D). Thus, calculating estimation error using the PS masks the convergence issues 
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which are starkly revealed when using the logit of the PS. With 100 clusters and using 

logits, MAE was slightly lower for the Formative-Sample (Mdn = 1.64) and Reflective-

Sample (Mdn = 1.65) than for random error procedures (Mdn = 1.78; Table 2.4). To put 

the median MAE of 1.64 from Formative-Sample into context, the average distance 

between the true and the estimated PS was .34, which is larger than the MAE calculated 

from the PS directly. A similar trend was found with RMSE. Once again, the Reflective-

RE procedure had a vastly larger range of MAE and RMSE values than the other 

procedures, suggesting it performed inconsistently as the other manipulated factors 

changed. 

Figure 2.8 

Estimation Mean Absolute Error (A, C) and Root Mean Squared Error (B, D) in 

Propensity Score (A, B) or Logit of the Propensity Score Units (C, D) 
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Discussion 

 The purpose of this study was to examine differences in the sample characteristics 

and PS estimation resulting from four procedures for generating aggregated covariates in 

a simulation study. The goal was not to declare one covariate generating procedure as 

uniformly superior to others, but rather to highlight the consequences of simulation 

design features on the datasets produced. Harwell et al. (2018) found a woefully low 

percentage of studies checked, or at least reported checking, the appropriateness of their 

simulated samples. Failing to do so brings into question the validity of the interpretations 

and conclusions from the study. Thus, the results here are intended to aid researchers as 

they decide on the simulation design for generating aggregated covariates and producing 

datasets appropriate for their particular questions and contexts. The primary conclusions 

drawn from the present study are: 1) Under the study design constraints, the four 

procedures for generating aggregated covariates produced samples that differed on a 

variety of characteristics. Whether the generated characteristics are desired depends on 

the specific research study. 2) The sample characteristics from the Formative-RE 

procedure were most suitable for my simulation in Chapter 3. 3) With a cluster-level 

treatment, at least 60 clusters are needed in order to estimate the PS with minimal non-

convergence. 4) When investigating the bias and variance of the PS estimation, use the 

logit of the PS rather than the PS directly. The truncated scale of the PS can mask 

estimation issues, especially if convergence warnings are also ignored. 

Sample Characteristics 

 The context of the present study is a PS analysis of clustered data where treatment 

exposure is at the cluster level (L2). In this context, aggregated covariates can potentially 
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operate as a proxy for a missing confounder when estimating the PS and the treatment 

effect. Results from the simulation demonstrate that the procedure for generating 

aggregated covariates also impacts the characteristics of the sample datasets. Of greatest 

relevance is the average correlation between each aggregated L2 covariate and its 

counterpart true L2 covariate. The Formative-Sample and Reflective-Sample procedures 

that sampled a proportion of the L1 values to aggregate to L2 showed limited change in 

the correlation even as the sampling ratio decreased to 30%. The lack of variation in the 

correlation would make it difficult to examine how changes in the correlation between 

the true and aggregated covariates impacts treatment effect estimation. Conversely, the 

Formative-RE and Reflective-RE procedures where random error was added to the true 

L2 values to create the aggregated values produced variation in the correlations sufficient 

for the task. 

 Although the data generation procedures that employed sampling yielded datasets 

unsuitable for my purposes, they might be suitable in other contexts. Schunck (2016) 

used a procedure similar to Formative-Sample to investigate bias in parameter estimation 

of multilevel models with aggregated covariates. Schunck found high bias in the 

parameter estimation even with a sampling ratio of 80%; however, the study did not 

include the correlation between the true and aggregated L2 covariates. If the pattern 

aligned with those found in the present simulation, at a sampling ratio of 80%, the 

correlations would be > .95. The implication is that using an aggregated covariate as a 

proxy, even a highly correlated one, to replace a missing L2 covariate will increase 

estimation bias. If Schunk had used the Formative-RE procedure - which produced lower 

correlations in the present study - would the estimation bias have been even worse? 
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 Another pertinent sample characteristic to a PS analysis with clustered data that 

varied by covariate generation procedure was the ICC(1) of the L1 outcome, Y. If ICC(1) 

= 0, the data are not clustered; an ICC(1) > .30 is unrealistic in most education contexts. 

Thus, if the ICC(1) in the simulated samples fell outside this range, the samples were not 

suitable for the purpose of my study. The Formative-RE and Formative-Sample 

procedures generated realistic ICC(1)s between .05 and .18. The Reflective-RE and 

Reflective-Sample procedures, however, did not produce an ICC(1) smaller than .34. 

Using a Reflective procedure in its current form would clearly be inappropriate for an 

education centered simulation study. There might be contexts where using a Reflective 

procedure is more closely aligned with the concepts under investigation, so it is worth 

considering how changes to the design could improve the efficacy of the procedure. 

Increasing the variability of the L1 covariates or decreasing the variability of and 

correlation between the L2 covariates would reduce the ICC(1) of Y. That being said, if 

the researcher did not first check the adequacy of the sample datasets, they would not 

know whether such adjustments were necessary. 

 Other characteristics that varied by covariate generation procedure were the 

correlations between the covariates within each level and the variance of Y. Awareness of 

these characteristic values in the simulated samples allows results from the simulation to 

be placed in the proper context. For instance, Austin (2009a) determined through a 

simulation study that as the correlation between the baseline covariates increased, the 

overlap in the distribution of PS estimates for the treatment and control groups decreased. 

The implication is that while uncorrelated covariates may not represent realistic 

situations, high correlations could lead to PS estimation or conditioning issues. Thus, PS 
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simulation designs need to strike a felicitous balance. I attempted to impose a correlation 

of .20 between covariates within each level. Using the Formative procedures, the 

correlation was maintained between the L1 covariates, but not between the true or 

aggregated L2 covariates. This aligns with findings from Bliese (1998) who noted that 

the L2 correlations would deteriorate relative to the L1 correlations due to unreliability in 

the L2 means – which are measured by ICC(2). This consequence from the Formative 

procedures is acceptable for the purposes in my study. A different research context might 

deem maintaining the correlation within each level as an essential component. We could 

ensure the within level correlation by drawing the L1 and L2 covariates from separate 

distributions. Doing so, however, would make the L2 covariates independent of the L1 

covariates rather than aggregations. Accordingly, it is imperative that researchers 

consider the desired characteristics of the sample datasets when designing a simulation 

study. Doing so subsequently provides motivation and direction for checking the 

adequacy of the simulated datasets. 

Propensity Score Estimation 

 In a PS analysis, the accuracy and precision of the PS estimation is typically a 

tertiary concern following the treatment effect estimation and the covariate balance 

between the treatment and control groups. Ho and colleagues (2007) note that as a 

balancing score, as long as the estimated PS enables balancing covariates, the accuracy of 

the estimated PS to the true PS is immaterial. That being said, the PS model that most 

closely approximates reality is, theoretically, most likely to produce the best balance 

(Rubin, 2007, 2008). Of greater concern than approximating reality is when PS 

estimation is extremely poor. When this occurs, the PSs take values close to 0 and 1, 
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which not only violates the overlap assumption, but also makes balancing covariates 

difficult. Thus, checking the adequacy of the PS estimation is a critical step when 

conducting a simulation study. Results from the present study revealed that evaluating the 

estimation using the PS directly masks potential problems. Although using the true and 

estimated PS to calculate bias, MAE, and RMSE is initially more interpretable than using 

the true and estimated logit of the PS, the results can be misleading due to the constrained 

probability scale for the PS. Thus, the logit units, which are on an unconstrained scale, 

provide a more appropriate portrayal of estimation accuracy and precision. This is 

particularly true when study designs employ a matching algorithm with the logit of the 

PS as the distance measure to balance covariates (Austin, 2009b). 

 Number of Clusters. In the present study, poor estimation of the PS resulted 

primarily from a small number of clusters. Findings suggest that a PS analysis with 

cluster-level treatment exposure requires > 60 clusters to consistently estimate the PS 

without convergence issues. This aligns with Pirracchio, and colleagues’ (2012) 

investigation of PS methods with small sample sizes and single-level models. In their 

simulation a dichotomous treatment exposure with a marginal PS of .20 was estimated 

with four covariates. Bias and mean square error decreased as the sample size increased 

from 40 to 1000, but even sample sizes of 40 yielded reasonable estimation of the 

treatment effect with PS matching or weighting methods. The present study used 10 

covariates rather than four, so a larger necessary sample size is expected. As Thoemmes 

& Kim (2011) found in their systematic review of PS studies utilizing single-level models 

with subject-level treatments, studies included an average of 31 covariates. If studies 

show a similar tendency when treatment exposure is at the cluster-level, far more than 60 
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clusters would be required. Determining the minimum number of clusters needed for PS 

estimation with a cluster-level treatment under various contextual conditions is a 

promising line of research. The present study, along with Pirracchio, and colleagues’ 

(2012), utilized logistic regression to estimate the PSs. Probit regression, the covariate 

balancing propensity score (Imai and Ratkovic, 2014), or machine learning techniques 

may yield different thresholds for cluster sample size.  

Implications for Simulation 2 

 The simulation study in Chapter 3 investigates the efficacy of aggregated 

covariates as replacements of missing true covariates for treatment effect estimation of a 

cluster-level treatment using PS methods. One aim of the present simulation was to 

inform the design of this subsequent simulation. In addition to illuminating a lower limit 

for the number of clusters, examination of the sample characteristics produced from the 

four covariate generation procedures suggest the Formative-RE procedure yields the most 

suitable sample datasets for my purpose. Compared to the other three procedures, the 

Formative-RE procedure generated sufficient variability in the correlations between the 

true and aggregated L2 covariates while producing realistic ICC(1) values for the subject-

level outcome, Y. Across all generation procedures the proportion of subjects in the 

treatment group was higher (.30 - .38) than the imposed marginal probability of treatment 

exposure of .25. Consequently, the ratio of treatment to control subjects was lower than 

expected. To increase the likelihood of finding adequate matches in the simulation in the 

next chapter, the marginal probability of treatment exposure will be reduced. 
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Conclusion 

 As is the case in applied studies, the study design plays a critical role in the 

interpretation and conclusions derived from simulations. In particular, the characteristics 

of the generated sample datasets delineate the real-world scenarios to which the 

simulation results are most applicable. Unfortunately, the practice of checking the 

adequacy of the sample datasets is frequently omitted, or at least underreported. Results 

from the present simulation illustrated that varying the design features and procedures in 

a simulation can produce samples with starkly different characteristics. Each procedure 

and set of sample characteristics may have greater utility in different research contexts. 

Thus, it is the responsibility of the researcher to clarify the characteristics most desired 

for their research purpose and then examine whether those characteristics are present in 

the generated sample datasets. 
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CHAPTER 3 

Simulation 2 – Cluster-Level Treatment Exposure and Subject-Level Outcome 

Background 

 When estimating the effect of a treatment on an outcome using PS methods, the 

specifications of both the PS and outcome models depend on whether treatment exposure 

and outcome measurement occur on the same or different levels of analysis. In many 

cases, the treatment and the outcome are both at Level 1 (L1) – the subject level. As an 

example, Van Boekel and colleagues (2016) conducted a PS analysis investigating the 

effect of students’ participation in sports on their grade point average and perceptions of 

support. Even with clustered data, the majority of PS research has focused on instances 

where treatment is administered and the outcome is measured at the same level. In 

education settings, treatment exposure can also be at Level 2 (L2) – the cluster level – 

with changes in policy and instruction typically enacted by classroom or school rather 

than by individual student. Nonetheless, educational stakeholders are often interested in 

how these broad changes influence outcomes at the student level (L1). Despite the 

prevalence in education, and relevance to other fields including medical sciences and 

economics, little methodological consideration has been given in the PS literature to 

situations where treatment exposure occurs at the cluster level (L2), but outcomes are 

measured at the subject level (L1). Examples from applied PS studies include the effect 

of teacher reading knowledge on student reading comprehension (Kelcey, 2011), small 

school size on student math achievement (Wyse et al., 2008), and college selectivity on 

students’ probability of graduation (Heil et al., 2014). This could also include 
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longitudinal studies where, for instance, treatment exposure varies by subject (L2) and 

the outcome of interest is growth over time (L1). 

 The purpose of the simulation presented in this chapter is to provide guidance for 

applied researchers conducting PS analyses with cluster-level treatments and subject-

level outcomes. In particular, the chapter explores procedural questions: Should the PS be 

estimated by cluster or by subject? If by subject, how should cluster dependency be 

addressed in the PS model specification? How many subjects and clusters are needed? 

What covariates should be included in the PS model? To what extent are aggregated 

covariates useful as proxies for missing cluster-level covariates in such an analysis? Does 

the choice of PS conditioning method matter? 

Appraisal of Treatment Exposure at the Subject or Cluster Level 

 In an RCT, the level of the treatment exposure is typically demarcated by the 

level at which random assignment occurred. What Works Clearinghouse (WWC, 2020) 

defines cluster-level treatment assignment as situations where: 1) subjects are assigned to 

treatment and control conditions in groups rather than independently, and 2) outcomes 

are measured for each subject within a cluster. The subject-level measurements can then 

be analyzed at the subject level or aggregated and analyzed at the cluster level. A PS 

analysis is characterized specifically by the lack of random assignment. In this case, 

WWC (2020) determines the level of treatment exposure by “the largest study unit that 

contains only members of one condition.” (p. 19). One exemplar is Kelcey’s (2011) PS 

analysis with teachers’ reading knowledge as the treatment. All students in the classroom 

of a given teacher were in the same treatment condition. Thus, treatment exposure was 

appraised at the cluster level in the study. Other studies, however, deviate from the WWC 
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(2020) standard. For instance, Belfi and colleagues (2016) posed the question, “What are 

the long-term effects of primary school socio-economic composition on students’ 

mathematics achievement growth?” (p. 503). Socio-economic composition is a property 

of the school. All students within a school had the same socio-economic composition, i.e. 

treatment. Yet, the PS was defined in their study as the probability of a student attending 

a school with a low, medium, high, or mixed socio-economic composition. Thus, the 

study regarded treatment as a student characteristic.  

 Other researchers have taken a similar approach to Belfi et al. (2016). This 

includes studies comparing the effect of large and small schools (Wyse et al., 2008) or 

charter and traditional public schools (Xiang & Tarasawa, 2015) on student achievement. 

Both studies defined the PS at the student level (L1) – the probability of a student 

attending a school with the treatment characteristic. Yet, size and charter designation are 

properties of the school (L2). Crucially, every student within a school received the same 

treatment condition. If aligning with the WWC (2020) standard, the PS should instead be 

defined as the probability of a school having a certain characteristic. 

 Another perspective to consider is at what level random assignment would have 

occurred if these studies were designed as RCTs rather than nonrandomized studies. For 

instance, how might Xiang & Tarasawa (2015) have designed their study comparing 

student achievement between charter and traditional public schools in an RCT 

framework? Would they have randomly assigned students or schools to be in the 

treatment and control conditions? Their study specifically compared students who were 

in public schools in 5th grade, but some then transferred to charter schools for 6th grade. 

From this perspective, randomly assigning some students to attend a charter school while 
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others stay in public schools is a conceivable study design. Although all students within a 

school received the same treatment, WWC (2020) would not consider this a cluster RCT 

because random assignment was independent for each subject. Without the clarity of a 

random assignment mechanism, however, Xiang & Tarasawa (2015) had to decide 

whether treatment exposure should be appraised by subjects or clusters in the PS model. 

Their example illustrates the conceptual difficulties applied researchers face when 

designing a PS study with treatment exposure at the cluster level and measurement of 

outcomes at the subject level. Furthermore, the decision has procedural consequences for 

the PS analysis. The decision specifically impacts three steps in a PS analysis: 1) 

selecting covariates to include in the PS model, 2) specifying the functional form of the 

PS model, and 3) conditioning on the PS. 

Covariate Selection 

 The first step in a PS analysis is selecting the covariates to include in the PS 

estimation model. To satisfy the unconfoundedness assumption, the PS model should 

include all true confounders (Kainz et al., 2017). True confounders are covariates 

associated with both treatment exposure and the outcome. Ideally, the true confounders 

are measured prior to treatment exposure (i.e., at baseline). Simulation studies with non-

clustered data revealed that omitting a true confounder induced more bias in treatment 

effect estimation than including a nuisance covariate unrelated to treatment exposure and 

the outcome (Ali et al., 2014; Austin et al., 2007). Simulations with clustered data 

produced similar findings when true confounders were excluded at either the subject or 

cluster level (Kelcey, 2009; Leyrat et al., 2013; Yu, 2012). If a cluster-level treatment 

exposure is appraised by subject in the PS model, true confounders could be at the subject 
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or the cluster level. In education settings, subject confounders might include student 

demographic characteristics or previous exam scores. Cluster confounders could be 

teacher characteristics or student information aggregated by cluster, such as school 

composition. 

 There is currently little research on how covariate selection changes, if at all, 

when treatment exposure is appraised by clusters in the PS model. On the one hand, there 

is little expectation for subject covariates to be associated with treatment exposure at the 

cluster level. For instance, with teachers’ reading knowledge as the treatment, there is no 

a priori reason why student traits would be predictive of teacher knowledge (Kelcey, 

2011). Consequently, the PS model would only include cluster-level covariates. On the 

other hand, the goal of a PS analysis is ultimately to reduce selection bias in the 

estimation of the treatment effect on the outcome. Research thus far indicates that the PS 

model should be populated with covariates associated with the outcome even if unrelated 

to the treatment (Kainz, et al., 2017; Kelcey, 2009). To incorporate subject-level 

covariates associated with the outcome into a PS model where treatment exposure is 

appraised at the cluster level requires aggregating the subject information. Kelcey (2011) 

follows this rationale by including student characteristics (L1; e.g., test scores, 

demographic variables) aggregated to the teacher/classroom level (L2). 

 Aggregating covariates can also potentially mitigate the estimation bias induced 

by the omission of a true cluster confounder from the PS model. Obtaining direct 

measures of all possible cluster-level true confounders at baseline can be cumbersome or 

costly. Consider an intervention that relies on groups of students working collaboratively 

to demonstrate their mathematical abilities. A direct measure of group cooperation prior 
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to the intervention could be ascertained through raters coding an observation based on a 

rubric. A more efficient solution, however, could be aggregating the subject information 

to the cluster level. For instance, the group cooperation measure can be found indirectly 

by asking students on a survey how cooperative they perceived their group to be and then 

aggregating the responses. In this example, both direct and aggregated information 

measured the same construct – group cooperation. In the context of a subject-level 

treatment, Arpino and Mealli (2011) showed an aggregated covariate measuring a 

different but correlated construct could be a viable proxy for missing cluster-level true 

confounder. Their findings suggest that in the mathematics intervention example, if a 

measure of cooperation is unavailable, a correlated measure could be used instead, such 

as prosocial behavior (Premo et al., 2018). However, the strength of the association 

between the aggregated covariate and missing true confounder was unclear in their study. 

The question becomes, how closely correlated does the aggregated covariate need to be 

with the missing true cluster confounder in order to reduce bias in treatment effect 

estimation in a PS study? 

Propensity Score Model Specification 

 The next step impacted by the decision to appraise treatment exposure at the 

subject or cluster level is determining the functional form of the PS model. When 

treatment exposure is appraised by subject, multiple approaches have been examined 

which are distinguished by their degree of complexity (Griswold et al., 2010; Leite et. al, 

2015). The simplest approach is to fit a single-level PS model across the entire dataset, 

thereby completely ignoring any cluster dependency. That being said, cluster covariates, 

including aggregated covariates, can be included in the model as if they were subject 
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covariates. In applied research, this is the approach used by Belfi et al. (2016) and Wyse 

et al. (2008) when investigating the impact of school characteristics on student 

achievement. To account for cluster dependency, cluster fixed effects (i.e., dummy 

variables) can be added to the single-level model. Alternatively, a multilevel model with 

cluster random effects for intercept and/or slopes can be employed. This is the approach 

employed by Xiang and Tarasawa (2015). One critical distinction in their study was that 

students were clustered in elementary schools at baseline, but clustered in middle schools 

for treatment exposure (i.e., charter or public school) and the outcome measurement. For 

Belfi et al. (2016) and Wyse et al. (2008), baseline covariate and outcome measurement 

along with treatment exposure all occurred in the same set of schools. The simulation in 

the present study is more similar to Belfi et al. and Wyse et al., but the cluster structure 

complexity in Xiang and Tarasawa highlights yet another difficult methodological 

decision facing applied researchers with little guidance from current research. 

 When treatment exposure is appraised at the cluster level, the PS model 

specification decision is simplified to using a single-level model populated with cluster 

covariates. As noted, subject-level information can be incorporated in the estimation 

process via aggregated covariates. Most critically though, the decision to appraise 

treatment exposure by cluster results in all subjects within a cluster receiving the same 

PS. In contrast, if appraised by subject, subjects within the same cluster could potentially 

receive different PSs. This subsequently impacts the next step in a PS analysis. 

Conditioning on the PS 

 The third step in a PS analysis is creating comparable treatment and control 

groups by conditioning on the PS. In reviews of PS studies with non-clustered data, the 
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most commonly used conditioning method is matching (Thoemmes & Kim, 2011; 

Zakrison et al., 2018). Matching methods have also been employed in a number of 

studies with clustered data where treatment exposure and outcome measurements were 

both at the subject level (e.g., Hughes, et al., 2010; Kim & Seltzer, 2007; McCormick et 

al., 2013). When treatment exposure is appraised at the subject level, a subject who 

received the treatment is matched with one or more subjects in the control condition who 

have a similar PS (Ho et al., 2007; Stuart, 2010). It is possible for treatment subjects to be 

matched with control subjects in the same or in different clusters. In contrast, when 

treatment exposure is appraised at the cluster level, the clusters are matched rather than 

the individual subjects. Simulation studies with clustered data and subject-level 

treatments have found matching methods to sufficiently minimize bias in the treatment 

effect estimation (Bellara, 2013; Leite, et al., 2015). There is, however, a critical 

drawback to matching methods. When an adequate match cannot be found for a subject 

(or cluster), they are dropped from the analysis. With treatment exposure by cluster, 

collecting data from a sufficient number of clusters can be difficult. The results from 

Chapter 2 showed that at least 60 clusters were needed in order to avoid estimation 

issues. Therefore, it is important to retain as many as possible, which potentially makes 

matching a suboptimal conditioning method. 

 An alternative conditioning method that largely alleviates the sample size issue is 

weighting on the PS (Austin & Stuart, 2015). In this method, the inverse of the PS is used 

as a weight in the subsequent estimation of the treatment effect. Given that a PS is 

estimated for every observation, the weight can also be calculated for every observation 

thereby retaining the original sample size. Furthermore, the process functions the same 
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way regardless of whether treatment is appraised at the subject or cluster level. The 

primary concern with weighting arises when the PS model is poorly specified resulting in 

erroneous PS estimates, and consequently, extremely large weights. Since weighting 

methods use the PS directly, they are more greatly impacted by PS model 

misspecification (Rubin, 2001). Contrastingly, matching methods are more robust to PS 

model misspecification given that the PS is used for the purpose of grouping treatment 

and control units rather than directly in the treatment effect estimation. That being said, 

extreme PS values might increase the difficulty of creating matched groups, thereby 

indirectly influencing treatment effect estimation. 

 In summary, matching and weighting methods each have their benefits and 

drawbacks. It is currently unclear how conditioning methods perform with a cluster-level 

treatment exposure and subject-level outcomes. Specifically, whether matching or 

weighting produces greater covariate balance between the treatment and control groups, 

thereby reducing selection bias, and minimizes bias in the treatment effect estimation. 

Furthermore, the ability of the two methods to balance aggregated covariates remains 

unexamined, although there is no a priori reason to expect any difference from non-

aggregated covariates. 

Present Study 

 When treatment exposure is a property of clusters, applied researchers conducting 

a PS analysis do not have the benefit of a random assignment mechanism to indicate 

whether treatment should be appraised at the cluster or subject level. Nonetheless, the 

decision has procedural consequences across multiple steps in the subsequent analysis. If 

treatment is appraised by subject, the PS is estimated for each subject with both subject 



60 

and cluster covariates likely needed in the model. Conditioning on the PS then also 

occurs by subject to create comparable treatment and control groups. In contrast, if 

treatment is appraised by cluster, subject covariates cannot be used directly to estimate 

the PS and must be aggregated to the cluster level. Estimation of and subsequent 

conditioning based on the PS then occurs by cluster with each subject within a cluster 

having the same PS. The present study employs a Monte Carlo simulation to explore the 

consequences of these procedural decisions on covariate balance and treatment effect 

estimation. The primary factor manipulated in the simulation is the appraisal of the 

treatment at the subject or cluster level in the PS analysis. The simulation also explores 

the utility of aggregated covariates as proxies for true cluster confounders missing from 

the analysis. Thus, when treatment exposure is a property of clusters at L2, but the 

outcome is measured by subjects at L1, the present study seeks to answer the following 

questions: 

 1. How is covariate balance impacted by the appraisal of a cluster-level treatment 

by subjects or clusters in the PS model and for conditioning on the PS? 

 2. When true cluster covariates are missing from the PS model and replaced by 

aggregated covariates, does covariate balance vary by the correlation between the 

aggregated and true covariates? 

 3. How is treatment effect estimation impacted by the appraisal of a cluster-level 

treatment by subjects or clusters in the PS model and for conditioning on the PS? 

 4. When true cluster covariates are missing from the PS and outcome models and 

replaced by aggregated covariates, does treatment effect estimation vary by the 

correlation between the aggregated and true covariates? 
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 5. How do answers to the above questions differ by contextual factors, including 

the number of clusters, cluster size, cluster dependency of covariates to be aggregated 

and the outcome, and the use of matching or weighting as the PS conditioning method? 

Method 

Data Generation 

 Data were generated in R (v. 3.6.2; R Core Team, 2020) using the simstudy 

package (v. 0.1.15; Goldfeld, 2020). The R script to run the simulation is documented 

here: https://github.com/knickodem/AggCovsForPS. The procedures and desired sample 

characteristics in the present study align with those described in Chapter 2. To refresh, 

the samples produced in this simulation were two-level hierarchical structures with 

subjects, i, fully nested in clusters, j. This meant that each subject at L1 was nested within 

a single cluster at L2. Based on the results in Chapter 2, the Formative-RE procedure was 

chosen to generate the 30 covariates. The first step in this procedure was generating the 

20 subject covariates (X1ij - X20ij) from a multivariate normal distribution with μ = 0, 

variance σ2 that varied by simulation condition, and correlated at ρ = .20. Next, a cluster 

adjustment drawn from a distribution of N(0, τ00) was added to the subject covariates to 

induce cluster dependency. The mean for each of the first 10 subject covariates (X1ij – 

X10ij) was calculated within each cluster j to create the 10 true cluster covariates (X̅1 - 

X̅10). These values were used to generate the true probability of treatment exposure (i.e., 

true PS), and the subject-level outcome Yij. With σ2 varying by simulation condition, 

error drawn from N(0, σ2) was added to the 10 true cluster covariates (X̅1j – X̅10j) for each 

cluster to create the 10 aggregated covariates (X̅’1j – X̅’10j). 
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 Treatment exposure, Zj, was created as a property of clusters. The 10 true L2 

covariates were used to calculate the true PS for each cluster, j, with a single-level model. 

This is the same as Equation 2 in Chapter 2: 

logit(Zj = 1) = β0 + β1X̅1j + β2X̅2j + β3X̅3j + β4X̅4j + β5X̅5j + β6X̅6j + β7X̅7j +  (2) 

β8X̅8j + β9X̅9j + β10X̅10j + uj 

The regression coefficients β1 - β10 were fixed to 0.50. The intercept, β0, was set to -

1.386294 to impose a marginal probability of treatment exposure (i.e., mean PS) to .20. 

Based on the results of Chapter 2, this was intended to produce a treatment-to-control 

ratio of approximately 1:3. The cluster residuals, uj, were drawn from a logit distribution 

with μ = 0 and σ2 = π2/3. Doing so produced overlapping probability of treatment 

distributions of the treatment (Zj = 1) and control groups (Zj = 0). The two groups were 

determined with Equation 3 from Chapter 2: 

(Zj = 1) if logit(Zj = 1) > 0, else (Zj = 0)      (3) 

 The true outcome, Yij, for each subject i in cluster j was generated with the same 

two-level random intercept model used in Chapter 2 (Equation 4):  

Level 1: Yij = β0j + β1jX1ij + β2jX2ij + β3jX3ij + β4jX4ij + β5jX5ij + β6jX6ij + β7jX7ij + (4) 

β8jX8ij + β9jX9ij + β10jX10ij + β11jX11ij + β12jX12ij + β13jX13ij + β14jX14ij + 

β15jX15ij + β16jX16ij + β17jX17ij + β18jX18ij + β19jX19ij + β20jX20ij + rij  

rij ~ N(0, σ2) 

Level 2: β0j = γ00 + γ01X̅1j + γ02X̅2j + γ03X̅3j + γ04X̅4j + γ05X̅5j + γ06X̅6j + γ07X̅7j + γ08X̅8j +  

γ09X̅9j + γ0 10X̅10j + γ0 11Zj + u0j   u0j ~ N(0, τ00) 

β1j = γ10 

β2j = γ20 
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… 

β20j = γ20 0 

The subject level, rij, and cluster level, u0j, error terms were drawn from a normal 

distribution with μ = 0. The variances of σ2 and τ00, respectively, varied depending on the 

simulation condition. Other than the intercept, γ00, which was set to 0, the regression 

coefficients were fixed to 0.50. This included the treatment effect, γ0 11, implying that the 

effect was homogenous across all PSs. In this study, the 10 cluster covariates were true 

confounders as they were related to both treatment exposure (Equation 2) and the 

outcome (Equation 4). In contrast, the 20 subject covariates were only associated with the 

outcome (Equation 4). 

 In light of the results from Chapter 2, the Formative-RE procedure produced 

sample datasets where the average correlation between the true and the aggregated cluster 

covariates ranged from approximately .20 to .98 depending on the magnitude of error 

added to the true values. The cluster dependency (ICC(1)) and reliability (ICC(2)) of the 

aggregated values varied as expected given the manipulations of ICC(1) and subjects per 

cluster. Likewise, the cluster dependency of the outcome Y varied by ICC(1) condition. 

Lastly, the correlation among the subject covariates remained close to the imposed 

correlation of .20 while the correlation among the true cluster covariates and aggregated 

cluster covariates was < .05. 

Manipulated Factors 

 Six simulation factors were manipulated: number of clusters, number of subjects 

per cluster, ICC(1) of the aggregated covariates and the outcome variable, magnitude of 

error in the aggregated cluster covariates, treatment appraisal at the subject or cluster 
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level, and PS conditioning method (Table 3.1). Employing a 3 x 3 x 3 x 4 x 2 x 2 fully 

crossed factorial design, the study had a total of 432 conditions. Each condition was 

replicated 1000 times. 

Table 3.1 

 Summary of Simulation 2 Manipulated Factors and Levels 

Factor Levels 

Number of clusters 60, 100, 140 

Number of subjects per cluster 20, 60, 100 

ICC(1) of outcome & aggregated covariates .05, .10, .20 

Aggregated L2 error magnitude σ of random error: 0.1, 0.3, 0.5, 1.0 

Treatment appraisal Cluster Level, Subject Level 

Conditioning method Matching, Weighting 

 

 Contextual Factors. The first three factors were chosen because they are often of 

concern for applied researchers when determining how to conduct a PS analysis. The 

Chapter 2 results revealed the simulation design used here required a minimum of 60 

clusters for the PS estimation model to converge with consistency. In the field of 

education, clusters are often classrooms, schools, and districts. Gathering data on a large 

number of clusters can be challenging and expensive. To strike a balance between 

practical necessity and realistic scenarios, the present simulation examined conditions 

with 60, 100, and 140 clusters. The number of subjects per cluster [20, 60, 100] and the 

ICC(1) for the aggregated covariates and the subject-level outcome [.05, .10, .20] 

remained the same as in Chapter 2. These represent values commonly found in education 

research. The fourth factor was the magnitude of error in the aggregated covariates. 

Manipulating the error magnitude aids in determining the point at which an aggregated 

covariate becomes an unreliable indicator for the true cluster covariate in a PS analysis. 

The levels examined were the same as in Chapter 2. Specifically, the standard deviation 
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of the error added a true cluster values to generate the aggregated covariate values was 

0.1, 0.3, 0.5, or 1.0. 

 Treatment Appraisal. Treatment exposure was generated as a cluster-level 

property, but could be appraised by cluster (L2) or by subject (L1) in the specification of 

the PS estimation model and when conditioning on the PS. In the cluster appraisal 

condition the PS model was the same as Equation 2, but used the aggregated cluster 

covariates (X̅’1 - X̅’10) instead of the true cluster covariates (X̅1 - X̅10). The PS was 

estimated by cluster rather than using the full dataset with each subject-level observation. 

Consequently, every subject within a cluster had the same PS, so conditioning on the PS 

also occurred by cluster. In the subject appraisal condition, the PS was estimated for each 

subject using a single-level model represented by: 

logit(Zij = 1) = 
20 10

0

1 1

'p pij q qj

p q

X X
= =

 +  +         (9) 

where Xpij was a vector of the 20 subject covariates, p, for subject i in cluster j. The 10 

aggregated covariates, X̅’qj, were also included, but regarded as subject characteristics in 

the model. In both the cluster and subject appraisal conditions, the outcome model was 

the same as Equation 4, but once again used the aggregated covariates (X̅’1 - X̅’10) as 

proxies for the true cluster covariates (X̅1 - X̅10). Conceptually, the outcome model in the 

subject appraisal condition would include treatment at L1 (β21j Zij) instead of at L2 (γ0 

11Zj), but for practical purposes the outcome models in the two conditions were 

equivalent. The single-level PS models were estimated using the glm function in base R 

while the multilevel outcome model was estimated using the lme4 package (v. 1.1.21; 

Bates et al., 2015). 
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 Initially, two other PS models were proposed that also conceptualized treatment 

exposure as a subject-level property. The first was a cluster fixed effects model which 

was a single-level with J-1 dummy variables to account for potential cluster dependency: 

logit(Zij = 1) = 
20 1

1 1

J

p pij j j

p j

X G
−



= =

 +  +         (10) 

where G was the vector of J-1 dummy variables. The other model was a cluster random 

effects model represented by: 

Level 1: logit(Zij = 1) = 
20

0

1

j pj pij

p

X
=

 +        (11) 

Level 2: 
10

0 00 0 0

1

'j q qj j

q

X u
=

 =  +  +  u0j ~ N(0, τ00) 

   … 

   βpj = γp0 

where u0j was the random intercept for cluster j. In PS models, the criterion is treatment 

exposure. With treatment exposure at the cluster level, the dummy variables for clusters 

in Equation 10 or the random effects for clusters in Equation 11 become perfect 

predictors of the criterion. Thus, any PS model including an indicator for cluster will fail 

to converge because the PS can be determined to be either 1 or 0 using the cluster 

indicator. In contrast, the models in Equations 2 and 9 only included cluster-level 

covariates, but not an indicator for cluster. Consequently, the PS from these models can 

be calculated probabilistically rather than deterministically, which satisfies the overlap 

assumption of PS methods. For Equations 10 and 11 to be viable in a PS model with a 

cluster-level treatment, the clusters where treatment exposure occurs must be different 

than the clusters represented by the fixed and random effects. 
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 Conditioning Method. The treatment and control groups were equated using 

either a matching or a weighting method. Matching and weighting were performed on 

clusters in the cluster appraisal condition and by subjects in the subject appraisal 

condition. To maintain the overlap assumption, following estimation of the PS, 

observations with a PS > .999 or PS < .001 were removed. In the weighting condition, 

this had a side effect of limiting extreme weights by imposing a maximum weight of 

1000. The weights were calculated via the WeightIt package (v. 0.6.0; Greifer, 2019) 

from the inverse of the estimated PS (PŜ) using the formula: 

wi = 
𝑍𝑖

𝑃�̂�𝑖
+ 

(1− 𝑍𝑖)

1− 𝑃�̂�𝑖
          (12) 

where Z is the treatment indicator and i represented subjects in the subject appraisal 

condition and clusters in the cluster appraisal condition. Equation 12 calculates the 

weights for estimating the average treatment effect. Although the comparison matching 

method could only estimate the average treatment effect on the treated, the two estimates 

were expected to be identical given that the true effect was constant across all subjects in 

the current simulation design (Ho et al., 2007). The weights were then used as precision 

weights in the outcome model run in lme4 (Bates et al., 2015), which does not accept 

sampling weights. Treating the weights from the PS model as precision or sampling 

weights should not impact estimation of the treatment effect, but could differentially 

impact standard errors (Snijders & Bosker, 2012). 

 In the matching condition, treatment and control groups were matched on the logit 

of the PS with the MatchIt package (v. 3.0.2; Ho et al., 2011). Nearest neighbor greedy 

matching was utilized on a 1:1 basis without replacement and a caliper width of 0.2 

standard deviations of the logit. Although many matching strategies are available, these 
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settings are amongst the most commonly used (Thoemmes & Kim, 2011; Zakrison et al., 

2018). In the subject appraisal condition, treatment subjects could be matched with 

control subjects within the same cluster or from a different cluster. 

Dependent Variables 

 To answer the research questions, the first concern is whether the estimation 

models even converge. All of the PS and outcome models utilize maximum likelihood 

estimation which relies on an iterative procedure to estimate the model parameters that 

maximize the likelihood function (Raudenbush & Bryk, 2002). When the maximum 

cannot be found within the specified number of iterations, model estimation is non-

convergent. A myriad of possible factors can contribute to convergence issues, including 

model misspecification or inadequate sample size. Ultimately, non-convergence is a sign 

of untrustworthy parameter estimates. Non-convergence rates were tracked across 

conditions to identify problematic specifications of the PS and outcome models. 

 Following estimation of the PS, one of the previously described conditioning 

methods was used to create comparable treatment and control groups. One disadvantage 

of matching methods is some subjects in the treatment group may not have a suitable 

match in the control group. Unmatched units are then dropped from the subsequent 

analysis. In contrast, weighting methods often utilize the entire sample when estimating 

the treatment effect in the outcome model. Therefore, I tracked the number of matched 

subjects and clusters to aid in comparing the two PS conditioning methods. This also 

gives an indication of whether the PS model produced estimates close to 0 or 1, and thus, 

were removed to maintain the overlap assumption. 
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 From the results in Chapter 2 we know the characteristics of the sample datasets 

initially generated. However, after conditioning on the PS, the samples actually used to 

estimate the treatment effect in the outcome model may have different characteristics. Of 

primary interest were the characteristics of the 10 aggregated covariates. To put the 

treatment effect estimation in the proper context, I calculated the correlation between the 

10 true L2 covariates and the aggregated counterparts4, the reliability (ICC(2)) of the 

aggregated covariates at the cluster level, and cluster dependency (ICC(1)) of the 

aggregated covariates at the subject level for the PS samples. 

 To determine the comparability of the treatment and control groups, covariate 

balance between the two groups on the 20 subject covariates and 10 cluster covariates 

was checked using the absolute standardized difference (Austin, 2011). For each 

covariate this was calculated as the absolute value of the difference in sample means, X̅, 

between the treatment and control groups divided by a standard deviation (SD): 

ASD = | (X̅treatment – X̅control) / SD |       (13) 

 Specifically, the pooled SD from the treatment and control group in the full 

sample prior to conditioning was used here (Stuart, 2010). The absolute standardized 

difference was chosen over other balance evaluation techniques (e.g., c-statistic, 

overlapping coefficient, t-test) because simulation studies have shown it to more often 

select the correctly specified PS model (Ali, et al., 2014; Austin et al., 2007). 

Additionally, the absolute standardized difference is not influenced by sample size and 

can be used equivalently for subject- and cluster-level covariates. 

 
4 The average correlation across the 10 pairs of true and aggregated L2 covariates was calculated by first 

transforming the correlations to z-scores using Fisher’s r-to-z transformation (Silver & Dunlap, 1987). The 

z-scores were transformed back to correlations after averaging across the 1000 replications. 
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 When the absolute standardized difference was < 0.10, the covariate was 

considered balanced. Thresholds as low as 0.05 (WWC, 2020) and as high as 0.25 

(Rubin, 2001) have been suggested. Nonetheless, 0.10 is generally considered a suitable 

threshold for both continuous and binary covariates (Austin, 2009; Kainz et al., 2017). 

Using the 0.10 threshold, the count of covariates balanced was used to evaluate the 

impact of subject level or cluster level treatment appraisal and use of aggregate 

covariates. The ratio of a covariate’s variance in the treatment and control group is 

another indicator of balance for continuous covariates. The two groups are balanced if the 

ratio is close to 1.0. Therefore, the count of covariates with a variance ratio < 2.0 was 

also tracked (Rubin, 2001). Additionally, across all covariates the mean absolute 

standardized difference and mean variance ratio were calculated to provide a summary of 

the balance for each simulation condition. 

 The treatment effect estimation was evaluated by calculating bias, mean absolute 

error (MAE), and root mean square error (RMSE). With the true treatment effect set to 

0.50, bias was calculated across the 1000 replications by: 

Bias = 
∑ (�̂�− 0.50)1000

𝑛=1

1000
         (14) 

where δ̂ is the estimated average treatment effect. Positive bias indicates systematic 

overestimation of the treatment effect while negative bias suggests systematic 

underestimation. MAE and RMSE are indicators of precision in the estimation. MAE 

weights each observation equally when calculating the overall magnitude of error while 

RMSE gives greater weight to large errors. MAE and RMSE were calculated across the 

1000 replications. 
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MAE = 
∑ |�̂�− 0.50|1000

𝑛=1

1000
         (15) 

RMSE = √
∑ (�̂�− 0.50)

21000
𝑛=1

1000
        (16) 

 Lastly, a set of baseline measures were calculated from the full sample to which 

the efficacy of the PS methods under consideration could be judged. Utilizing the full 

sample without PS methods was akin to conducting an observational study with a 

multilevel outcome model to estimate the treatment effect while adjusting for the subject 

and cluster covariates, as well as adjusting the standard errors for cluster dependency. To 

establish baseline measures of covariate balance, the mean absolute standardized 

difference, mean variance ratio, and count of covariates with acceptable absolute 

standardized difference and variance ratio were calculated. If the outcome model 

converged using a PS method, the treatment effect was then estimated using the full 

sample. The baseline convergence rate, bias, MAE, and RMSE were then recorded. 

Analytic Procedure 

 With the exception of bias, MAE, and RMSE, which were calculated using 

Equations 14 – 16, the mean for each dependent variable was calculated across the 1000 

replications for each of the 432 conditions. As in Chapter 2, partial-ω2 was calculated 

from a factorial ANOVA on each dependent variable to determine the amount of variance 

explained by each of the six independent and all two-way interactions. Model 

assumptions were checked for each factorial ANOVA using a Q-Q plot of the residuals, 

scatterplot of residuals and predicted values, and calculation of variance inflation factor 

for each predictor (Williams et al., 2013). Lastly, boxplots were created for visual 

inspection of the variation in the dependent variables by select manipulated factors. 
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Results 

 As in Chapter 2, the Q-Q plot and scatterplot revealed non-normality and /or 

heteroscedasticity in the residuals of the factorial ANOVA model for the majority of the 

dependent variables. Consequently, the partial- ω2 values were treated as a crude 

indicator of the association between a dependent variable and the manipulated factors 

(Appendix B). Strict interpretation of the values as the variance of a dependent variable 

explained by a manipulated factor relative to the other factors is not recommended. The 

conclusions for the study instead relied on descriptive comparisons. 

Convergence 

 Convergence of the PS and outcome models is a necessary antecedent for 

producing and interpreting the parameter estimates from the models. For both the PS and 

outcome models, there were little to no convergence issues in the 100 and 140 cluster 

conditions (Figure 3.1). With 60 clusters issues arose in the smallest error magnitude 

condition. The median convergence rate for the PS model was 96.8%, though the 

minimum rate was 90.5%. The rate improved as the error magnitude in the aggregated 

covariates increased. The additional error made the PS estimation less deterministic, and 

thus, more likely to converge. This trend, however, has little bearing on practice unless 

the PS estimation model is identical to the true PS model, which is unlikely. 

 The outcome model was estimated only for PS models that converged. Yet, some 

convergence issues lingered for the 60 cluster condition, particularly with treatment 

appraised at the cluster level. In this condition, the median convergence rate was 99.2%, 

but the minimum was only 86.1%. In contrast, the minimum was 98.6% with subject 

appraisal and 60 clusters. For comparison, the baseline model - which estimated the 



73 

treatment effect using the full dataset - had a minimum convergence rate of 96.9% in the 

60 cluster condition. The convergence rates in the PS and outcome models once again 

highlights the need for a sufficient number of clusters regardless of the number of 

subjects per cluster and the appraisal of treatment at the cluster or subject level. 

Figure 3.1 

Convergence Rate for Propensity Score (PS) and Outcome Models  

 

Sample Characteristics After Conditioning on the PS 

 Sample Size. The proportion of treated subjects in the baseline datasets ranged as 

expected from .26 to .34. This is equivalent to treatment-to-control ratios between 

approximately 1:3 and 1:2. The matching or weighting procedure then created the 

treatment and control groups used for estimating the treatment effect. As expected, the 
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weighting condition retained a similar number of clusters as the full baseline sample 

(Figure 3.2). This indicated that for the PS models that converged, few extreme weights 

were removed. In the matching condition, treatment appraisal by subjects retained 

slightly fewer clusters than its counterpart in the weighting condition. Treatment 

appraisal by clusters, however, retained far fewer clusters in the analytic sample. In the 

140 cluster condition, subject appraisal retained a median of 132 clusters whereas cluster 

appraisal only retained 65. In the 60 cluster condition, the cluster appraisal retained as 

few as 14 clusters, meaning 7 treatment clusters were matched to 7 control clusters. 

Figure 3.2 

Number of Clusters Retained From Conditioning on the Propensity Score (PS) 

 

 Despite the difference in matched clusters by treatment appraisal, there was little 

difference in the number of subjects retained (Figure 3.3). When appraised by cluster, all 

subjects within a cluster were retained when the cluster was successfully matched. When 

appraised by subject, however, the median sampling ratio was .50. This meant half the 

subjects within a cluster were successfully matched while the other half were not. 
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Compared to the weighting condition, the matching condition produced substantially 

smaller samples regardless of treatment appraisal level. In the smallest condition with 60 

clusters and 20 subjects per cluster (n = 1200), the median number of subjects in the 

weighting condition was 1154.3, but only 460.7 for matching. 

Figure 3.3 

Number of Subjects Retained From Conditioning on the Propensity Score (PS) 

 

 Aggregated Covariate Characteristics. To make appropriate comparisons it is 

important to know whether the reduced samples in the matching condition were still 

representative of the full baseline samples. For the present study, the characteristics of the 

aggregated covariates as measured by ICC(1), ICC(2), and the correlation between the 

aggregated and true cluster covariates were of particular interest. ICC(1) - the measure of 

cluster dependency in the 10 aggregated covariates – was manipulated to be .05, .10, and 

.20. In the matched samples the median ICC(1) was .05, .09, and .19, respectively. The 

weighted samples produced values of .05, .10, and .20, respectively. Likewise, the 

matched and weighted samples yielded similar values for ICC(2) – reliability of the 
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aggregated covariates – which varied as expected given the imposed ICC(1) and subjects 

per cluster conditions (Table 3.2).  

Table 3.2 

Expected and Propensity Score Sample ICC(2) Values 

Condition Expected Matching  Weighting 

ICC(1) # Subjects ICC(2) Median Range  Median Range 

.05 20 .51 .45 .39 - .50  .50 .47 - .51 

.05 60 .76 .74 .70 - .75  .75 .75 - .76 

.05 100 .84 .83 .80 - .84  .84 .83 - .84 

.10 20 .69 .64 .58 - .68  .68 .66 - .69 

.10 60 .87 .85 .83 - .87  .87 .86 - .87 

.10 100 .92 .91 .89 - .91  .92 .91 - .92 

.20 20 .83 .80 .76 - .83  .83 .81 - .83 

.20 60 .94 .93 .91 - .94  .94 .93 - .94 

.20 100 .96 .96 .94 - .96  .96 .96 - .96 

 

Figure 3.4 

Mean Correlation Between 10 True and Aggregated Cluster Covariates 

 

 Lastly, the correlations between the aggregated and true cluster covariates in the 

PS samples were similar to the correlations in the full baseline sample regardless of the 

conditioning method or level of treatment appraisal (Figure 3.4). As the imposed standard 
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deviation of the error magnitude increased between 0.1, 0.3, 0.5, and 1.0, the range of the 

correlations decreased between .92 - .98, .62 - .85, .43 - .70, and .23 - .44. These results 

aligned with those from Chapter 2. The systematic variation in correlation by error 

magnitude enables the evaluation of aggregated covariates as replacements for the true 

cluster covariates. Furthermore, the similarity of the correlation, ICC(1), and ICC(2) 

across treatment appraisal and PS conditioning conditions allows for appropriate 

comparison of aggregated covariate utility between these conditions. 

Covariate Balance 

 Absolute Standardized Difference. The first research question explored whether 

covariate balance was impacted by appraisal of treatment by cluster or subject in the 

specification of the PS model and subsequent conditioning method. When treatment and 

control groups are balanced on the covariates, selection bias due to those covariates is 

neutralized. Results show there was greater covariate balance as measured by the mean 

absolute standardized difference with subject level appraisal than cluster level appraisal 

(Figure 3.5A). When appraised by cluster, the mean absolute standardized difference was 

similar for both matching (Mdn = .11) and weighting (Mdn = .12), and generally larger 

than the accepted standard of 0.10. When appraised by subject, matching (Mdn = .04) 

consistently outperformed weighting (Mdn = .08). That being said, weighting still 

produced acceptable covariate balance except in the smallest error magnitude condition. 

Overall, the PS methods demonstrated greater covariate balance, thereby a reduction in 

selection bias, compared to the baseline covariate balance from the full unadjusted 

sample. 
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Figure 3.5 

Mean Absolute Standardized Difference (A) and Count of Covariates with a Difference 

<0.10 (B) for 20 Subject and 10 Cluster Covariates 

 

 Beyond the overall mean absolute standardized difference, the treatment and 

control groups were considered balanced if the absolute standardized difference was < 

0.10 for each of the 30 covariates (Figure 3.5B). The median count of balanced covariates 

for the unadjusted baseline measure was 15.3. Covariate balance did not improve much 

over baseline when treatment was appraised by cluster regardless of whether the 

matching (Mdn = 17.2) or weighting (Mdn = 17.2) method was used. The covariate 
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balance increased with subject-level appraisal, but was still largely unsatisfactory in the 

weighting condition (Mdn = 22.2). Only the subject-level treatment appraisal paired with 

the matching method (Mdn = 28.2) produced covariate balance suggesting selection bias 

in the 30 covariates was largely removed from the treatment effect estimation.  

 The second research question explored if covariate balance differed by the quality 

of the aggregated covariates. Generally, as the error magnitude increased, covariate 

balance improved in the PS samples and in the full baseline samples (Figure 3.5A). For 

instance, in the subject appraisal condition with the weighting procedure, the mean 

absolute standardized difference between the treatment and control groups was above the 

accepted threshold of 0.10 at the smallest error magnitude (Mdn = 0.13), but well under 

the threshold at the largest error magnitude (Mdn = 0.05). Based on the data generation 

procedure, the treatment group had systematically higher values for the true cluster 

covariates than the control group. This pattern implies that the added error in the 

aggregated covariates increased the overlap in the distributions between the treatment and 

control groups. In other words, balance between the treatment and control groups 

improved as the aggregated covariates became less accurate proxies for the true 

covariates. The pattern of covariate balance improving as error magnitude increased 

remained for the count of balanced covariates in the subject appraisal condition, but was 

less pronounced in the cluster appraisal condition and non-existent in the baseline 

samples (Figure 3.5B). 

 Regarding contextual factors, the mean absolute standardized difference tended to 

improve as the number of clusters rose from 60 (Mdn = .13) to 100 (Mdn = .09) to 140 
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(Mdn = .08). Likewise, the count of balanced covariates also improved as the number of 

clusters increased from 60 (Mdn = 17.2) to 100 (Mdn = 20.4) to 140 (Mdn = 22.6). 

 Variance Ratio. Covariate balance can also be evaluated by comparing the ratio 

of the variances in continuous covariates between the treatment and control groups. 

Variance ratios < 2.0 were considered acceptable. Across all conditions the variance ratio 

did not exceed 1.5 with the exception of matching on the PS from cluster-level treatment 

appraisal with 60 clusters. Although the median of 1.4 was still acceptable, 12 of the 36 

observations from this combination of factors had values > 2.0. Regarding the 30 

covariates, the count of balanced covariates was high with the baseline samples (Mdn = 

29.6), treatment appraised by cluster (Mdn = 28.8), and treatment appraised by subject 

(Mdn = 29.0).  

 Regarding the second research question, there was a small but consistent trend 

that as the error magnitude increased, the variance ratio improved slightly both overall 

and by count of covariates. At the smallest error magnitude the median variance ratio was 

1.25 (Mdn count = 28.3); at the largest error magnitude the median improved to 1.18 

(Mdn count = 29.3). 

 Taken as a whole, the covariate balance results provide some insights for applied 

researchers. Appraising treatment at the subject-level paired with the matching method 

produced satisfactory covariate balance across all indicators. In other words, selection 

bias was adequately reduced. Conversely, imbalance between the treatment and control 

groups remained in the other conditions. Regarding aggregated covariates, greater 

balance was achieved with lower correlations between the aggregated covariate and its 

true counterpart. Thus, the desire for a closely associated replacement for a missing true 
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cluster confounder may come at the expense of greater difficulty producing equivalent 

treatment and control groups. Lastly, PS samples with more clusters tended to have better 

balance. 

Treatment Effect Estimation 

 The simulation results revealed few differences in treatment effect estimation 

between the PS methods. Rather, the quality of aggregated covariates as replacements for 

the missing true cluster confounders had a greater impact on estimation of the treatment 

effect. At the smallest error magnitude – where the correlation between aggregated and 

true cluster covariates was .92 - .98 – the median bias was 0.04 (Figure 3.6A). This 

constitutes a slight overestimation of the true treatment effect, which was set to 0.50. 

Furthermore, with the sole exception of matching with treatment appraisal by cluster and 

60 clusters (SD = 0.13), there was little variation in the bias (SD < 0.01). When the 

correlation dropped to .62 – .85, still a reasonably high range of correlations, the median 

bias increased to 0.23 (SD = 0.04) across the PS conditions. A bias of 0.23 indicates the 

PS methods, on average, estimated the treatment effect to be 46% larger than the true 

effect. Bias continued to increase as the correlation between the aggregated and true 

covariates decreased. 

 A similar pattern emerged for the estimation precision as measured by MAE 

(Figure 3.6B). At the smallest error magnitude, in the matching with 60 cluster and 

cluster treatment appraisal condition the median MAE (Mdn = 0.55) was higher and 

variation in MAE (SD = 0.21) larger than other PS methods (Mdn = 0.10, SD = 0.03). 

Thus, when the aggregated cluster covariates were correlated with the missing true 

covariates in a range of .92 - .98, the MAE of 0.10 signifies that the mean difference 
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between the true treatment effect of 0.50 and estimated effect was 0.10. As the 

correlations decreased to a range of .62 - .85, the estimation precision also decreased as 

indicated by the higher MAE values (Mdn = 0.24, SD = 0.10). RMSE, which gives 

greater weight to large errors, showed the same pattern with more emphasis on the flaws 

in matching with 60 clusters and treatment appraisal by cluster (Figure 3.6C). 

Figure 3.6 

Treatment Effect Estimation Bias(A), Mean Absolute Error (B), and Root Mean Square 

Error (C) by Propensity Score Method and Error in the Aggregated Covariates 
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Figure 3.7 

Treatment Effect Estimation Bias(A), Mean Absolute Error (B), and Root Mean Square 

Error (C) with Propensity Score Methods by Cluster Dependency (ICC(1)) Condition 

 

 In addition to differences in estimation bias and precision with 60 clusters 

compared to 100 or 140 clusters, the other contextual factor impacting treatment effect 

estimation was the cluster dependency of the aggregated covariates and the subject-level 

outcome as measured by ICC(1). Overall, bias and error increased as ICC(1) increased 

for all PS methods (Figure 3.7). Furthermore, there was an interaction with error 

magnitude in the aggregated covariates. At the smallest error magnitude, the largest 

cluster dependency condition of ICC(1) = .20 had a similar bias (Mdn = 0.04, SD = 0.05) 

to the smallest when ICC(1) = .05 (Mdn = 0.04, SD = 0.03). However, at the largest error 
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magnitude, bias for ICC(1) = .20 (Mdn = 0.54, SD = 0.06) was substantially higher than 

for the ICC(1) = .05 condition (Mdn = 0.31, SD = 0.10). The same pattern held for the 

measures of MAE and RMSE. Thus, poor estimation of the treatment effect when 

aggregated covariates were inferior proxies for missing true cluster covariates was 

compounded in the presence of higher cluster dependency. This trend is particularly 

interesting given that higher cluster dependency of the aggregated covariate values leads 

to higher reliability for the aggregated covariates (see Table 3.2). 

 The treatment effect estimation results revealed possible guidance for applied 

researchers when investigating the impact of a cluster-level treatment exposure on 

subject-level outcomes. With fewer than 100 clusters, appraising treatment at the cluster 

level in the PS model in conjunction with conditioning via matching produces inferior 

estimation accuracy to other PS methods. With more than 100 clusters the choice of 

treatment appraisal level and conditioning method is far less consequential than the 

quality of the aggregated covariates used in the analysis. Only aggregated covariates 

highly correlated (r = .92 - .98) with the missing true cluster covariates yielded 

acceptable estimation. The inaccurate estimation with weakly correlated aggregated 

covariates was exacerbated as cluster dependency in the aggregated covariates and 

subject-level outcome increased. A possible implication is that the efficacy of an 

aggregated covariate as a replacement for a missing true cluster confounder depends 

more on the high correlation between the true and aggregated covariate than the 

reliability of the aggregated covariate. That being said, the simulation design more 

closely imitated a formative aggregation, so the reliability of the aggregated values may 

not be meaningful in this context. 



85 

Discussion 

 When treatment exposure occurs by cluster, yet subject-level outcomes are of 

interest, the literature provides little guidance for navigating the numerous decisions for 

conducting a PS analysis. The simulation in the present study sought to provide applied 

researchers with evidence for appraising treatment at the cluster or subject level when 

specifying the PS estimation model and conditioning on the PS. The primary conclusions 

drawn from the simulation results are: 1) Covariate balance and treatment effect 

estimation improved with more clusters. More than 60 clusters, and ideally at least 100 

clusters, are needed to minimize model non-convergence. 2) Treatment appraisal by 

subject increased covariate balance between the treatment and control groups and 

precision in the treatment effect estimation to a greater extent than treatment appraisal by 

cluster. 3) Matching retained fewer subjects and clusters than weighting, but generated 

greater covariate balance especially when paired with treatment appraisal by subject. 4) 

Aggregated covariates could reasonably replace missing true confounders in a PS 

analysis for estimating a treatment effect only when the correlations between the true and 

aggregated covariates were high (r = .92 - .98). 

 In RCTs, the random assignment mechanism often delineates the level at which 

treatment exposure is appraised. PS methods, which aim to mimic RCTs in 

nonrandomized settings, lack such clarity. The WWC (2020) standards posit that 

treatment should be appraised at the highest level at which all units belong to the same 

condition. At first glance, it then appeared contradictory that the treatment investigated 

by Belfi and colleagues (2016) was a characteristic of clusters (school socioeconomic 

composition), but they defined the probability of treatment as a property of students. All 
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students within a school received the same treatment, so the WWC (2020) standard 

implied the authors should have estimated the PS by school rather than by student. 

Nonetheless, the simulation results here support Belfi et al.’s (2016) approach. In 

contrast, Kelcey’s (2011) investigation of teacher reading knowledge on student reading 

comprehension aligned with the WWC standard. Yet, the results from the present 

simulation suggest covariate balance may have improved if the PS was estimated for each 

student rather than each teacher. 

 When appraising a cluster-level treatment by subjects rather than by clusters, 

another peculiarity arises in scenarios where the baseline covariates are measured in the 

same set of clusters where treatment exposure occurs (e.g., Belfi et al., 2016; Wyse et al., 

2008).5 In this scenario, the PS model must be a single-level model that does not 

explicitly account for cluster dependency via fixed or random effects. The multilevel 

modeling literature is clear that failing to account for cluster dependency, should it exist, 

leads to mis-estimation of standard errors (Feller & Gelman, 2015; Raudenbush & Bryk, 

2002). Yet, there is no clear evidence from simulations with clustered data in the PS 

literature that ignoring the cluster dependency in the PS model adversely affects the 

variance of the treatment effect estimation. Some studies have found multilevel models to 

perform better than more parsimonious models, but the improvement was descriptively 

small (Leite et al., 2015; Thoemmes & West, 2011). Bellara (2013) provided evidence a 

single-level PS model could produce superior covariate balance and treatment effect 

estimation than more complex models. In a simulation study, Li et al. (2013) specifically 

 
5 This is in contrast to studies such as Xiang and Tarasawa (2015) where subjects were nested in one set of 

clusters when baseline covariates were measured, but nested in a different set of clusters when treatment 

exposure occurred. 
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examined the impact of adjusting for cluster dependency in the PS model, outcome 

model, both models, or neither model. Their results suggested that as long as the cluster 

dependency was accounted for in the outcome model, the specification of the PS model 

had little impact on the treatment effect estimation. Consequently, for applied researchers 

investigating the impact of a cluster-level treatment on a subject-level outcome, the 

outcome model needs to account for any cluster dependency, but the PS model can be a 

single-level model containing both subject and cluster covariates. 

 Results from the present study also found that fitting the multilevel outcome 

model directly to the unadjusted baseline sample yielded similar treatment effect 

estimation as the PS methods. This aligns with the results from Leyrat and colleagues 

(2013) who also determined a more traditional regression approach produced smaller 

standard errors of the estimates. They note that a PS analysis is a two-step estimation 

process; first, the PS is estimated followed by estimation of the treatment effect on the 

outcome. The uncertainty in the first step (as demonstrated in Chapter 2) gets carried into 

the second estimation, thus resulting in larger standard errors than a one-step process like 

traditional regression methods. The regression approach also utilizes the full sample. 

Conversely, the results here showed that matched samples tend to be smaller, which leads 

to less precision. 

 Why then should applied researchers bother with the complexities of a PS 

approach? Although traditional regression methods can estimate the treatment effect 

while adjusting for covariates, they do not provide a framework for causal inferencing 

(Rubin, 2001). PS methods are based on the potential outcomes framework (Holland, 

1986; Rubin, 1974). This framework posits that each subject has a unique potential 
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outcome resulting from each possible treatment assignment. The issue for causal 

inferencing is that only one of the outcomes is actually observed. When introducing PS 

methods, Rosenbaum and Rubin (1983) demonstrated that this issue is overcome when 

the average treatment effect is estimated across all subjects and the treatment and control 

groups are balanced on the baseline covariates related to both treatment exposure and the 

outcome (i.e., true confounders). Thus, PS methods can evaluate selection bias and 

enable stronger causal inferences. A regression model alone provides no such evidence. 

That being said, in the context of cluster-level treatment exposure, treatment appraisal by 

subject with the matching method was the only condition in the present simulation that 

yielded sufficient covariate balance to support causal inferencing. 

Utility of Aggregated Covariates 

 Employing aggregated covariates as proxies for missing true cluster confounders 

impacted both covariate balance and treatment effect estimation. When the aggregated 

covariates were weakly correlated with their true counterparts (r = .23 - .44), covariate 

balance improved slightly, but treatment effect estimation was extremely biased. The 

aggregated covariates only became viable proxies in the PS analysis when they were very 

highly correlated (r = .92 - .98) with the missing true confounders. One caveat is that the 

present simulation investigated replacing 10 missing true cluster confounders with 10 

aggregated covariates. Thus, any inaccuracy in the estimation resulting from weakly 

correlated aggregated covariates was compounded tenfold. If only replacing a single 

missing true confounder, it is possible the quality of the aggregated covariate could be 

suboptimal (e.g., r = .62 - .85) and still produce adequate treatment effect estimation. 
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 Of course, in practice if the true confounder is missing, the correlation with the 

aggregated covariate is most likely unknown. Therefore, there should be strong 

theoretical and empirical evidence for using an aggregated covariate as a replacement for 

a missing true cluster confounder. For example, the percent of students receiving 

free/reduced-price lunch is commonly used as a proxy school-level socioeconomic status 

(Harwell & LeBeau, 2010). Conceptually, free/reduced-price lunch eligibility is based on 

the federal poverty guidelines with poverty being a narrow definition of the more 

multifaceted notion of socioeconomic status. Empirically, administration of the 

free/reduced-price lunch program leads the percent of students in a school eligible for the 

program to not only overestimate the true poverty rate on average, but do so 

inconsistently from school to school (Snyder & Musu-Gillette, 2015). Thus, despite the 

prima facie similarities, the theoretical and empirical evidence for using student-level 

free/reduced-price lunch eligibility aggregated by school as a replacement for school-

level socioeconomic status in a PS analysis is insufficient given the findings from the 

present simulation. 

 To explore the utility of aggregated covariates, the simulation design assumed the 

true confounder was missing for all clusters, but there was complete data for the 

aggregated cluster value. Consider if only some clusters are missing the true confounder 

and an aggregated proxy covariate is also available. For instance, the true confounder is 

the proportion of students receiving special education services in a school, but values are 

missing for some schools. Yet, there is a student-level indicator for an Individualized 

Education Program (or IEP) for students within the schools with missing data. Can the 

aggregated cluster value be used to replace the missing value? Evidence from the present 
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simulation suggests the answer depends on the correlation between the true cluster 

confounder and the aggregated covariate. In this instance the correlation can be 

determined. An intriguing line of future research could compare the efficacy of 

aggregated covariates for missing cluster data to other missing data methods, such as 

listwise deletion and multiple imputation. In PS contexts with non-clustered data, 

multiple imputation has been shown to outperform other missing data methods for 

balancing covariates between treatment and control groups and estimation of the 

treatment effect (Cham & West, 2016; Leyrat et al., 2019). However, many questions 

remain in the development of multiple imputation for clustered data (e.g., Enders et al., 

2016), including how to integrate the techniques with PS methods. 

Limitations 

 A number of simulation design features limits the generalizability of the results 

from the present study. First, the simulation mimicked scenarios where baseline 

covariates are measured in the same set of clusters where treatment exposure occurs. In 

Xiang and Tarasawa (2015), for example, the baseline covariates were measured when 

students were in elementary school, but treatment exposure occurred in middle school. 

Thus, the PS model was a multilevel model with random effects for elementary school 

while the outcome model was a multilevel model with random effects for middle school. 

From the medical literature, Leyrat and colleagues (2013) explored another scenario with 

patients clustered within doctors. Their PS simulation mimicked a cluster RCT where 

doctors are randomly assigned to the treatment or control group, but selection bias arises 

when recruiting patients to opt in to the study. Consequently, Leyrat et al. (2013) used a 

true PS model that included both doctor (cluster) characteristics and patient (subject) 
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characteristics despite the treatment exposure being a cluster-level property. This 

scenario might arise in education if, for instance, a diagnostic reading test is added to 

schools’ testing schedule, but students (or their parents) opt out of taking the test. The 

true PS in the present study, however, only used cluster covariates under the assumption 

all subjects within cluster received the treatment or control condition. 

 Additionally, I only compared the effectiveness of one matching and one 

weighting method. There are, however, numerous other matching and weighting 

procedures from which applied researchers could choose (Stuart, 2010). Furthermore, PS 

studies with clustered data have also used stratification (e.g., Kelcey, 2011; Wyse et al., 

2008) and covariate adjustment on the PS (e.g., Tanner-Smith & Fisher, 2016). In a PS 

simulation with cluster-level treatment exposure, Yu (2012) found covariate adjustment 

yielded lower estimation bias than stratification. Nonetheless, comparison of conditioning 

methods has typically been a secondary or tertiary goal in PS simulation studies with 

clustered data. Prioritizing the comparison of conditioning methods across diverse 

contexts in the presence of clustered data would be a valuable contribution to the PS 

literature. 

 There are also a myriad of decision points and contexts in a PS analysis that could 

be explored further when treatment exposure is at the cluster-level, but subject-level 

outcomes are of interest. For instance, the true treatment effect was constrained to be 

homogenous across all subjects. In reality, a treatment may differentially affect certain 

groups of subjects. Future research could focus on expanding PS methods to detect and 

estimate heterogeneous treatment effects in the presence of a cluster-level treatment. 

Doing so would provide unprecedented nuance of the impact of school and district 
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changes to policy and curriculum on students. Relatedly, findings from the present study 

may differ with a substantially larger or smaller true treatment effect. 

Conclusion 

 In the realm of education, changes in policy and instruction are typically 

implemented by classroom, school, or district rather than by individual student. 

Nonetheless, the primary interest is often how the changes impact student outcomes. In 

an RCT, the random assignment mechanism provides a clear indicator of whether the 

treatment and control groups were created by randomly assigning students or clusters of 

students. In nonexperimental studies, which are defined specifically by the lack of 

random assignment, the decision to appraise treatment exposure as a property of clusters 

or subjects is not always clear. Findings from the present study suggest that specifying 

the PS model and conditioning on the PS by subjects, rather than clusters, produces 

superior covariate balance, and thus greater reduction in selection bias. Nonetheless, 

additional research is needed to provide corroborating evidence and further clarity for 

decision-making in applied settings. Results also indicated that when a true cluster 

confounder is missing from a PS analysis, an aggregated covariate can be a viable 

replacement. There are, however, many unanswered questions regarding the quantity of, 

quality of, and contextual conditions under which aggregated covariates improve 

treatment effect estimation. 
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CHAPTER 4 

Empirical Study - School Resource Officers and Student Social-Emotional and 

Academic Outcomes 

Background 

 School security measures have markedly increased over the last two decades. The 

School Crime Supplement to the National Crime Victimization Survey asked a nationally 

representative sample of 12 – 18-year-old students whether their school uses a variety of 

security measures. From 1999 to 2017, students reported a rise in the presence of security 

guards or police officers (54% to 71% of students), locking entrance and exit doors (38% 

to 79%) and use of security cameras (39% to 84%; Musu, et al., 2019; Robers et al., 

2013). Addington (2009) argues the proliferation of information on high profile shootings 

via the rising presence of the Internet and 24-hour news networks ignited parental fears of 

unsafe schools. This pushed governments to provide more funding for security and, in 

particular, school resource officers (SROs). According to the National Association of 

School Resource Officers (2020), an SRO is a “career law enforcement officer with 

sworn authority” who is intended to be a resource to school staff to resolve problems and 

build positive relationships with students in order to provide a safe learning environment. 

In contrast to security guards who are employed by school districts, SROs are uniformed 

police officers who are typically armed. Besides assuaging fear, there is also legitimate 

concern for continued security at schools. Using media reports, the Everytown for Gun 

Safety (2020) database documented at least 550 incidents of gunfire on school or 

university campuses from 2013 – 2019. Given the increasing presence of SROs, high 

quality research on the effects of SROs on the school environment is essential for making 
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informed policy decisions, including allocating funds to the most efficient security 

measures. Utilizing student and school information from a statewide data collection and 

methods for minimizing selection bias, the present study sought to examine the 

association between SRO presence in a school and indicators of students’ social-

emotional well-being and academic performance. 

 Visible security, including SROs, operates under the deterrence hypothesis 

(Tanner-Smith & Fisher, 2016; Theriot & Cuellar, 2016). The deterrence hypothesis 

posits that students, or anyone entering school grounds, will rationally infer that visible 

security measures increase their risk of being caught and punished, thereby decreasing 

the likelihood of committing misbehaviors and violence. By reducing misbehaviors, the 

goal is to increase students’ perceptions of safety and support. Accordingly, when 

students feel safe and supported this is thought to enhance their capacity to engage in 

positive behaviors, especially those related to academic pursuits (Kutsyuruba et al. 2015). 

 Conversely, increased visible security can lead to unintended negative 

consequences. Students may view the presence of SROs as a show of power and control 

that bolsters tension rather than ameliorates fears (Bracy, 2011; Noguera, 2003). With 

locked doors, security cameras, and oft-armed law enforcement agents, students might 

become resentful of their expected passivity in the face of penological conditions. 

Consequently, students may then misbehave as an act of defiance. Authors also contend 

that some SRO actions violate students’ Fourth Amendment right to secure their persons 

and effects from unreasonable searches and seizures without probable cause (Addington, 

2009; Beger, 2003; Theriot & Cuellar, 2016). Lastly, SROs may also undermine the 

authority of teachers and administrators. Situations that would otherwise be handled 
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effectively by school staff become escalated when SROs intervene (Noguera, 2003; 

Weiler & Cray, 2011). Consequently, school misconduct becomes criminalized, which 

can lead to excessive use of force and arrests that establish a ‘school-to-prison” pipeline. 

A holistic evaluation of SROs examining their capability to deter misbehavior without 

creating a negative school environment is imperative, but currently deficient. 

School Security and Student Outcomes 

 High quality studies on the effectiveness of security measures, and SROs in 

particular, to reduce misbehavior and promote a safe learning environment is scant 

(Servoss, 2017; Weiler & Cray, 2011). From the available research, evidence that 

security measures successfully achieve their goals is mixed. Aggregating student self-

reports to the school level, Nickerson and Martens (2008) found a positive association 

between overall level of school security, including SROs, with school disruption and 

crime. Utilizing a multilevel model, Servoss (2017) found that high security schools, 93% 

of which had SROs or other security personnel, reported fewer instances of misbehavior, 

but also lower math and reading achievement scores compared to low security schools. 

SROs and Student Outcomes 

 Parsing the impact of a specific type of security measure compared to overall 

levels of security assists districts and states when making critical policy and funding 

decisions. Students (McDevitt & Panniello, 2005; Theriot & Orme, 2016) and principals 

(May et al., 2004) have largely positive views of SROs. That being said, students also 

express unawareness of SROs’ purpose (Bosworth et al., 2011), remark that SROs make 

little difference on their sense of safety at school (Bracy, 2011; Theriot & Orme, 2016), 

and disapprove of increasing the number of SROs (Brown, 2006). These studies suggest 
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that SROs may not be achieving the goal of fostering productive learning environments 

by improving perceptions of safety. Views toward SROs may also be shifting as cases of 

police brutality have led to public outcry. In response to the killing of George Floyd by 

police officers, the third largest school district in Minnesota terminated its SRO program 

because an SRO presence “did not align with the priorities of the [d]istricts’ equity and 

social emotional learning goals” (Minneapolis Board of Education, 2020). 

 Going beyond perceptions, Brady and colleagues (2007) explored the 

effectiveness of SROs to deter misbehavior when evaluating the New York City Impact 

Schools Initiative. The initiative doubled the number of SROs in 12 schools with the aim 

of reducing violent, chronically disruptive and disorderly behavior. In the first year of the 

initiative, researchers found Impact schools had more non-criminal police incidents, 

higher suspension rates, and lower attendance rates than in the year prior to the initiative. 

Additionally, the Impact schools had worse outcomes than 10 comparison schools. A 

crucial caveat, however, was the Impact schools were selected specifically because they 

had above average misbehavior and below average attendance. In contrast, the 

comparison schools were selected based only on similarity of size and racial diversity 

while other baseline differences were not taken into consideration. 

 Overall, notable gaps in each study of SROs make generalizability of their 

findings unclear. First, most of the studies were qualitative, which provide rich 

description but only from a small number of voices. For the quantitative studies, many 

utilized samples limited in both size and scope. Second, few studies accounted for 

possible contextual differences between schools. Third, most studies were observational, 

making them susceptible to selection bias. 
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Addressing Selection Bias 

 Randomized experiments are often deemed the gold standard for drawing causal 

conclusions because the randomization process, in theory, generates treatment and 

control groups that are similar on all observed and unobserved baseline covariates 

(WWC, 2020). SROs, however, are not typically randomly assigned to schools. 

Furthermore, SRO presence is confounded with a host of covariates that are also 

associated with student outcomes. For instance, high security schools have been 

associated with school size, proportion of minority students, students receiving 

free/reduced price lunch, urbanicity (Kupchik, 2010; Nickerson & Martens, 2008), lower 

parental education, and more students from single-parent homes (Servoss, 2017). 

Consequently, schools with an SRO may serve a different population of students than 

schools without an SRO. While regression approaches can adjust the estimated effect of 

an SRO by student and school characteristics, they do not establish whether the students 

and schools from the SRO and no SRO groups are from the same population. Thus, 

estimates from regression are susceptible to selection bias. Propensity score (PS) methods 

can mimic a randomized experiment by demonstrating that the treatment and control 

groups being compared are probabilistically similar on the observed baseline covariates 

(Austin, 2011; Rosenbaum & Rubin, 1983). PS methods can then be used in conjunction 

with regression to ameliorate selection bias while estimating the effect of SROs on 

student outcomes. 

 Employing PS methods, Tanner-Smith and Fisher (2016) compared schools with 

and without security measures. They conducted two separate analyses, one using only 

school-level information and the other with only student-level data. They estimated the 
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propensity of students and schools following one of 8 patterns of security utilization. 

Four patterns included the presence of security personnel who were not necessarily 

SROs. Results indicated that students attending schools with security personnel as the 

only security measure had lower grades and higher truancy rates than students in schools 

with no security measures or only cameras. At the school level, schools with security 

personnel, cameras, and metal detectors had lower average grades and attendance than 

other security utilization patterns. There were no differences at the school level, however, 

between the security personnel only group and schools with other security patterns. The 

quasi-experimental findings from Brady et al. (2007) and Tanner-Smith and Fisher 

(2016) suggest SRO presence may be associated with increased student misbehavior and 

truancy along with decreased academic performance. 

Present Study 

 Despite the laudable efforts of these researchers, methodological gaps still remain 

in the effort to understand the degree to which SROs succeed in promoting a safe and 

supportive school environment where students can thrive academically and socio-

emotionally. I am unaware of a study comparing schools with and without SROs while 

accounting for selection bias using both school and student characteristics 

simultaneously. Tanner-Smith and Fisher (2016) did so in separate analyses, but not 

simultaneously. Another distinction in the present study is the use of school covariates 

aggregated from student-level information. Some previous quantitative research on SROs 

did not consider the broader school context when evaluating the impact of SROs’ 

presence on students (e.g., Brady et al., 2007; Theriot & Orme, 2016). When school-level 
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information is unavailable, covariates aggregated from student-level data can be used to 

account for school context.  

 In a systematic review of 157 primary studies, 13 non-scholarly works, and 20 

other systematic reviews on school climate, Kutsyuruba and colleagues (2015) formulate 

the argument that a safe school environment and positive student well-being are 

important precursors to students’ academic motivation and performance. Four student 

outcomes were selected for the current study to align with the stance of Kutsyuruba et al: 

students’ sense of empowerment, perception of teacher/school support, commitment to 

learning, and academic performance. The measures of empowerment, which includes 

students’ feelings of safety and being valued, and teacher/school support are most 

proximal to the purpose and actions of an SRO. In their review, Kutsyuruba et al. (2015) 

note that students feel safer in schools where their relationships with adults are respectful 

and caring whereas disciplinary climates lead to feelings of powerlessness, especially for 

minoritized students. Thus, students’ sense of empowerment and perception of support 

are viewed as consequential for their commitment to learning and academic performance, 

the latter of which are the more salient goals for schools. 

 The purpose of the present investigation was to examine the association between 

SRO presence and students’ school-based social-emotional well-being and academic 

performance using PS methods for clustered data. Within this context, however, arises 

the question of whether presence of an SRO should be regarded as a student or school 

characteristic in the analysis. In a simulation setting, results from Chapter 3 indicate that 

appraising SRO presence at the student level in the PS analysis should yield superior 

covariate balance and treatment effect estimation than appraisal at the school level. The 
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present study explores the two approaches in an empirical setting by conducting the 

analysis once with SRO as a student-level characteristic and once as a school-level 

characteristic. 

 1. What association, if any, does SRO presence have on students’ sense of 

empowerment, perception of teacher/school support, commitment to learning, and 

academic performance? 

 2. How, if at all, does covariate balance and treatment effect estimation differ by 

appraising SRO presence (i.e., treatment exposure) as a school or student characteristic in 

the PS analysis? 

Method 

Sample 

 The study was a secondary analysis of multiple large-scale data collections. The 

data source for student information was the 2016 administration of the Minnesota Student 

Survey (MSS). The MSS is a voluntary triennial survey where students in grades 5, 8, 9 

and 11 respond anonymously to a breadth of items about academics, out-of-school 

activities, health, violence and safety, family environment, and risky behaviors 

(Minnesota Department of Education [MDE], 2019a). In each administration of the 

survey, approximately two-thirds of all students in the selected grades and approximately 

half of all public and charter schools in the state participate (MDE, 2019b). The 2016 

administration had a sample of 168,733 students from 1,081 schools. The primary data 

source for school information were the MDE data reports (MDE, 2019b), while 

supplemental school-level covariates were obtained by aggregating the student-level 

information from the MSS and from the 2015-2016 administration of the Civil Rights 
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Data Collection (CRDC) from the Office of Civil Rights (2019). Required of all public 

and charter schools, the CRDC collects information on indicators of education equity to 

monitor and investigate violations of civil rights laws. All three data sources were cross-

sectional in nature with baseline covariates being measured at the same time as treatment 

exposure (i.e., SRO presence). Consequently, PS methods can reduce selection bias in the 

current analysis, but do not enable causal inferences between the presence of an SRO and 

students’ school-based social-emotional well-being and academic performance. 

 Only students in grades 8, 9, and 11, along with the schools they attended, were 

included in the final analysis. Many MSS items assessing baseline characteristics relevant 

to the presence of an SRO and student outcomes were not asked of grade 5 students. 

These pertained primarily to risky behaviors, such as drug and alcohol use. For schools 

serving students in both grade 5 and higher grades, the grade 5 student responses were 

used when available to calculate the aggregated school covariates. Doing so improved the 

quality of the aggregated covariates by increasing the sampling ratio and reliability of the 

school-level values. This left a sample of 126,868 students in 553 schools. 

 Missing Data. Of the 553 schools, 92 (16.6%) initially had missing data on the 55 

school covariates considered for the PS and outcome models. For 62 of those schools, the 

only missing values were from MDE and could be adequately replaced using information 

from the CRDC or MSS. For instance, if the percent of English Language Learner 

students in a particular school was missing in the MDE data, the value from the CRDC 

measure was used.6 Of the remaining 30 schools (5.4% of schools), 21 were charter, 

 
6 The correlation between the MDE and CRDC measures for percent of English Language Learners was r = 

.97 and percent of special education students was r = .62. The correlation between the MDE report and 

MSS aggregated covariate for percent of students receiving free/reduced priced lunch was r = .93. 
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special education, or tribal schools whereas only 9 were traditional public schools. After 

removing these 30 schools, a sample of 124,997 students remained. 

 On 42 student-level covariates and four outcome variables, a total of 26,474 

(21.1%) students had missing data. Students with missing data attended schools with 

SROs at a similar rate to those with complete data (87% to 82%, respectively); however, 

students with missing data were consistently lower on the outcome measures of 

empowerment (d = -0.19), teacher/school support (d = -0.14), commitment to learning (d 

= -0.18), and academic achievement (d = -0.30). Students with missing data were also 

more often non-White (42% to 27%), receiving free/reduced priced lunch (38% to 26%), 

and self-reported being in poor health (d = 0.14). Multiple imputation has been shown to 

outperform listwise deletion under the missing at random assumption in PS analyses with 

non-clustered data (Granger et al., 2019; Leyrat et al., 2019). With clustered data, 

multiple imputation techniques have been developed, but are still in their infancy with 

many unresolved questions (e.g., Audigier et al., 2018; Enders et al., 2016), including 

integration with PS methods. Therefore, missing data was handled with listwise deletion 

here. Given the characteristics of schools and students with missing data, the results from 

this study may not generalize to schools serving special populations and marginalized 

students with lower connections to school. The PS analysis included a final sample of 

98,503 students from 523 schools. Descriptive statistics for the final sample are provided 

in Appendix C. 

Measures 

 Treatment Exposure. The dichotomous treatment exposure was defined as 

whether or not an SRO or similar sworn law enforcement officer was present in a school. 
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On the MSS, students were asked “Is there a police officer or School Resource Officer 

(SRO) at your school?” Students could respond Yes, No, or I don’t know. Responses of I 

don’t know were coded as missing. From the CRDC, schools reported the number of full-

time equivalent sworn law enforcement officers present at school or school events 

regardless of the source of funding for the officer(s). Schools were given a code of 1, 

indicating the presence of an SRO, in one of two ways. First, if schools reported a full-

time equivalency > .2 in the CRDC. This corresponds to one officer being present at the 

school at least one day a week. This was true for 208 (39.8%) of the 523 schools (Table 

4.1). Second, if at least 50% of students in a school responded Yes to the MSS item. Thus, 

for this criterion I am making the assumption that students in grade 8 or higher were able 

to distinguish between an SRO in law enforcement uniform and other school security 

personnel. The 50% threshold reflects the presence of an SRO was noticed by the 

majority of survey respondents within a school. An additional 126 (24.1%) schools met 

the MSS criterion, which brought the frequency of schools with and without an SRO to 

334 (63.9%) and 189 (36.1%), respectively. 

Table 4.1 

Frequency of 523 Schools Meeting Criteria for School Resource Officer Designation 

  CRDC 

  No Yes 

M
S

S
 No 189 8 

Yes 126 200 

Note. CRDC = Civil Rights Data Collection; MSS = Minnesota Student Survey 

 Student Outcomes. Measures of empowerment, teacher/school support, and 

commitment to learning were derived from items on the MSS. The empowerment scale 
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was developed as part of the Developmental Assets Profile from Search Institute (2016) 

and comprised of six items pertaining to feeling safe and valued. These included, “I feel 

safe at school” and “I am given useful roles and responsibilities.” Teacher/school support 

was measured with six items regarding the sense of fairness and caring students feel from 

teachers and school personnel. Example items include, “Overall, adults at my school treat 

students fairly” and “Most teachers at my school are interested in me as a person”. 

Commitment to learning was a 6-item measure of academic related behaviors and 

importance of learning, such as, “How often do you pay attention in class?” and “I think 

things I learn in school are useful.” Each measure was Rasch scaled with resulting values 

transformed so scores ranged from approximately 5 to 15 with a score of 10 indicating 

the midpoint of the scale. Higher values signified greater sense of empowerment, 

teacher/school support, or commitment to learning (see Rodriguez, 2017 for full details of 

construction and psychometric evaluation of these measures). 

 To measure academic achievement, one item on the MSS asked students, “How 

would you describe your grades this year?” Although typically overestimated, evidence 

suggests that self-reported grades are strongly correlated with actual grades (Kuncel et 

al., 2005; Shaw & Mattern, 2009; Sticca et al., 2017). Student responses of Mostly As, 

Mostly Bs, Mostly Cs, and Mostly Ds were given numeric codes of 4, 3, 2, and 1 

respectively. Responses of Mostly Fs, and Mostly Incompletes were coded as 0. None of 

these letter grades was coded as missing data. 

Analytic Procedure 

 Covariate Selection. The first step in the PS analysis was selection of student and 

school characteristics to include in the PS estimation model. The data from each source 
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(MSS, MDE, CRDC) was from a single point in time rather than prior to the introduction 

of an SRO in a school (i.e., treatment exposure). Consequently, covariates that could have 

been impacted by an SRO (i.e., endogenous variables) were removed from consideration, 

such as suspension rates (Kainz et al., 2017). Student covariates were derived from 

responses on the MSS and included demographic variables, participation in out-of-school 

time activities, mental and physical health, drug and alcohol use, postsecondary 

aspiration, and measures of social-emotional wellbeing indirectly related to school 

contexts. The full list is included in the Appendix along with baseline descriptive 

statistics. Most student covariates were dichotomized as being true or not in the last 30 

days. Continuous measures of being bullied, mental distress, social competence, and 

family/community support were constructed following the same process as the outcomes 

(e.g., empowerment). The process is outlined in Rodriguez (2017). 

 As reported by MDE or collected in the CRDC, school covariates included grade 

levels served, charter/magnet designation, urbanicity, student composition, academic 

performance, and presence of support services staff. School covariates also included 

those aggregated from student responses.7 Some covariates were reported from multiple 

sources. MDE, CRDC, and MSS all had measures of school size for example. When this 

situation arose, only one source was used in the PS and outcome models. When available, 

the information from MDE was prioritized followed by CRDC, and lastly the MSS. 

 
7 All of the aggregated covariates were largely formative in nature with a sampling ratio between. .33 and 

.37. As noted in Chapter 2, it is difficult in practice to determine whether a low sampling ratio is an 

indication of poor measurement of school values. As a sensitivity check, the PS analysis was also run 

without the use of aggregated covariates. Compared to the results presented in the paper, the sensitivity 

analysis had slightly worse covariate balance and treatment effect estimates had larger standard errors, but 

did not differ substantially in magnitude. 
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 PS Model Specification. Two PS estimation models were compared, which 

aligned with those examined in Chapter 3. The first – the Cluster Level (CL) model – 

assessed presence of an SRO (Zj = 1) as a property of schools: 

logit(Zj = 1) = γ
0
+ ∑ γ

q
55
q=1 Wqj       (17) 

The single-level model included 55 school-level covariates, Wq, to estimate a unique PS 

for each school j with every student within a school having the same PS. The other model 

– the Subject Level (SL) model – defined the PS as the probability of a student attending 

a school with an SRO: 

logit(Zi = 1) = γ
0
+ ∑ γ

p
Xpi

42
p=1 + ∑ γ

q
55
q=43 Wqi      (18) 

This single-level model produced a PS for each student i based on 42 student 

characteristics, Xpi, and 55 school characteristics, Wqj. The school characteristics were 

treated as student-level covariates, so the j subscript for schools was excluded. Results 

from Chapter 3 indicated that the CL model (Equation 17) and SL model (Equation 18) 

produced similar treatment effect estimation; however, the SL model yielded superior 

covariate balance, indicating greater reduction in selection bias. 

 Conditioning Method. Following estimation of the PS, the SRO (treatment) and 

No SRO (control) groups were equated by school for the CL model and by student for the 

SL model. The matching method that outperformed the weighting method for covariate 

balance in Chapter 3 was utilized here. As one of the more commonly employed 

matching methods (Thoemmes & Kim, 2011; Zakrison et al., 2018), a school (or student) 

with an SRO was paired with a school (or student) without an SRO within a caliper width 

of 0.2 standard deviations of the logit of the PS on a 1:1 basis without replacement using 

a nearest neighbor greedy matching algorithm. 
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 Evaluating Covariance Balance. Covariate balance between the SRO and No 

SRO groups was then assessed on both student and school covariates at the student level, 

which aligns with WWC (2020) standards. To address the second research question, 

covariate balance was assessed for both the CL and SL sample, as well as for the full 

unadjusted sample. As described in Chapter 3, an absolute standardized mean difference 

< 0.10 and a variance ratio < 2.0 are generally accepted as evidence of balance between 

the SRO and No SRO groups (Austin, 2011; Rubin, 2001). 

 Outcome Analysis. The primary research question asked whether students’ sense 

of empowerment, teacher/school support, commitment to learning, and academic 

performance differed based on the presence or absence of an SRO. A descriptive 

comparison was conducted first. The mean and standard deviation of each outcome was 

calculated for the SRO and No SRO groups as well as the standardized mean difference 

between the two groups. The comparisons were calculated on the sample produced from 

each of the two PS model specifications (CL and SL) and the full unadjusted sample. 

 To account for the clustering of students within school, a multilevel model was fit 

for each of the four outcomes. WWC (2020) standards require any covariates with an 

absolute standardized difference > 0.05 between the SRO and No SRO group be included 

in the outcome model. Ho and colleagues (2007) further argue that PS methods pertain to 

study design, so the outcome model used for analysis should be the same regardless of 

whether PS methods were employed. Therefore, the multilevel model included the 42 

student covariates and 55 school covariates in addition to the indicator for presence of an 

SRO and a random intercept for school. The outcome model is represented as: 

Yij = γ
00

+ ∑ γ
p0

Xpij
42
p=1 + ∑ γ

0q
55
q=1 Wqj + γ0 56Zj + u0j + rij    (19) 
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u0j ~ N(0, τ00); rij ~ N(0, σ2) 

where Yij is the outcome for student i in school j, and u0j and rij are the random intercept 

for school and student-level error term, respectively8. Once again, the process was 

repeated on CL sample, SL sample, and full unadjusted sample. In the CL sample and full 

unadjusted sample, the SRO indicator Z was appraised as a school characteristic, which is 

the representation shown in Equation 19. In the SL sample, Z was conceptually a student 

characteristic, which would instead be represented in the model as γ43 0Zij. Nonetheless, 

estimation of the parameter γ for Z is equivalent in both conceptual representations. 

 In PS parlance, given that a matching method was used to condition the SRO and 

No SRO groups on the PS, the multilevel model estimated the average treatment effect 

for the treated. Thus, the regression estimate is interpreted as the expected change in the 

outcome for a student moving from the No SRO group to the SRO group. This 

interpretation implies causality. However, the data for this study were cross-sectional, 

which does not enable causal inferences to be drawn. A more appropriate interpretation 

for the resulting estimate is the association between presence of an SRO and the student 

outcomes while controlling for the other covariates in the model, adjusting standard 

errors for cluster dependency, and reducing selection bias. The ability to quantify and 

adjust for selection bias is what differentiates PS methods from fitting the multilevel 

model to the full unadjusted sample. 

 In addition to evaluating the magnitude and precision of the regression estimate 

from each model, the f2 value of the SRO indicator was calculated. As an effect size for a 

 
8 Model assumptions were checked using QQ plots of the u0j and rij values, scatterplot of u0j and rij values, 

and scatterplot of rij and fitted Yij values. 
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fixed effect, f2 is interpreted as the proportion of variance in the outcome explained by the 

SRO indicator relative to the proportion of unexplained outcome variance. Using 

Equations 4 and 5 from Lorah (2018), calculating f2 also necessitated running the 

multilevel model from Equation 19 once while excluding the SRO indicator and once as 

an intercept-only model (i.e., no covariates nor SRO indicator) for each outcome. 

Results 

Covariate Balance 

 In the full unadjusted sample, an SRO was present in 63.9% of schools, which 

were attended by 82.2% of students (Table 4.2). Matching by student on a 1:1 basis 

constrained the proportion of students attending a school with and without an SRO to be 

equal in the SL sample; however, the proportion of schools differed. Conversely, in the 

CL sample where schools were matched on a 1:1 basis, the proportion of schools with or 

without an SRO was equal, but the proportion of students differed. The CL sample also 

retained fewer total students (n = 29,592) and schools (n = 232) than the SL sample 

(students = 30,464; schools = 436). For reference, the SL sample retained 30.9% of 

students from 83.3 % of the schools in the full sample. 

Table 4.2 

Frequency (Percent) of Size and Balanced Covariates 

 Students  Schools Absolute Variance  
SRO No SRO  SRO No SRO Std. Diff Ratio 

Full 80926 (82.2) 17577 (17.8)  334 (63.9) 189 (36.1) 46 (47.4) 43 (82.7) 

SL 15232 (50.0) 15232 (50.0)  251 (57.6) 185 (42.4) 70 (72.2) 50 (96.2) 

CL 16262 (55.0) 13330 (45.0)  116 (50.0) 116 (50.0) 76 (78.4) 50 (96.2) 

Note. SRO = School Resource Officer; SL= Sample matched by student; CL = Sample 

matched by school (i.e., cluster) 
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Figure 4.1 

Absolute Standardized Mean Difference Between SRO and No SRO Groups in the Full 

and Propensity Score Samples 

 

Note. Solid line indicates standardized difference of 0.10 with the dashed line at 0.25. 

SL= Sample matched by student; CL = Sample matched by school (i.e., cluster). 

 Both the CL and SL samples reduced selection bias compared to the full sample 

by improving the covariate balance between the SRO and No SRO groups. That being 
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said, selection bias was not eliminated as some covariate imbalance remained in both PS 

samples. A summary of the balance for each sample is provided in Table 4.2 and the 

absolute standardized difference for individual covariates is displayed in Figure 4.1. 

 The variance ratio between the SRO and No SRO groups was balanced (< 2.0) for 

only 43 (83%) of the 52 continuous covariates in the full sample. Both the CL and SL 

samples had balance on 50 (96%) of the 52 continuous covariates. The absolute 

standardized difference between the SRO and No SRO groups was < 0.10 for only 46 

(47%) of the 97 total student and school covariates in the full sample. The balance 

improved in the SL sample (70 covariates, 72%) and increased further in the CL sample 

(76 covariates; 78%). These results are contradictory to the simulation findings in 

Chapter 3 where SL samples were consistently more balanced. Although the CL and SL 

samples had better balance than the full sample, the SRO and No SRO groups were still 

unbalanced on over 20% of the covariates. Consequently, selection bias was reduced, but 

not eliminated. 

SRO Presence and Student Outcomes 

 A descriptive comparison of the student outcomes found little difference between 

the SRO and No SRO students (Table 4.3). Using the CL sample for example, students in 

the SRO group reported a mean sense of empowerment of 12.45 (SD = 1.93). This 

indicates that the students, on average, felt safe and appreciated rather than unsafe and 

unappreciated. Students in the No SRO group felt similarly (M = 12.43; SD = 1.93), 

producing a negligible standardized mean difference (d = 0.01). An analogous pattern 

between the SRO and No SRO students manifested across the other outcomes with 

students in both groups, on average, reporting they felt more supported adults in the 
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school than not, were committed to learning, and received mostly B grades. The findings 

were also comparable in the SL sample and full sample. Although still small, the full 

sample consistently had slightly higher standardized mean differences, which could be an 

indication of selection bias. 

Table 4.3 

Mean (Standard Deviation) and Standardized Mean Difference in Student Outcomes 

 Empowerment  Teacher/School Support 

Sample SRO No SRO d  SRO No SRO d 

Full 12.49 (1.92) 12.43 (1.92) 0.03  11.78 (2.21) 11.73 (2.28) 0.03 

SL 12.40 (1.93) 12.43 (1.93) -0.02  11.70 (2.26) 11.72 (2.29) -0.01 

CL 12.45 (1.93) 12.43 (1.93) 0.01  11.73 (2.26) 11.69 (2.30) 0.02 

 Commitment to Learning  Grade Point Average 

Sample SRO No SRO d  SRO No SRO d 

Full 12.19 (1.53) 12.08 (1.55) 0.07  3.22 (0.91) 3.16 (0.94) 0.06 

SL 12.12 (1.53) 12.10 (1.56) 0.01  3.15 (0.95) 3.17 (0.94) -0.02 

CL 12.12 (1.54) 12.10 (1.55) 0.01  3.17 (0.95) 3.17 (0.95) 0.00 

Note. SL= Sample matched by student; CL = Sample matched by school (i.e., cluster); 

SRO = School Resource Officer 

 Results from the multilevel outcome models concurred with the descriptive 

comparison. When controlling for the other covariates in the model and adjusting 

standard errors for cluster dependency, there was no association between the presence of 

an SRO and the student outcomes (Table 4.4). Additionally, the unstandardized 

regression estimate, range of the 95% confidence interval, and f2 estimate, were 

comparable across both the SL and CL samples, as well as the full sample. 
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Table 4.4 

Multilevel Regression Estimate and Variance Explained for School Resource Officer 

Presence on Student Outcomes 

 Empowerment  Teacher/School Support 

Sample b 95% CI f2  b 95% CI f2 

Full -0.02 [-0.05, 0.01] .00  -0.02 [-0.10, 0.06] .00 

SL -0.02 [-0.06, 0.01] .00  -0.01 [-0.09, 0.07] .00 

CL -0.01 [-0.05, 0.02] .00  -0.03 [-0.12, 0.07] .00 

 Commitment to Learning  Grade Point Average 

Sample b 95% CI f2  b 95% CI f2 

Full 0.01 [-0.03, 0.05] .00  -0.02 [-0.05, 0.02] .00 

SL 0.00 [-0.04, 0.05] .00  -0.01 [-0.05, 0.03] .00 

CL -0.01 [-0.06, 0.04] .00  -0.02 [-0.06, 0.02] .00 

Note. b = Unstandardized estimate while controlling for student and school covariates; 

SL= Sample matched by student; CL = Sample matched by school (i.e., cluster) 

Discussion 

 The substantive purpose of this study was to explore the association between the 

presence of an SRO in a school and students’ school-based social-emotional well-being 

and academic performance. The National Association of School Resource Officers 

(2020) states the role of an SRO is to be a resource to school administrators and build 

positive relationships with students in order to provide a safe learning environment. In 

their systematic literature review of school climate, Kutsyuruba and colleagues (2015) 

posit that when students feel safe and supported in their school environment, they have 

greater capacity for academic pursuits which can lead to improved performance. 

However, the present study did not find evidence of SRO presence being associated with 

this process. Specifically, results showed no association between SRO presence in a 

school and students’ sense of empowerment, perceptions of teacher/school support, 
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commitment to learning, and self-reported academic performance. These findings provide 

a notable contribution to the literature on SRO presence in school. The extant research 

was predominantly qualitative studies or based on samples with limited generalizability. 

The present study broadened the scope of the findings by utilizing student information 

from a statewide data collection and school information reported by state and federal 

agencies. Additionally, most previous quantitative work was susceptible to selection bias. 

Although selection bias was not eliminated, the PS methods employed here reduced 

selection bias and demonstrated the extent to which schools with an SRO served a 

comparable population of students as the schools without an SRO. 

 Results from the current analysis also largely aligned with the limited previous 

research. Using survey responses from one school district, Theriot and Orme (2016) 

found that direct interaction with an SRO and even taking a course led by an SRO had no 

association with feeling safe at school. Compared to students who felt unsafe, students 

who felt safe did report more positive attitudes toward SROs, as well as greater school 

connection. Thus, the authors conjectured that the positive attitudes toward SROs might 

be a reflection of students’ general feeling toward school rather than a specific 

relationship between students and SROs. Interviews with high school students also 

revealed that SRO presence had little bearing on their sense of safety (Bracy, 2011). 

Students typically felt their school was already safe and there was little need for an SRO 

or they believed those who would commit a crime would be undeterred by an SRO. 

 Despite falling directly under the purview of an SRO’s purpose in schools, 

research thus far has found little to no association between SRO presence and students’ 

feeling of safety, empowerment, and support. Therefore, it is unsurprising there was a 
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lack of association with the more ancillary commitment to learning and academic 

performance outcomes in the present study. Using national datasets and PS methods, 

Tanner-Smith and Fisher (2016) did find the presence of security personnel was 

associated with lower student academic performance compared to other visible security 

measures. Theriot and Cuellar (2016) note, however, that it is important to distinguish 

SROs from other security personnel. Compared to security guards and other school 

personnel, SROs have sworn authority to conduct searches, make arrests, and share 

information with juvenile courts. Consequently, authors argue that students’ rights can be 

jeopardized (Beger, 2003; Noguera, 2003; Weiler & Cray, 2011). This led to the United 

States Department of Education (2014) adopting guidelines that SROs should receive 

specialized training on child and adolescent development and psychology, age-

appropriate behavioral interventions, and restorative justice techniques. The specialized 

training SROs undergo distinguishes them from other law enforcement agents. Thus, the 

present study extended Tanner-Smith and Fisher’s (2016) work by looking at SROs 

specifically rather than security personnel and security measures more generally. 

 The analysis conducted here also aimed to compliment Tanner-Smith and Fisher 

(2016) from a methodological stand point by further developing the use of PS methods to 

reduce selection bias. Analyzing the student and school levels separately, they found that 

security personnel alone had little association at the school level, but was associated with 

lower academic performance at the student level. In comparison, I used a multilevel 

outcome model to incorporate student and school level information simultaneously and 

found no association between SRO presence and student academic performance. For 

estimating the PS, the PS literature was unclear as to whether SRO presence should be 
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appraised as a student or school-level property. Results from Chapter 3 suggested treating 

SRO presence at the student level would best minimize selection bias. Nonetheless, the 

analysis was run using both approaches as well as once without any PS methods. Both PS 

analyses reduced selection bias, but unlike the findings from Chapter 3, estimating the PS 

and matching by school ameliorated selection bias to a greater extent than estimating the 

PS and matching by student. That being said, the SRO and No SRO groups remained 

unbalanced on some covariates indicating that selection bias was not eliminated. Along 

with the cross-sectional nature of the data, the lingering selection bias means that study 

results evaluated a correlational, and not causal, association between SRO presence and 

student outcomes. 

Limitations and Future Research 

 The utilization of large-scale data collections addressed a generalizability issue in 

previous research, but the nature of a secondary data analysis also meant that some 

assumptions were made regarding data quality. Efforts to ensure data quality included 

checking for values outside of expected ranges, using covariates with low rates of 

missing data, and comparing values for measures reported across multiple datasets. 

Nonetheless, as shown in Table 4.1 when constructing the SRO indicator, there were still 

discrepancies between data sources that imply the findings should be interpreted with 

some caution. Thus, there remains a need for a study that is large in scope, but also 

directly addresses possible effects of SRO presence rather than relying on a secondary 

analysis of previously collected data. 

 Additionally, the current analysis presented an exploration of the association 

between SRO presence and outcomes for a general population of students. In doing so, 
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the analysis estimated the association homogenously across the students. A growing body 

of authors argues that SROs may have a negative impact on certain subpopulations of 

students (e.g., Bracy, 2011; Kutsyuruba et al., 2015). Kutsyuruba and colleagues (2015) 

found through their review that in addition to discriminatory discipline policies by 

gender, sexual, and racial identities, as well as behavioral needs, students from these 

minoritized populations are also more often the victims of bullying and violence. 

Consequently, the guiding principles for school climate and discipline document from the 

United States Department of Education (2014) acknowledges that students of color and 

students with disabilities disproportionately have higher contact with school-based law 

enforcement. For instance, Servoss (2017) utilized a multilevel model and found a cross-

level interaction between the amount of school security and the disparity in attendance 

and disruptiveness between Black and White students. At low security schools, there 

were no racial differences in teachers’ reports of disruptiveness and attendance. In high 

security schools, Black students were more often reported as disruptive and having more 

attendance-related misbehavior than White students. Thus, marginalized students are not 

only more likely to come into contact with SROs either as perpetrators or victims, but 

also feel less safe and supported in their school environment (Kutsyuruba et al., 2015; 

Theriot & Orme, 2016). 

 The present study attempted to make the SRO and No SRO groups comparable by 

including racial and gender identity, experiences being bullied, and exposure to trauma 

among the covariates in the PS estimation model and in the outcome models. 

Nonetheless, the missing data analysis revealed that racial minoritized students and 

students who reported low levels of empowerment, teacher/school support, commitment 



118 

to learning, and academic performance were underrepresented in the sample. 

Consequently, the results may not generalize to students on the academic and social 

periphery of schools. Future research efforts should focus specifically on the effect of 

SRO presence near and interactions with students from vulnerable and marginalized 

populations.  

Conclusion 

 The majority of students in the present study attended a school with an SRO – a 

uniformed and often armed law enforcement agent. The purpose of an SRO is to foster 

positive relationships with students in order to create a safe learning environment. To 

inform policy decisions, it is critical to understand the extent SROs’ are achieving this 

goal. The present study contributed to this understanding while addressing 

methodological and generalizability gaps in the current literature. The results indicated 

that SRO presence in schools was not associated with students’ sense of empowerment, 

perceptions of teacher/school support, commitment to learning, or academic performance. 

While this finding is indicative of a general population of middle and high school 

students, future research needs to focus specifically on how SRO presence may have 

different effects on student populations that have historically been targeted by 

discrimination and school violence. 
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CHAPTER 5 

Conclusion 

 My dissertation explored conceptual and practical issues at the intersection of 

propensity score (PS) methods, clustered data, and aggregated covariates in the context of 

education research. The clustering of students within classrooms, schools, and districts 

presents study design and statistical challenges when attempting to evaluate education 

interventions and reforms. Ideally, the casual impact of any reform would be assessed by 

randomly assigning some students to a treatment condition and other students to a control 

condition. Changes in school policies and practices, however, are often implemented by 

school rather than by student. Therefore, random assignment needs to occur by school 

(i.e., by cluster). The example highlighted in Chapter 1 and investigated in Chapter 4 was 

the effect of a School Resource Officer (SRO) on students’ social-emotional well-being 

and academic performance. Although randomly assigning schools to an SRO or no SRO 

group is theoretically possible, doing so is logistically untenable in practice. Therefore, 

investigating impacts of an SRO on the school environments must rely on nonrandomized 

data. However, nonrandomized studies are susceptible to selection bias. Selection bias is 

present when the students and schools in the treatment group systematically differ from 

the students and schools in the control group. Consequently, causality of the treatment 

(e.g., SRO presence) cannot be parsed from the possible confounding effect of the 

systematic differences between treatment and control groups. 

 PS methods were developed to mimic randomized controlled trials (RCTs) with 

nonrandomized data (Austin, 2011; Rosenbaum & Rubin, 1983). In their seminal paper, 

Rosenbaum and Rubin (1983) demonstrated that under certain assumptions, PS methods 
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can produce unbiased estimation of the treatment effect. However, there are two 

properties of random assignment in an RCT that are particularly useful with clustered 

data and subject-level outcomes. In order for treatment effect estimation to remain 

unbiased in a PS analysis, steps need to be taken to address the absence of a random 

assignment mechanism and the properties it possesses. The simulations in Chapters 2 and 

3 were designed to better inform methodologists and applied researchers on the 

appropriate steps. Chapter 4 then adapted the guidance drawn from the simulation studies 

to a practical problem with real data. 

Appraising Treatment Exposure by Subjects or Clusters 

 The first property informs the appraisal of treatment exposure by subjects or by 

clusters. In an RCT, the level at which random assignment occurs clearly delineates the 

level at which treatment exposure should be appraised. If students are randomly assigned 

to a reading intervention, then some students in a classroom receive the intervention 

whereas other students in the same classroom do not. If classrooms are randomly 

assigned, then every student within a treatment classroom receives the intervention and 

every student in a control classroom receives business-as-usual. Given the absence of a 

random assignment mechanism, the level at which treatment exposure should be 

appraised in a PS analysis can be vague. The ambiguity is most apparent when treatment 

exposure is a property of clusters. On the one hand, every subject within the cluster 

receives the same treatment. The WWC (2020) standard asserts such a study is a 

clustered design with treatment exposure appraised by clusters. This implies the PS 

procedures should entail estimating the PS and conditioning the treatment and control 

groups by clusters. On the other hand, supporting causal inferences with a subject-level 
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outcome necessitates demonstrating treatment and control groups are balanced on subject 

covariates. Doing so requires the PS be estimated for each subject and with conditioning 

also occurring by subject. 

Covariate Balance 

 Treatment appraisal decisions were explored using a simulation study in Chapter 

3 and empirical data in Chapter 4. The simulation was designed so the true probability of 

treatment (i.e., true PS) was entirely due to variation in cluster-level covariates. Yet, 

covariate balance between the treatment and control groups was greater when treatment 

exposure was appraised by subjects in the PS analysis. Thus, the simulation results 

suggested that selection bias was reduced to a larger extent when both subject and cluster 

covariates were included in the PS estimation model. That being said, acceptable 

covariate balance was only achieved when subject-level treatment appraisal was paired 

with the matching conditioning method. Selection bias remained with the weighting 

method and for all conditions where treatment exposure was appraised by clusters. The 

empirical study in Chapter 4 also demonstrated covariate balance issues. In contrast to the 

simulation results, balance between students in the SRO and no SRO groups was slightly 

better with treatment appraisal by clusters. Achieving sufficient balance between the 

treatment and control groups is a necessary antecedent for drawing causal inferences 

from a PS analysis. Therefore, applied researchers are encouraged to use the PS model 

and conditioning method that yields the best covariate balance (Ho et al., 2007; Kainz et 

al., 2017). Results from my dissertation support this guideline. The evidence from the 

simulation and empirical study is not strong enough to declare any combination of 
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treatment appraisal and conditioning method as definitively superior for balancing 

covariates. 

 Comparing covariate balance when a cluster-level treatment is appraised by 

subject or clusters is a promising avenue for future research. The simulation in Chapter 3 

is, to my knowledge, the only simulation study that evaluated covariate balance when 

treatment exposure was a property of clusters in a PS analysis. Previous PS simulations 

with cluster-level treatment exposure only examined impacts on treatment effect 

estimation (Leyrat et al., 2013; Yu, 2012). Generalizability of the findings from Chapter 

3 are of course limited by the constraints placed on the simulation design. Future research 

needs to explore whether challenges balancing treatment and control groups arise with 

different constraints and contexts. One possibility is that covariate balance is uniformly 

more difficult to achieve in PS studies with cluster-level treatment exposure rather than 

exposure by subjects. Even in RCTs, random assignment by clusters presents unique 

challenges that makes selection bias more persistent (Brierley et al., 2012).  

Treatment Effect Estimation 

 The simulation in Chapter 3 found few differences between treatment appraisal by 

subjects and by clusters when estimating the treatment effect. Only with 60 clusters and 

paired with the matching conditioning method did treatment appraisal by cluster produce 

larger variance in the treatment effect estimation. The full sample in Chapter 4 consisted 

of 532 schools. Although matching reduced the number of schools, both PS samples 

contained over 200 schools. Given the number of schools (i.e., clusters), the negligible 

difference in the magnitude and the standard error in the treatment effect estimates 
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between the subject-level and cluster-level treatment appraisal aligned with the 

simulation findings. 

 Regarding treatment effect estimation accuracy, the overarching guideline for 

applied researchers is the importance of having a sufficient number of clusters. The 

simulation in Chapter 2 was designed to explore the sample characteristics generated 

from four procedures for creating aggregated covariates. Specifically, the sample 

characteristics needed to be suitable for a PS analysis of clustered data with treatment 

exposure being a property of clusters. The results of the initial simulation and a follow-up 

simulation revealed that a minimum of 60 clusters were needed for the PS model to 

converge with any consistency. The simulation in Chapter 3 found that with 60 clusters 

convergence issues in the outcome model persisted even after removing the replications 

where the PS model failed to converge. When both the PS and outcome models 

converged, variance in the treatment effect estimation was larger in the 60-cluster 

condition than the 100- or 140-cluster conditions. 

 The minimum viable sample size is an important issue for applied researchers. 

Increasing the number of subjects costs time and money. The findings from Chapters 2 

and 3 suggest the overall number of subjects is less consequential than increasing the 

number of clusters, which aligns with findings from the broader multilevel modeling 

literature (e.g., Maas & Hox, 2005). Nonetheless, a valuable line of future research is 

exploring whether the minimum number of clusters needed for a PS analysis with cluster-

level treatment exposure varies under different conditions. For instance, in my 

simulations the true PS was calculated with 10 covariates and with the PS and outcome 

models containing 10 or 30 covariates. The minimum number of clusters may vary 



124 

depending on how many covariates are used to generate the PS and in the estimation 

models. 

Aggregated Covariates 

 The second beneficial property of random assignment pertains to covariates 

missing from the PS analysis. In an RCT, random assignment is expected to balance 

treatment and control groups on both measured and unmeasured covariates. In the 

presence of clustered data, random assignment should, in theory, balance the two groups 

on covariates at both the subject and cluster level. In contrast, PS methods can only 

achieve balance on the covariates included in the PS model. When a true confounder – a 

covariate related to both treatment exposure and the outcome – is unmeasured, selection 

bias between the treatment and control groups can persist (Imbens, 2004; Rosenbaum & 

Rubin, 1983). With both non-clustered and clustered data, the PS literature has 

established that omitting a true confounder from the PS analysis increases bias in 

treatment effect estimation (Austin et al., 2007; Kainz et al., 2017; Kelcey, 2009; Leyrat 

et al., 2013). Therefore, when a true confounder is unmeasured, PS methods no longer 

support causal inferences. Aggregated covariates have the potential to alleviate this 

pervasive problem. Although aggregated covariates are common in multilevel models for 

clustered data, little is known about their efficacy in PS analyses. 

 Using subject-level information aggregated to the cluster-level, the simulation in 

Chapter 3 determined that aggregated covariates can be a viable proxy for true cluster-

level confounders missing from the PS analysis. However, the utility of the aggregated 

covariates to minimize bias and variance in the treatment effect estimation was highly 

dependent on the correlation between the aggregated covariates and the missing true 
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confounders. Estimation bias and variance was only acceptable with correlations of .92 - 

.98. With 10 true confounders being replaced by aggregated covariates, estimation bias 

and imprecision became concerningly large even with correlations of .62 - .85. 

 Replacing 10 true confounders was intended to represent typical practice in 

applied settings. The number of aggregated covariates commonly used in a PS analysis is 

currently unknown. Nonetheless, a review of non-clustered PS studies found the majority 

of studies included at least 15 covariates (Thoemmes & Kim, 2011). Maintaining the 

unconfoundedness assumption with clustered data presumably requires a larger set of 

covariates. A future study to compliment the Chapter 3 simulation can explore how 

treatment effect estimation is impacted by the number of aggregated covariates included 

in the PS analysis. Furthermore, the simulation did not establish how the poor treatment 

effect estimation when the true and aggregated covariates were correlated between .62 - 

.85 compared to omitting the true confounder without a replacement. 

 The implication from Chapter 3 for applied researchers is the inclusion of 

aggregated covariates in a PS model as a proxy for a true cluster confounder requires 

careful consideration of the theoretical and empirical evidence. In practice, however, 

determining whether an aggregated covariate possesses the necessary measurement 

qualities can be extremely challenging. First, if a true confounder is unmeasured, the 

correlation with aggregated covariate in the available sample will be unknown. Second, 

parsing the degree to which a covariate is a formative or reflective aggregation is often 

imprecise. Consequently, whether measures of cluster dependency (ICC(1)), reliability of 

cluster values (ICC(2)), or sampling ratio should be used to indicate quality of the 

aggregation is rather ambiguous. For instance, an aggregated covariate used in the 
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empirical study in Chapter 4 was the percent of students in each school who reported 

eating at least one fruit and one vegetable on a typical day. The survey item asked 

students about their own behavior, suggesting the subsequent aggregation was formative 

in nature. That being said, for many students, what they eat for lunch during the week is 

dependent on the food served at school. Thus, students’ behavior may be reflective of the 

availability of fruits and vegetables at school. If the type of aggregation is uncertain, how 

should ICC(2) and sampling ratio be interpreted, if at all? A low sampling ratio is not 

commensurate with the sample being unrepresentative cluster population. The results 

from Chapter 3 also suggest that the reliability of the aggregated values has little impact 

on treatment effect estimation. Additional research needs to clarify whether applied 

researchers should concern themselves with indicators of aggregated covariate quality. If 

yes, then how to do so appropriately.  

 Reviewing the literature on the measurement quality and application of 

aggregated covariates also revealed multiple procedures for generating aggregated 

covariates in simulation studies. There was, however, no clear indication of which 

procedure would be most suitable in the context of a PS analysis of clustered data. 

Consequently, before conducting a simulation of PS methods with aggregated covariates 

(Chapter 3), I first needed to explore which procedure for generating aggregated 

covariates produced sample datasets with characteristics amenable to a PS analysis 

(Chapter 2). A primary finding from Chapter 2 is the four procedures generated starkly 

different sample characteristics. Based on their appropriateness in previous studies, all 

four procedures appeared viable at first, but only the Formative-RE procedure met the 

criteria I needed for the Chapter 3 simulation. In contrast, the samples generated from the 
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other three procedures did not possess characteristics representative of education data. 

This finding highlights the importance of checking the comparability of the generated 

samples to the intended real-world context. Unfortunately, Harwell and colleagues (2018) 

found in a review of 677 simulation studies, only 2.2% reported doing so. Although not 

utilized in my dissertation, a common tactic is to base the simulation designs and 

parameter constraints on an empirical dataset. In such cases, the efficacy of the 

simulation conclusions is highly dependent the generated samples sharing the 

characteristics of the empirical dataset. 
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Appendix A 

Effect Size (Partial-ω2) of Association Between Manipulated Factors (Rows) and Sample Characteristic (Columns) 

 

Correlation  Variance  ICC(1) (2) 

Factor L1 Tr L2 Agg L2 Tr-Agg L2  Y L1 Tr L2 Agg L2  Y X X 

Subjects (A) .00 .86 .09 .50  .96 .00 .99 .85  .97 .08 1.00 

Clusters (B) .00 .08 .00 .00  .70 .96 .92 .31  .69 .80 .95 

ICC(1) (C) .00 .83 .11 .87  1.00 .94 1.00 .98  1.00 1.00 1.00 

Error Magnitude (D) .00 -.01 .83 .98  .00 .00 .00 1.00  .00 .00 -.01 

Procedure (E) 1.00 1.00 .97 .97  1.00 .00 1.00 1.00  1.00 .01 .00 

A × B .00 .01 -.01 -.01  .06 -.01 .04 -.01  .03 .09 .85 

A × C .01 .44 .00 .05  .24 .01 .42 .02  .27 .03 1.00 

A × D .00 -.01 .02 .10  .00 .01 -.01 .41  .00 .00 -.01 

A × E -.01 .87 .84 .72  .96 .00 .99 .71  .97 .00 -.01 

B × C .01 -.01 -.01 -.01  .25 .88 .72 .01  .09 .71 .81 

B × D .00 -.01 -.01 -.01  .00 .00 -.01 .16  -.01 .00 -.01 

B × E .63 .02 -.01 -.01  .31 .00 .07 .09  .60 .00 -.01 

C × D -.01 -.01 .08 .44  -.01 .00 -.01 .00  .00 .00 -.01 

C × E 1.00 .83 .83 .42  1.00 .01 .59 .01  1.00 .01 -.01 

D × E -.01 -.02 .92 .94  .00 .00 -.02 1.00  .00 .01 -.02 

 

Continued on Next Page 
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Continued 

 

Propensity Score Estimation % 

Factor Convergence Bias MAE RMSE Treated 

Subjects (A) .00 .57 .01 .03 .62 

Clusters (B) 1.00 .00 .73 .89 .00 

ICC(1) (C) .42 .97 .76 .70 .98 

Error Magnitude (D) .45 .01 .74 .77 .00 

Procedure (E) .32 .09 .66 .69 .23 

A × B .00 .00 .07 .08 .00 

A × C -.01 .27 .00 .00 .22 

A × D .01 .00 .04 .05 .00 

A × E .05 .55 .17 .17 .61 

B × C .32 -.01 .07 .10 -.01 

B × D .44 .00 .50 .49 .00 

B × E .35 .00 .40 .38 -.01 

C × D .04 -.01 .14 .17 -.01 

C × E .05 .43 .21 .23 .57 

D × E .17 .00 .51 .53 -.01 

Note. Strict interpretation of the values is not advised because of violations of ANOVA assumptions. Values are intended to provide a 

rough indicator of the possible association with the dependent variable. L1 = 20 Level 1 Covariates; L2 = 10 Level 2 Covariates; Y = 

Outcome; X = 10 Level 1 Covariates aggregated to Level 2; Tr = True; Agg = Aggregated; ICC = Intraclass Correlation; MAE = 

Mean Absolute Error; RMSE = Root Mean Standard Error; Bold indicates large effect size (> .14). 
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Appendix B 

Effect Size (Partial-ω2) of Association Between Manipulated Factors (Rows) and Dependent Variables (Columns) 

 
      Tr-Agg   Baseline Samples 

 
Convergence Rate Number of 

L2 

Corr- 
Agg ICC ASD VR 

Factor PS Y Baseline Subjects Clusters elation (1) (2) Mean Count Mean Count 

Subjects (A) .02 .00 .33 .98 .05 .95 .54 1.00 .97 .99 .87 .26 

Clusters (B) .52 .13 .41 .96 .98 .01 .31 .53 .97 .99 1.00 .99 

ICC(1) (C) .15 .01 .06 .03 .04 1.00 1.00 1.00 .98 .99 .70 .66 

Error Magnitude(D) .48 .03 .54 .30 .44 1.00 .83 .67 .97 .48 .48 .42 

PS Model (E) .00 .08 .00 .01 .86 .00 .24 .06 .17 .23 .00 .00 

Conditioning (F) .00 .16 .00 .96 .93 .69 .93 .86 .00 .00 .00 .00 

A × B .04 -.01 .06 .87 -.01 -.01 .00 .24 .36 .80 .25 .04 

A × C -.01 -.01 .24 .00 -.01 .81 .01 .99 .80 .95 .01 .14 

A × D .04 -.01 .27 .07 .01 .75 .15 .44 .40 .07 .05 .02 

A × E .00 .00 .00 .00 .03 .00 .02 .08 .01 .01 .00 .00 

A × F .00 .00 .00 .89 .02 .02 .35 .72 .00 .00 .00 .00 

B × C .26 .00 -.01 -.01 -.01 -.01 .22 .10 .02 .41 .11 .22 

B × D .65 .14 .08 .00 .01 -.01 .15 .10 .68 .53 .51 .46 

B × E .00 .09 .00 .00 .39 .00 .01 .01 .10 .11 .00 .00 

B × F .00 .06 .00 .70 .48 .00 .00 .16 .00 .00 .00 .00 

C × D .23 .00 .04 .05 .05 .98 .55 .04 .58 .43 .27 .18 

C × E .00 .00 .00 .00 .00 .00 .11 .00 .09 .10 .00 .00 

C × F .00 .01 .00 .00 .00 .00 .79 .28 .00 .00 .00 .00 

D × E -.01 .06 .01 -.01 .00 .00 .16 .03 .06 .13 .00 -.01 

D × F -.01 .04 -.01 .10 .24 .32 .56 .51 -.01 -.01 .00 .00 

E × F .00 .08 .00 .01 .86 .00 .17 .05 .00 .00 .00 .00 

 

Continued on Next Page 
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 Propensity Score Samples  Baseline Samples 

 ASD VR Estimation  Estimation 

Factor Mean Count Mean Count Bias MAE RMSE  Bias MAE RMSE 

Subjects (A) .46 .52 .00 .02 .61 .32 .00  .93 .94 .95 

Clusters (B) .88 .89 .01 .98 .00 .24 .11  .00 .42 .78 

ICC(1) (C) .78 .81 .00 .08 .62 .44 .02  .94 .96 .97 

Error (D) .72 .68 .00 .86 .97 .82 .00  1.00 1.00 1.00 

PS Model (E) .95 .97 .01 .68 .00 .09 .05  .00 .00 .00 

Conditioning (F) .79 .78 .01 .12 .00 .10 .05  .00 .00 .00 

A × B .00 .00 .00 -.01 -.01 -.01 -.01  -.01 -.01 .00 

A × C .01 .04 .01 .00 .09 .03 -.01  .56 .58 .60 

A × D .00 .00 .00 .05 .54 .17 .00  .91 .91 .91 

A × E .00 .02 .00 .00 .00 .00 .00  .00 .00 .00 

A × F .01 .02 .00 .00 .00 .00 .00  .00 .00 .00 

B × C .00 .00 .00 .00 .01 .02 .00  -.01 .03 .10 

B × D .00 .04 -.01 .18 -.01 .16 .07  -.01 .33 .15 

B × E .48 .38 .01 .33 .00 .13 .10  .00 .00 .00 

B × F .01 .01 .01 .24 .00 .13 .10  .00 .00 .00 

C × D .16 .21 .00 .22 .57 .10 -.01  .92 .89 .88 

C × E .34 .34 .00 .00 .01 .01 .00  .00 .00 .00 

C × F .21 .22 .00 .00 .01 .01 .00  .00 .00 .00 

D × E .27 .47 .00 .03 .00 .05 .03  -.01 -.01 -.01 

D × F .55 .48 .00 .08 .00 .06 .03  -.01 -.01 -.01 

E × F .75 .84 .01 .66 .00 .09 .05  .00 .00 .00 

Note. Strict interpretation of the values is not advised because of violations of ANOVA assumptions. Values are intended to provide a 

rough indicator of the possible association with the dependent variable. Y = Outcome; Tr = True; Agg = Aggregated; ICC = Intraclass 

Correlation; PS = Propensity Score; MAE = Mean Absolute Error; RMSE = Root Mean Standard Error; Bold indicates large effect 

size (> .14). 
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Appendix C 

Covariate Descriptive Statistics in Full Sample 

 Mean (SD) or %  
Total SRO No SRO 

Student - Demographics    

8th Grade 37 34 49 

9th Grade 35 36 28 

11th Grade 29 30 23 

Female 51 51 50 

American Indian 1 1 1 

Asian 6 6 3 

Black 5 5 3 

White 72 71 78 

Multiracial 7 7 7 

Latinx 9 9 9 

Special Education 9 9 11 

Free/Reduced Lunch 26 25 28 

Student – Out-of-School Time    

Sports Team 59 58 62 

School Club 27 27 27 

Community Club 9 9 12 

Tutoring 12 13 10 

Leadership 13 13 13 

Artistic Lessons 21 21 21 

Physical Lessons 25 25 24 

Religious Activity 37 36 43 

Student – Mental & Physical Health   

Experienced Trauma 37 37 39 

Bullied 6.99 (1.34) 6.96 (1.34) 7.11 (1.36) 

Mental Distress 7.02 (1.37) 7.03 (1.37) 7.02 (1.36) 

Positive Identity 11.13 (1.87) 11.14 (1.87) 11.09 (1.85) 

Social Competence 11.38 (1.63) 11.4 (1.64) 11.24 (1.61) 

Family/Community Support 12.29 (1.85) 12.3 (1.85) 12.27 (1.84) 

College Aspiration 80 81 77 

Safe Travel 97 97 97 

Poor Health 1.11 (0.93) 1.10 (0.93) 1.12 (0.92) 

Sick 3 Days 9 9 9 

 

Continued on Next Page 
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 Mean (SD) or %  
Total SRO No SRO 

Skipped Meal 4 4 4 

Eat Produce Daily 34 34 30 

Sleep 8 Hours Daily 38 37 44 

Student – Risky Behaviors (in last 30 days)   

Skipped Class 16 16 14 

Gambled 32 32 32 

Vandalized 12 12 13 

Stole 9 9 8 

Smoked Cigarette 5 4 6 

Smoked eCig 10 10 8 

Smoked Marijuana 8 9 6 

Drank Alcohol 14 14 14 

Took Rx 5 5 4 

School - Characteristics    

Total Students 1137.9 (708.8) 1281.0 (692.4) 479.2 (283.1) 

Includes 5th grade 5 4 9 

Includes 8th grade 51 44 86 

Includes 9th & 11th grade 72 72 72 

Charter/Magnet 7 8 3 

Urban 52 57 27 

% Female 0.49 (0.02) 0.49 (0.02) 0.48 (0.03) 

% American Indian 0.01 (0.06) 0.01 (0.06) 0.01 (0.04) 

% Asian 0.06 (0.07) 0.06 (0.07) 0.03 (0.05) 

% Latino 0.07 (0.08) 0.07 (0.07) 0.07 (0.1) 

% Black 0.07 (0.09) 0.08 (0.09) 0.04 (0.08) 

% White 0.76 (0.19) 0.74 (0.20) 0.83 (0.17) 

% Multiracial 0.03 (0.02) 0.03 (0.02) 0.02 (0.02) 

% Free/Reduced Lunch 0.31 (0.17) 0.30 (0.17) 0.34 (0.15) 

% Special Education 0.13 (0.03) 0.12 (0.03) 0.14 (0.04) 

% Eng. Lang. Learner 0.04 (0.06) 0.04 (0.06) 0.03 (0.06) 

School – Out-of-School 

Time 
   

% Sports Team 0.58 (0.09) 0.57 (0.08) 0.61 (0.09) 

% School Club 0.27 (0.07) 0.27 (0.07) 0.27 (0.08) 

% Community Club 0.10 (0.04) 0.09 (0.03) 0.12 (0.06) 

% Tutoring 0.13 (0.06) 0.13 (0.06) 0.10 (0.06) 

% Leadership 0.13 (0.04) 0.13 (0.04) 0.13 (0.05) 

% Artistic Lessons 0.21 (0.05) 0.21 (0.05) 0.21 (0.07) 

% Physical Lessons 0.25 (0.08) 0.25 (0.08) 0.24 (0.10) 

% Religious Activity 0.36 (0.10) 0.35 (0.09) 0.41 (0.12) 

Positive OST Experiences 11.16 (0.35) 11.18 (0.34) 11.07 (0.35) 

Continued on Next Page 
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 Mean (SD) or %  
Total SRO No SRO 

School – Mental & Physical Health   

% Experienced Trauma 0.37 (0.09) 0.37 (0.08) 0.40 (0.09) 

Bullied 7.01 (0.23) 6.99 (0.23) 7.14 (0.22) 

Mental Distress 7.03 (0.18) 7.03 (0.16) 7.03 (0.26) 

Positive Identity 11.10 (0.31) 11.11 (0.30) 11.06 (0.34) 

Social Competence 11.35 (0.36) 11.37 (0.34) 11.22 (0.4) 

Family/Community Support 12.27 (0.36) 12.27 (0.36) 12.26 (0.38) 

% Safe Travel 0.96 (0.03) 0.96 (0.03) 0.96 (0.02) 

Poor Health 1.12 (0.15) 1.12 (0.14) 1.13 (0.16) 

% Sick 3 Days 0.09 (0.03) 0.09 (0.03) 0.09 (0.03) 

% Skipped Meal 0.05 (0.02) 0.05 (0.02) 0.04 (0.03) 

% Eat Produce Daily 0.33 (0.07) 0.34 (0.07) 0.30 (0.07) 

% Sleep 8 Hours Daily 0.39 (0.12) 0.37 (0.11) 0.46 (0.11) 

School – Risky Behaviors (in last 30 days)   

% Skipped Class 0.17 (0.08) 0.17 (0.08) 0.15 (0.07) 

% Gambled 0.32 (0.05) 0.32 (0.05) 0.32 (0.07) 

% Vandalized 0.12 (0.04) 0.12 (0.03) 0.13 (0.05) 

% Stole 0.09 (0.04) 0.09 (0.04) 0.08 (0.05) 

% Smoked Cigarette 0.05 (0.04) 0.05 (0.03) 0.06 (0.05) 

% Smoked eCig 0.10 (0.06) 0.10 (0.06) 0.08 (0.06) 

% Smoked Marijuana 0.08 (0.05) 0.09 (0.05) 0.06 (0.04) 

% Drank Alcohol 0.14 (0.07) 0.14 (0.06) 0.14 (0.07) 

% Took Rx 0.05 (0.02) 0.05 (0.02) 0.04 (0.03) 

School - Academics    

% College Aspiration 0.78 (0.07) 0.79 (0.07) 0.75 (0.08) 

% Proficient - Math 0.55 (0.16) 0.56 (0.15) 0.53 (0.16) 

% Proficient - Reading 0.61 (0.12) 0.62 (0.12) 0.58 (0.12) 

School - Resources    

Teacher Absences 0.33 (0.20) 0.34 (0.19) 0.27 (0.21) 

Student/Teacher Ratio 17.06 (3.43) 17.56 (3.30) 14.74 (3.03) 

Security Guard 19 23 4 

Counselor 95 97 86 

Nurse 89 93 74 

Psychologist 73 77 56 

 


