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Abstract
THE APPLICATION OF PROPENSITY SCORE ESTIMATES IN HIERARCGIAL LINEAR
MODELS FOR CAUSAL INFERENCE
by

Patricia A. Eckardt

Advisor: David M. Rindskopf, Ph.D.

This research investigated a causal estimate of the impact of zeradelepdicy
adoption on individual students’ cognitive outcomes by modeling multilevel propensigy sco
estimates within a potential outcomes framework. This estimate wasesbtaimg a large,
nationally representative non-experimental sample. Proponents of zero tofevhogassert
that the mandatory expulsion of students for listed offenses leads to a learningreewirthat
supports cognitive growth for the remaining students. Results indicated thaileeande

policies do not have the desired positive effect on not-at-risk students’ cognitieenestc
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Propensity Score Estimates in Hierarchical Models 1

CHAPTER I: INTRODUCTION

In 1989 school districts in California, New York, and Kentucky decided to institate “z
tolerance” policies, and began mandated expulsion of students (defined as suspensoa for m
than 15 days) for gang-related activity, such as drug possession and sales pamd wea
possession. By 1993, zero tolerance policies had been adopted across many stateS.in the U
and were often expansive in translation to now include smoking and school disruption among the
list of zero tolerance offenses (Skiba & Knesting, 2001).

Zero tolerance became national school policy with the signing of the GunSéheels
Act of 1994 by the Clinton Administration. The law mandates a one- calendaixpedsien for
possession of a firearm, and the referral of law-violating students to thearjostice system.
The National Center on Educational Statistics reported that between 79% and 94&olsf sc
nationally implement zero tolerance for at least one serious infracti@vi@te, Rowand,
Williams, & Farris, 1998).

Questions have been raised regarding the effect of zero tolerance policy osstude
cognitive outcomes. These questions of policy impact concern non-expelled studertass we
expelled students in all schools (Ewing, 2000, Skiba & Peterson, 1999).

Chapter Il provides a description of the major methodological challenges imstudy
zero tolerance policy effects, and foundational definitions of the methodologeécassal
inference in potential outcomes framework, propensity score estimates, andHeal linear
modeling). In Chapter Il the sample is introduced, an overview of the analysis &y the
causal questions of interest are given, and framework for modeling causatestis described.
Chapter IV provides results of modeling and analyses. Chapter V discusdeationd of

analyses, and suggests further research.



Propensity Score Estimates in Hierarchical Models 2

CHAPTER II: REVIEW OF THE LITERATURE

A. Zero Tolerance Policy and Major Methodological Challenges

When measured in the policy literature, zero tolerance treatment varidltgerest are
operationally defined as expulsion from school for serious violations, such as drugsmrsse
and sale, and weapons possession and use. Some school administrators considerrthe broade
inclusion of violations such as any fighting, violence, or tobacco and alcohol use @spmsse
The analysis conducted will consider the narrowest and original definition ofateranice
policy, which is limited to mandatory expulsion for student drugs or weapons infractions

The limitation of a simple analysis measuring student outcomes afterierpalthat
student expulsion occurs at the individual level and is not the treatment variableesitime
zero tolerance policy research. Students are expelled in both zero tolerdmomaero
tolerance policy schools alike. Zero tolerance policy is adopted at the $ebelol-Students
attend a zero tolerance school or not. When examining the treatment variablenditidual
level, the researcher is answering questions regarding the effects diexpabt the effects of a
zero tolerance policy adoption. For zero tolerance policy causal efidmsaistimated, the
adoption of policy at the school-level needs to be included in the model.

The zero tolerance outcome variable of interest here is students’ cogeitisemance.
The disciplinary strategy that has come to be known as zero tolerance is based bef tihate
the removal of disruptive students (even if for a limited time) is not only eféebtit to a certain
extent necessary to preserve the integrity of the learning environment (280@). Thus, it
makes sense to explore the causal relationship between school discipline ap@odctedent
cognitive outcomes. This argument is based on the belief that a student’s cognitbreeocan

be affected by the expulsion of other students, and what happens to individual students could be
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a mediator from that policy. A consideration of this belief will be modeled in the @dpos
analysis.

The analyses in the zero tolerance policy literature are limited. MudtiptBes (Rausch
& Skiba, 2004; Skiba & Peterson, 1999; Skiba, et al., 2003) reported descriptive statistics fr
observational data obtained from federal and state reports and small to mazdeate s
observational studies. The most recent independent published studies continue to examine the
guestion of zero tolerance without the most appropriate methodology to answer castsahsjue
Feda (2008) conducted an observational study that analyzed teacher assatitinrtoetaro
tolerance security measures and implementation, but did not account for non randomness of
treatment assignment or address the hierarchical nature of the policynengd¢ion. Farrell
(2005) applied hierarchical analyses to zero tolerance survey data. Howenadl (Fa05) did
not use the natural grouping of students within schools as the nested structurbgbut rat
constructed artificial groupings by behavior infractions and levels of caurexds, creating a
latent variable analysis rather than modeling the non- independencestfdkat within-
schools observations.

The position taken here is that there is a lack of appropriate modeling in the current
literature of the non-experimental multi-level data used to examine zerartoé policy.

Previous research has been an attempt to measure both a treatment (expelled or not
expelled) and the effects of these policies (cognitive outcomes) at theliralistudent-level,
thereby not accounting for the actual treatment assignment of interest, agbptbn of zero
tolerance policy. If the treatment variable of interest (zero toleranmy oloption) is not
measured at the level of assignment (school-level) accurate cstisates will not be made.

Furthermore, if non random treatment assignment at the group and individual level is not
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considered in the assumptions and modeling, the causal estimates produced mayglbe bias
Lastly, the potential influence of peer treatment on individual students’ outcweds to be
considered in the model.

Appropriate methodologies to answer the causal inference questions aboutezancéol
educational policies, and key terms and definitions associated with the methaxlakeglan
this analysis, are outlined in the next subsections.

B. Propensity Score Estimates

The lack of randomization of school policy adoption and of students’ assignment to
specific schools are inferential limitations of educational research invalis@al settings. In an
experiment, the assignment of treatments to subjects is controlled by thenexper, who
ensures that subjects receiving different treatments are comparabledsesvational study,
this control is absent due to ethical, political, social or logistic opposition to raratemibf
treatment assignment. In the latter case, the investigator does not ¢enassignment of
treatments and cannot ensure that similar subjects receive diffesnténts (Rosenbaum,
2002). Love (2004) describes the situation as wanting to compare groups who looked similar
before they were exposed to treatments. One commonly used method of controlling for
systematic differences involves grouping units into subclasses based on obkaraeteastics,
and then directly comparing only treated and control units who fall within the samassubcl
The use of the stratification methodology is limited. When the number of observeatesyari
increases, the number of subclasses grows exponentially. Consider the lcasdgywiito
categories per covariate, so that there &iiBclasses for p covariates. If p is moderately large,
some subclasses will contain no units. For example, if there are 10 such dichatovaoises

used in an analysis, then there af%=21,024 subclasses of those covariates. Many subclasses
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will contain either treated or control units, but not both, making it impossible to forntigirec
adjusted estimates for the entire population (Rosenbaum & Rubin, 1984).

One approach to solving this problem involves the use of propensity scores. The
propensity score is defined as the conditional probability of assignment to thestnegroup
given a set of observed pretreatment variables (Rosenbaum & Rubin, 1984). The propensity
score takes multiple covariates and creates a single covariate, the pycgeene, for each unit
in the study. The propensity score summarizes the information required to lhknce
distribution of the covariates. Specifically, subclasses formed from the poabeensity score
will balance all p covariates. For a binary treatment measure (such @ieaaddzero tolerance
or not), the joint distribution of all of the observed pretreatment covariates mcédlbetween
the two treatment groups given the propensity score. However, the purpose of the fgropensi
score is not to balance covariates, it is to assign probability to control andetneatmts. The
propensity score is constructed based on the probability of that particular uniabgigged to
the treatment condition in the study, given all of its covariates (Gelmar 396).

When propensity score estimation is used with observational data, the only assumpti
necessary to interpret the estimates causally is the assumption of ityosabieatment
assignment. Ignorability of treatment assignment can be assumetthd etivariates that affect
the treatment assignment have been accounted for, so that there are no unobseragescovari
that will affect the estimates. If ignorability holds, one can obtain unbtasanent effect
estimates. If the assignment of schools to a zero tolerance policy or nonlegande policy is
ignorable (given the observed school-level pre-treatment covariates), thémasan of the
propensity score, an unbiased estimate of a school propensity for selectiogaderance

policy can be made. In the same way, if the expulsion or non expulsion of students under zero
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tolerance school policy or non-zero tolerance school policy is ignorable thigebserved
student-level and school-level pretreatment covariates, then student propehbiieg)
retained within a school can be estimated with the constructed school-levaldent-gevel
propensity scores.

In this analysis of non experimental data, a school’s adoption of a zero tolpddicgas
a school- specific process that depends on pretreatment covariates; sthladgision to expel
a student depends on pretreatment covariates at the student and school-leveltolaraace
research theory, a school’s adoption of a zero tolerance policy is assoa@atgdwith school
characteristics, such as school policies and procedures concerning disaijotimestaator
philosophies and behaviors, and staff beliefs and behaviors. Likewise, a child’s lgsobibi
being expelled is likely to be associated with his or her behavioral histonggdaphic
characteristics, cognitive functioning, emotional and social development, and pievmeas
community, and school disciplinary experiences (Skiba, et al., 2003, Skiba & Knesting, 2001).

Using the joint distributions of the school-level covariates and aggregated deagnt
covariates that influence adoption of zero tolerance policy, and the studenoleehtes that
influence a child’s probability of being expelled, to estimate propensitgsfor assignment to
treatment will theoretically allow one to make causal inference aboat/trage effects of these
two treatments, if ignorability can be assumed. The naturally nestetustratthe data was
also considered in the modeling.

C. Hierarchical Linear Modeling

Hierarchical linear modeling (HLM), also known as multi-level modeling, can bgltou
of in two equivalent ways. One can think of multilevel modeling as a genem@hzdtiinear

regression where the intercepts, and possibly slopes, are allowed to vaoyby Bguivalently,
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one can think of HLM as a regression that includes a categorical input variabkptiesents
group membership (Gelman & Hill, 2006). The interest in multilevel models in énhaat
research comes from the fact that independent variables are often meaaurgphar level of
aggregation than is the outcome variable of interest. (Garner and Raudenbush, 1991).
Also, because these models explicitly consider the clustering of individiihis the
higher level school units, they do not violate the assumption of independence of observations as
ordinary least squares analysis does if used to analyze hierarchicalaladarfRush and Bryk,
2002). The assumptions of hierarchical linear modeling include linearity (functoomed are
linear at each level); normality (level-1 residuals are normallyilbliged and level-2 random
effects have a multivariate normal distribution); homoscedasticityl{lexesidual variance is
constant) and lastly independence (level-1 residuals and level-2 residualscarelated and
the observations at highest level are independent of each other). The assumptenasabii¢al
linear modeling are plausible with much educational data (such as samgliedenfts grouped
within classrooms), making hierarchical linear modeling a commonly useddprecamong
educational researchers (Hong & Raudenbush, 2006; Hong & Yu 2008; Raudenbush, 1993).
To answer zero tolerance policy causal questions, in addition to considering the
hierarchical structure of the data and the cross level assignment meglibaipassible
influence of peer treatment on individual students’ potential outcomes needs to berednside

D. Causal Modeling in a Potential Outcomes Framework

Rubin’s (1974) counterfactual causal model approaches causal modeling with a
fundamental assumption of potential outcomes (Angrist & Pischke, 2008; Rosenbaum, 2002;
Rubin, 1974). This theory asserts that there is one potential outcome assochatathvit

treatment a subject may receive. For the following example, Y denotes an indsuidjget’s
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potential outcome, and Z denotes treatment assignment. If there aréetwataltreatments (a
binary treatment condition), then each subject has two potential outcomes, redresente
commonly in the potential outcomes literature as Y (0) and Y (1). Spegifi¥al0) is the
outcome for a subject who does not receive the treatment (i.e. Z=0); w(ii)asrthe outcome if
the subject does receive the treatment (i.e. Z=1). However, one never getxe bbgh of
these potential outcomes, as the subject only can receive one treatmenirae ¢Reibbin,
2004). Therefore one can never estimate the causal effect Y (1) — Y (0) fonaduaklibut
only an average effect for a group of people.

In a randomized experiment, one can use the observed outcomes of the subjects in the
sample to estimate an average treatment effect conditioned on treassigned. An unbiased

estimate the average treatment effect E(I¥-Y; (0)] = E [Y; (1)] - E [Y; (0)] within an

observed population sample is the difference in observed outcomes in the two distimarite
groups. Therefore in a randomized experiment, if Z stands for treatmemrasst, then the

average treatment effect E[Y)] - E[Y;(0)], can be estimated as E[Y)] = E[Y{(1)|4=1] and
E[Y;(0)] = E[Y;{(0)|4=0] . One can then obtain an unbiased estimate of the average treatment
effect by estimating E [i¥(1)] with Y,_, and E [¥ (0)] withY,_, .

The assumptions of the potential outcomes model are ignorability of treatment
assignment and stable unit treatment value. Treatment assignment iblgmdran the
potential outcomes are independent of the treatment variable (Rubin, 2004). The stable unit
treatment value (SUTVA) is the assumption that there is only one potential outmoeae!h
school associated with the policy it adopted, with no effect on an individual school’s @otenti

outcome due to the policy the other schools adopted, or how that school’s specific policy was

decided (Rubin, 1986). Given that the assumptions for Rubin’s counterfactual model of potential
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outcomes hold, then (within a one-level model) the definition of a student- level sféatigly

the difference between the outcome of the student if the student was expelled ancotine dut

the student was not expelled. Rubin (1990) cautioned that SUTVA becomes problematic when

educational treatments are given to children who interact with one another.

In particular, zero tolerance policies are grounded in the belief that freatment

assignment will influence other students’ potential outcomes. If students bebadiggeceive
swift punishment by removal from the classroom, a less disruptive environmezdriong
should be created, which in turn should promote positive cognitive outcomes for the rgmainin

students.
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CHAPTER lll: METHOD

A. Sample Used in Analysis

The National Longitudinal Study of Adolescent Health (Add Health) is a longaldi
study of a nationally representative sample of adolescents in gradea th&2Jnited States that
began during the 1994-95 school year. The Add Health cohort has been followed into young
adulthood with four in-home interviews, the most recent in 2007-2008, when the sample was
aged 24-32. In Wave |, Stage | the individual adolescent subjects were randectydsiEom a
stratified sample of all high schools in the US that met the eligibilitgraiof at least 30
students in the school and™@grade in the school; and from feeder schools (middle or junior
high schools) that had a grade 7. The subjects consisted of 90,118 adolescent studants wit
accompanying survey of 144 school administrators regarding school policiagjngcschool
security and disciplinary procedures.

The Wave |, Stage Il sample was a sub-sample (n=20,745) from the originalropte sa
of 90,118 students. This sub-sample was selected to complete a more detailed soiivesnef
students. Parents of the sub-sample were also surveyed at this visit. Howeeparegnt surveys
were not completed by all parents in the sub-sample, resulting in a pareng¢al(sels7,670).
This sub-sample of data was collected during the same time period aa\tbd Bfage | data.

The treatment assignment variable of interest was specificaignassnt of student to a
zero tolerance school in the Wave | data. The survey data from the Wave | Sdhonisérator
guestionnaire provided the information regarding individual school policy on zero tolerance
Questions in Wave | of the data ask the school administrator “In your school, whathappe
student who is caught with a first time occurrence of possessing an illegatdmelmpol, using

an illegal drug at school, possessing a weapon?” These same questions then alsedune a
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occurrence follow up question. Zero tolerance policy schools are defined as thespdhat
have mandatory out of school suspension of over fifteen days students for first tangang
of these types (Skiba & Knesting, 2001). Using this definition (at the schoo);léwaeschool
reported a policy of expulsion for any of the above listed first-time infractiowss defined as
a zero tolerance policy school.

The measures in the Add Health dataset which have theoretically been ideifie
predictors of school adoption of zero tolerance policies were used as school-levietesvar
The school-level covariates from Wave | used in the models are school type, sthaebsher
characteristics, daily attendance, parent teacher organization involverderitaaacteristics,
drop out rates, other school policies regarding discipline such as dress codes esthipl s
measures, neighborhood and community characteristics, administrator armed bedielfis
regarding discipline and student academic achievement (the full lish@blslevel covariates is
in APPENDIX B).

All covariates that effect both the treatment and the outcome variablereSimeed to
be measured and included in a causal analysis for the assumption of ignorability (&dhmidr(
& Hill, 2006). Student-level covariates from Wave | included in the analysisdedirequency
behavior, drug and alcohol use, self efficacy beliefs, victim of a crime gpéeriend behaviors,
grades and success in school measures, history of expulsion or skipping a grade, student
perception of teacher and peer relationships, home environment, relationship witk, feemtt
involvement in school, socioeconomic status of family, living arrangement at hoafte, he
history and problems, and perception of school safety ( the full list of studehtdeagiates is

in APPENDIX C) .

11
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The Wave lll sample was an in-home administered sub-sample of the Wavglé.sa
This sub-sample (n= 15,197) was then between 18 and 26 years of age. The ceassit res
estimated the causal effect of zero tolerance policies on studentsiv®guitcomes. The
cognitive outcome variable of interest is students’ Add Health Picturabiteary Test
(AHPVT) scores from Wave Ill. The AHPVT is an abbreviated version of ¢addty Picture
Vocabulary Test (designed as a test of receptive vocabulary achigvamieverbal ability) that
was revised with age-standardized scores for adolescent respondents.

B. Overview of Analysis and Causal Questions of Interest

Hong and Raudenbush (2006) and Hong and Yu (2008) have attempted to estimate causal
effects for non- experimental and nested educational data by applyinggitgeore estimates
at one or multiple levels. Hong and Raudenbush (2006) have also modeled possible effects of
peer treatment assignment on individual potential outcomes through a relax&igm\éA.

The policy issue addressed by Hong and Raudenbush (2006) was the effect of
kindergarten retention policy on student cognitive outcomes. Hong and Raudenbush used
multilevel propensity score stratification to approximate a two-sageriment. First they
blocked intact schools on covariates, and then, the second stage of the experimaitisidd “
students within-schools blocked on covariates. Theirs is a different policyajuasd
population of interest than the zero tolerance policy questions. However, the methadlologic
challenges for causal inference are comparable. Hong and Raudenbush’s (200@&gmbdeli
propensity score estimates within multilevel models was the guide forati®dologies
proposed to answer the question of zero tolerance policy effects on student cognitiweesutc

The causal modeling allowed school assignment and peer treatments to affg@lpote

outcomes within a framework that accounted for the natural nesting of the data. Thagnode
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included propensity score estimates at the school and student levels to removeithéh®ias
estimation of treatment effects on students within the schools.

Using the Add Health data sample, an estimate of the difference in caesabéff
attending a zero versus a non-zero tolerance policy school for students withkutfa ris
expulsion was made. The causal question of interest in the zero toleranagditirait was
answered with this estimate is:

What are the effects of zero tolerance policies treatment on the non-é)gtetent in

comparison to the exposure of non-expelled students to a non-zero tolerance policy

school regarding cognitive outcomes?
Put simplistically, does zero tolerance school policy make “good kids” codpibeger off?

C. Theoretical Framework for Models

Potential outcomes at student-level
For a binary assignment (expelled or not expelled) fetl if student is expelled and;
= 0 if student is not expelled. Then, givdmunits overall in a school, there is a Nxector of

possible treatment assignments (zi, 2, . . ., &) = (z, Z_;), wherez_j is the 1 x(N —1) vector

of treatment assignments wittremoved, forz e {OJ} ,i=1,...N Under these set conditions,

subjecti has 2' potential outcomes; (z), corresponding to all possible treatment assignments of
theN subjects.

A contrast between any two of thé' Botential outcomes for a given subject is a causal
effect. Hong and Raudenbush (2006) note that SUTVA is a special casevinagreY; (z, z ;)
=Y; (z), demonstrating that an individual student’s outcome, given all other student tresatment
remains the same under SUTVA. In contrast, if SUTVA is not assumed, a chdregment

assignment of any subject changes the potential outcome of any other subjinar Fur
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constraints need to be imposed on the potential outcomes. The proposed models attempt to
summarize the available school treatment assignment information in havayilt be useful for
average causal estimates. This was done by modeling the impact of z (iteegsignment) on

a single subject’s potential outcome as operating thrgygidividual's treatment assignment)

as well as through a simple functionzof, which will be denoted afz), the treatment
assignments of all other students within an individual’'s school, except the indisidual’

assignment. This is represented as

Yi@)=Yi(z z_)= Y]z @) (1)

“ A generic estimand of causal effect is\Hg, v(z)] - Y [Z, v ()]}, wherezandz’ are
alternative treatment assignments for an individualzaawdz’ are alternative treatment
assignments for all individuals within that school” (Hong & Raudenbush, 2006, p. 902). For the
purposes of zero tolerance policy,¥diz) = 1 if a school is a zero tolerance policy schooland
(2) = 0 if this is not the case.

Now, Y (z, v(2)) can take on four possible values&{l, 1),Y (0, 1),Y (1, 0), andy (O,

0). Two of these four possible values of potential outcomes provide the causah@stmhéech
correspond to the question of interest regarding zero tolerance policy:

E[Y (O, 1) -Y (0, 0)] is the average causal effect of attending a zero tolerance sehaitd a
non-zero tolerance policy school if a student is not expelled. This is the caudabiefiéerest
estimated in this analysis.

Conditioning on school assignment

To account for the grouping of the data in this analysis (of students grouped within

schools), school assignment needs to be introduced to the proposed model. If school assignment

had been at random, ther (s;, $....Sy), Where the possible valuessptould be the school
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identification numberg=1...J. This would then construct the potential student outcome for
student to be ¥ [z, v (2), 5]. This addition of school assignment would modify the previous
causal estimand to the form

E{Y[z,v(2),9 -Y[Z,Vv(Z), s']} (2)
In which the average causal effect of treatment assignments z, v (z) haotlassignment s is
compared to treatment assignmeniy '), and school assignmest

However, the above estimand does not fit this data, as there is no random assignment of
students to these schools. The model must account for non random assignment, while modeling
the causal effects one wishes to estimate. The model will condition on the soltbelslataset.
Therefore, the estimand of interest will be conditional on current school assigniaeding to
the previous estimand of Y as
E{Y[z, (2), s"] - Y[z, A7), s*]|S =} (3)
wheres* is the vector of school assignments observed in the sample. The rationale for
conditioning on current school membership instead of on a hypothetical universe of schools is
that the average causal effects of interest are of student membersimpthetr current schools.
The limitations of non randomness of assignment on causal inference will be conside=ed w
propensity score estimate at school-level.

This leads to the discussion of the last two assumptions that need to be imposed to
complete the theoretical framework for unbiased causal estimates in ly@saridhese
assumptions are that there is no interference between school units (SUTVAcktdbklevel of
the model), and that treatment assignment at school-level (the adoption of derarce

policy) is ignorable given the observed covariates.
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SUTVA at school-level
The assumption of SUTVA at the school-level is plausible as schools in the proposed
nationally sampled data set are located in distinct communities with diffggegraphic
conditions, various combinations of socioeconomic levels, governmental resources| politic
affiliations in the community profiles, and span the continental United States.
Here we assume that the identities and treatment assignments of sttidadisgother

schools are uninformative about studenbutcomes (SUTVA assumption at the school-level).

We can now group ands by school identification number, so thzat (z, z, . . . ,z;) ands =
(Su . .. ,%), Wherez; = (zy, 2, . . ., gj) is the 1 xn; vector of treatment assignments of
students assigned to schpahds =(}, j, . . ., J)is the correspondingxh; vector of school

assignments. The relaxed form of SUTVA (Hong & Raudenbush, 2006) allows norertede
between schools, so our causal estimand is
Y[z, (2), s] = Y[z ¥¢2), sT = Yiz (V3] (4)
Conditioning on covariates for ignorability of treatment assignment

In the Add Health dataset, zero tolerance policies were not assigned at targtdmols,
and students within schools were not assigned at random to be expelled. A propensisy score
the conditioning on covariates an observed probability for receiving the treathsesuch, if
there is no hidden bias, then the conditional distribution of treatment assignment is umtbrm, a
the statistical methods used to analyze a randomized experiment may be usanatydis
(Rosenbaum, 2002).

LetX be a vector of student-level covariates anddbe a vector of school-level

covariatesW includes the school-level aggregates of student-level covariates such as the

demographic makeup of students attending a school. Causal inferences are pdsssibient
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assignments are ignorable within levels of covariates (Where& andW = w) for schools such
that

ElY(z V| Z= 2= X=xW=w]= EY.z)\X=xW =w]. (5)
in which case the conditional average causal effect (CACE)

E[Y(z, v)X = xW =w] — E[Y(Z, V)X =x,W =w] is equivalent to the observed data estimand,
E[Y(z,vZ=2,V=Vv,X =x,W =w] - E[Y(Z,V)|Z=Z, V=V, X =X, W=w].

CACE, being estimable from observed data, allows causal inference regardilffetiemce
between students attending a zero tolerance school versus a non-zero totéreolggieng &
Raudenbush, 2006).

D. Defining Causal Estimates of Interest

In the Add Health data analysis, the potential outcomes for an individual student
attending a schog@) denoted by;(z;, v;), could hypothetically take on four valugg1, 1),Y;
(0, 1),Y; (1, 0), andy;; (O, 0). For exampl¥; (1, 1) represents the potential outcome of a
student who is expelled from a zero tolerance school,4nd, 0) is the potential outcome of a
student who is expelled from a non-zero tolerance policy school.

If one considers these potential outcomes carefully, in the context of the students in the
Add Health dataset, it is clear that not all of the four potential outcomes dilstere are defined
for some of the students. A student who would likely be expelled in a zero tolerange polic
school may not be at such a risk in a non-zero tolerance policy school, and another student may
never be expelled (even within a school with a zero tolerance policy). To addsesattinal
distinction into sub groupings of students within the data sej; #note a student’s probability
of being expelled under a zero tolerance policy, angyldenote the student’s probability of

being expelled under a non-zero tolerance policy. Monotonicity, describeddngi’Ni990), is
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applied here as the assumption that one’s probability of being expelled in a esandelpolicy
school is always greater than or equal to that within a non-zero tolerangegoblool. As
monotonicity is plausible in this case, three subpopulations of students of intarbst ca
identified within the data set
(A) Students at risk of being expelled in a non-zero tolerance school, as well @&adon a z
tolerance policy schoob{ > qo > 0)
(B) Students at risk of being expelled only in a zero tolerance policy saicol( gy~ 0)
(C) Students at no risk of being expelled in either type policy schpeldy = 0).
Table 1 lists the potential outcomes and the causal effects of interest.

Students in subpopulation (A) have four potential outcoviied), Y(0,1),Y(1,0),Y(0,0).
For subpopulation (A), to examine the impact of attending a zero tolerance policy, school
interest is in estimating the difference between these two efid14,, 1) —Y(0, 1)] —E[Y(1,
0)-Y(0, 0)], which will inform one as to whether the average expulsion effect on cognitive
measures depends on whether or not a school has a zero tolerance policy. A continued

contention of zero tolerance policy critics (Allen, 2004; Giroux, 2003a, 2003b; Skiba, et al.,

18

2003) is that a school’s adoption of a zero tolerance policy worsen troubled studentsapotenti

cognitive outcomes.

Students in subpopulation (B) have three potential outcome VL9, Y(0,1),Y(0,0) .
The causal effect of particular interest in this dissertati&@p¥él, 1) —Y(0, 1)], which is the
effect of being expelled in a zero tolerance school as opposed to not beingdexrpelkero
tolerance school on at risk children. The causal effects of interest in thieiAtulie for

students in subpopulations A and B are individual level effects.
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The students in subpopulation (C) have two potential outcdi@eE), Y(0,0), withE[Y(O,
1)-Y(0, 0)] being the only estimand defined for this group which will inform one as to thetimpac
of zero tolerance policy schools on “good students™ cognitive measures. This ssithate

obtained in this analysis.
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Table 1

Potential Outcomes for Student Subpopulations and Causal Effects of Interest

Subpopulation Probabilities of Potential Outcomes Causal effects of
being expelled interest

A Students at risk of  q1>90>0 Y(1,1), Y(0,1), Y(1,0), E[Y(1,0)- Y(0,0)]

being expelled in a Y(0,0)

non-zero tolerance E[Y(1,1)-Y(0,1)]

school

E[Y(L,1)-Y(0,1)]-
E[Y(1,0)- Y(0,0)]

B Students at risk of g1>0 and q0=0 Y(1,1), Y(0,1), Y(0,0) E[Y(1,1)- Y(0,1)]
being expelled only in

a zero tolerance policy

school

C Students at no risk ofq1=q0=0 Y(0,1), Y(0,0) E[Y(0,1)- Y(0,0)]
being expelled even in

a zero tolerance policy

school

Note. Y(i,j). Student-level = {0 not expelled; 1 expelled}. School-levgt {0 not a Zero
tolerance policy school; 1 zero tolerance policy school}.

20
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The Add Health study was not a randomized experimental design, and one must proceed
with different assumptions in order to make a causal estimate regdrditrgatment of interest.
We denoted v(Z¥ V astherandom variable that takes on valwérs) = v = O for non-zero
tolerance policy schools ®(z) = v =1 for zero tolerance policy schools, that X was assigned to
be a vector of child-level covariates and W as a vector of school-level cosariate

Let Q be the probability of a school having a tolerance policy. Conditioning on
covariates, schools adopting a polis4={ orV=0) is influenced bV (school-level covariates)
with a probabilityQ = Q (W); thus
Q=P(V=1|W). ©6)
If the assignment of schools to a zero or non-zero tolerance policy is ignaxedvlelge
observed school-level pretreatment covarislteghen an unbiased estimate of schol
propensity of selecting a zero tolerance pol@y,can be made as a functionWf.

Let g be the probability that a student is expelled according to the school zeandeler

policy within the school that student attends. This could be written as
q=P[Z=1|V=1andg= H Z= 1|v= D (7)

If student expulsion or non-expulsion, under a zero or non-zero tolerance policyrablgno
given the observed student-level pretreatment covalkatesl the school-level covariatés,
then studenits propensity of being expelled in schgotlenoted byy,; if the school has adopted
a zero tolerance policy and byij otherwise, can be estimated as functions;cndWi;.

Henceq; = q1(X, W) andqp = go(X, W), where

= P(Z=1|V=1X W)

P71V (8)
Qo=P(Z=1|V=0X W)
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A student’s probability of receiving a specific treatment (expulsion or npakgixn) under a
specific tolerance policy (zero tolerance or not) can be expressed as
P@Z=z,V=VX,W)=P Z=2z|V=v,X,W)P(V=vW).

This brings one to the following causal estimand:

1) The average causal effect of expulsion relative to non expulsion, conditioned on theeovar
(X andW), under a non-zero tolerance policy for students in subpopulation A (studenksoét ris
being expelled in a non-zero tolerance school), one may express thenestim
E[V(1,0)-%(0,0 X W] . (9)

2) the average conditional expulsion effect under a zero tolerance policy for student
subpopulation A (students at risk of being expelled in a non-zero tolerance sciabibipse in
subpopulation B (students at risk of being expelled only in a zero tolerance policy school).
Combining these subpopulations (A and B), produces a group of students who are at- risk of
expulsion. Denoting this group of students as subpopulation AR (at risk), thisrestgma
expressed as

E[Yar(L D-¥%=(0, 3 X W] . (10)
For students in subpopulation A (students at risk of being expelled in a non-zero ®leranc
school), the difference between (9) and (10) can be considered an estimation tdrthoex
which the causal effect of the individual-level expulsion depends on the school-lpuksiex
policy, as these two expressions contrast the effect on student outcomes whex @xpetiero
tolerance policy school (expression 10) as opposed to a non-zero tolerance policy school
(expression 9).

3) the third estimand is the average causal effect of zero tolerancevmkog non-zero

tolerance policy for students in subpopulation C (students at no risk of being expetied ave
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zero tolerance policy school), conditioning this estimand on school-level covadaths
causal effect is defined
E[Y(0, )-¥(0, 0 W] . (11)

Randomization would balance the joint distribution of school-level pretreatment
covariates evenly across zero tolerance and non-zero tolerance schoots 1Bk If schools
were assigned at random to a zero or non-zero tolerance policy, even thoughitirechibol
assignments of students to expulsion or non expulsion might not be random, then two propensity
scores for every studeny; (student’s probability of being expelled under a zero tolerance
policy), andgo (student’s probability of being expelled under a non-zero tolerance policy, coul
both be estimated. The propensity score functiogfestimated from the observed data of zero
tolerance school students under ignorability would be also applicable to non-zemcwlera
school students, and, the propensity score functiog,faould apply to both non-zero tolerance
and zero tolerance policy school- students.

Without randomization of the school-level policy adoption, as is the case with the Add
Health observational study, only one of the two propensity scores for every staldet c
estimated from the observed data. This will affect the ability to egtithatcausal effects
defined in (9) and (10).

One may decompose Equation (9) as

E[Ya(L0)-%(0,0 |V=1X W]P( V=1W)+ E[X( 1,9- X( Op |¥ BW]P ¥ @) (12
The limitation regarding estimation in this equation is with the first ter

[Ya(1,0)- % (0,0 | V= 1X W], which cannot be directly estimated, because the propensity of

expulsion under a non-zero tolerance policy is not estimable for students attendittdezance
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schools. One can estimate the second term for this population
520=E[Ya(1,0)- % (0,0 | V= 0X W] (13)

0zo is the conditional effect of expulsion under a non-zero tolerance policy for studkeraity/ac
attending non-zero tolerance policy schools. The non-zero tolerance school sproeetssity
of being expelled if enrolled in a zero tolerance policy school is not directtyadde. The
interaction effect between expulsion and zero tolerance school policy for thosgpapsalation
(A) is not directly estimable, as these students do not attend schools where tiodczance
policy is in place.

Following this logic with the estimates of conditional average expulsioneffac
students in the at-risk of expulsion subpopulation (AR), if one were to decompossesexpre

(20) now as

E[Yar(L])- %= (0, [V= IX W | PV =W )+

E[Yar(L1)- %= (0,9 [V= 0XW | PV =0} ) -
one finds that the second teif},Yar (1,1) - Yar (0,3 [V= 0X W |, cannot be estimated

directly from the observational Add Health data, but can estimate itsfingt t

S21=E[Yar(1,1)- ¥r(0,3 [V= 1IX W | (15)

oz is the conditional effect of expulsion under the zero tolerance policy for studentf/actua
attending zero tolerance policy schools.

For those in subpopulation (C), the estimand as defined in (11) can still be estimated as

svo=E[Y(0,1)- Y¢0,0 W] . (16)
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ovo is the conditional effect of attending a zero tolerance policy school versus araon-ze
tolerance policy school for students at no risk for expulsion in either school type, aaditett
estimated with this analysis.
Causal Estimand Obtained with the Add Health Data Within this Causal Framework

The causal estimand that could be estimated within the proposed theoreticaldriamew
of ignorable treatment assignmenbis (the conditional effect of attending a zero tolerance
policy school versus a non-zero tolerance policy school for students at no risk fai@xpul
either school type). The other two causal estimadds(the conditional effect of expulsion
under a non-zero tolerance policy for students actually attending non-zeam¢elg@olicy
schools), andz: (the conditional effect of expulsion under the zero tolerance policy for students
actually attending zero tolerance policy schools), are not valid estimarndhisitiataset. The
individual level Add Health data regarding expulsion does not consider recidivism otliralgvi
to expulsion (mandatory out-of-school suspension of over 15 days). The lack of distinction
when assigning levels of treatment within the expelled treatment (i.e xjoog@re to treatment
is defined as expelled for 15 days, medium exposure to treatment is definedliasl éapé5s
days, high exposure is defined as expelled for > 45 days) provides estimatitafeegulsion
that do not answer the individual level causal policy questions of interest.

Theoretically, students at no risk of expulsion benefit from a learning environmemn whe
disruptions to learning are removed, such as illegal activities involving drugseampobms.
Following this logic, the removal of the students involved with the disruptive illegaites,
regardless of whether it is the same student removed repeatedly for snskgffgovides a
learning environment conducive to good outcomes (Ewing, 2000). In the next section, the model

used to obtain the causal estimate is described.
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E. Obtaining Propensity Score Estimates

The causal estimate of interest which was estimated directly undestmep®n of
ignorability with the Add Health dataset wéso . This causal estimand is of direct interest to
answer the current research question about the effect of zero tolerance poleandividual
level.

Following expression (6Q = Q(W) =Q= P(V=1|W ) a logistic regression was used
to compute the estimaﬁe which is each school’s conditional propensity of adopting a zero

tolerance policy given the observed school-level covariates.(W,). Using conventional

notation
logit Q; = flo + faW1 + oW +.... Wi (17)
logit Q,- is the log-odds of adopting a zero tolerance policy for school j. The log-odds is
defined as the natural logarithm of the probability of adopting a zero tolerance ¢iglded by
1 — (the probability of adopting a zero tolerance policy); therefore @git In {p (Q;)/ [1- p
(Q)}
po represents the expected value of the log-odds for schools to be zero tolerance schools
when all of the predictor variables equal zero.
f1... pn represent the estimated change in the log-odds of a school being a zero tolerance

policy school for every unit change in the independent variables in model (school-level

covariates and aggregated student covariates).
On the basis of the logit 0?5 the sample of schools were divided into strata that had five

sub classifications (quintiles). A minimum of five subclasses was used tag&ochran's

(1968) observation that sub classification with five subclasses is sufficiembve at least
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90% of the bias for many continuous distributions. The quintiles were constructegiragra
schools from lowest to highest on the estimated propensity score, and then dividoiptis s
into five strata of equal size.

The estimate off; (the probability of being expelled from a zero tolerance policy school)
is a function of school and student-level covariates for students attending zemod®lechools.
School-level covariates were included in the school-level propensity stomates, and
student-level covariates were included in the student-level propensibatstf expulsiory ;.

As expulsion is a binary outcome, a logistic regression model was usedraategjo;. Using
conventional notation, student-level covariates gre &; and Xj... %:j ) in the below model.

g1 estimates the propensity of each subject to be expelled from a zero toleranceqgiaol.
Following Raudenbush and Bryk’s (2002) notation,

Level 1: LogitGu = fo + BuXaij + B2jXaij +.. SeiXni (18)

Logit g is the log-odds of being expelled for studeimt zero tolerance policy school

Poj represents the average log-odds for students with x=0 of being expelled in a zero
tolerance policy school

Bij ... Pnij represent the estimated changes in the log-odds of being expelled in a zero
tolerance policy school for each one unit change in the independent variable, while other
variables are held constant.

In parallel to the estimation af, g, was estimated through a logistic regression model

for students attending non-zero tolerance policy schools. Again the covamséeepresented

as x’s in the equation. The same logit link functions apply to these estimates.

Level 1: LOgitdou‘ :ﬂOj +ﬁ1jX1ij +ﬂ2jX2ij + ﬁnijxnij (19)
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Logitqoi is the log-odds of being expelled for studieim non-zero tolerance policy

school |

The initial propensity score estimates@f Go, and §: were examined for balance on
covariates within each stratum. The goal of balancing is to verify that asfifidation on the
estimated propensity score removes any initial bias on confounders. Balance @iewas
checked using multiple two-way analyses of variance (ANOVA), wheatntient (zero
tolerance school assignment, or expulsion, for Q and q respectively) was oneafattbe
propensity score quintile to which the individual was assigned was a seconddadta as a
categorical variable with four levels), and each of the covariates (or confeundes a
dependent variable. If balance was achieved, there should not be a statiggiciiltyast main
effect of treatment on the covariate. There should also not be a statisiigaificant interaction
effect of the treatment variable by quintile (if these two conditions were eptime propensity
score would have been re-estimated by adding interaction terms and/or roridiedions (e.g.
square or cubic) of imbalanced covariates to the propensity score model). Thasmgateps
were repeated until balance was achieved or until no further improvement inebedaiht be
made (Yanovitzky, Zanutto, and Hornik, 2005). At minimum, balance was achieved on
identified key covariates. However, reliance on significance testing tk ¢tvecovariate
balance is sensitive to sample size (Shadish, Clark, and Steiner, 2008).

F. Identifying Empirical Subpopulations

The minimum value of the logit af, (constructed from the dataset) for the expelled

students attending zero tolerance schools was then used as the cutoff point to idemdify the

expelled students in zero tolerance schools whose logjt whs below this value. These

identified non-expelled students with a logit below the minimum cutoff value, who dithret

28
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counterparts in the expelled group, were identified as students at an ext@mesklof
expulsion under a zero tolerance policy. These students belong to subpopulation C (students

unlikely to be expelled even in a zero tolerance policy school). Students whose Iggiasf

above the cutoff value were considered to belong to subpopulations A or B (students who would
be at risk of expulsion).

Subpopulation C members in the non-zero tolerance policy schools are hypothetical
counterfactuals. Counterfactual estimation requires special assumptantgs& Raudenbush,
2006). The assumption was made that had a non-zero tolerance policy school instead adopted a
zero-tolerance policy, its students would have been subject to similar seledtéioa to be
expelled, as defined by the propensity model specified for zero tolerance pbloy students.
Using this assumption, the estimated propensity model from the observed data od the ze
tolerance policy schools’ students was used as the same model to predict thetyrepeamsfor
each student enrolled in a non-zero tolerance policy school. Specificallyrtimeum cutoff

point of logit of g, was takerfwhere below this value no expelled students were found) and used

as the cutoff point for every student who attended non-zero tolerance policyssafidloéir risk

of expulsion in a zero tolerance policy school. Using this method, the non-expelled students
were identified in the non-zero tolerance policy schools who were highly uniikely expelled
even if their schools had instead adopted a zero tolerance policy, and these stugents we
assigned to subpopulation C. Recall that subpopulation C includes students in zero tolerance
policy schools who were not expelled, and whose logit valugwés below the minimum

cutoff, leaving them without an expelled counterpart in their school.

A similar method for empirically identifying subpopulations can be used to figenti

students who attend zero tolerance policy schools, and have a risk of being expelledaronon
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tolerance policy schools. The assumption for the counterfactual estimate isthis that had a
zero tolerance policy school adopted a non-zero tolerance policy, its students wollddrave

subject to similar criteria for expulsion that was defined in the propensity mbdelfor

students attending non-zero tolerance policy schools. After applying thetestipnapensity
model from the observed data of the non-zero tolerance policy schools’ studentsudehesst

who attend zero tolerance policy schools, the zero tolerance policy studentsgyHogit was

above the maximum cut-off for non-expelled students in the non-zero tolerance halmyts’
model (expelled students without non-expelled student counterparts) could beddeifi
members of subpopulation A (students at risk of expulsion in non-zero tolerancespbhoys).
The remaining students who attended zero tolerance schools, who were not assegtigd to
subpopulation C based on thegjdogit ,or counterfactually to subpopulation A, could be
assigned membership in subpopulation B. Lastly, the remaining students whoattereto

tolerance policy schools, and whoge logit was below the minimum cutoff for population A

inclusion in that model, but above the cutoff for inclusion in population C whem thgit
model was applied as a counterfactual model to their data, could assigned populataiieB2
contains a summary of methods to identify members of these sub-populations.

After the initial estimate of causal effects by propensity sdoaéfgation, the clustering of
students within schools was modeled with a hierarchical linear model to accountémts
clustering within schools.

G. Multilevel Model for Causal Effect Estimation

Model for causal estimand of effect of zero tolerance policy relative to noneterance policy
on Add Health Picture Vocabulary Test Scores for the students in subpopulation C (students at

little risk of being expelled even in a zero tolerance policy school).
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The estimand,, as defined in (16), was estimated by a statistical adjustment for a
school’s propensity of adopting a zero tolerance policy. The raw difference wetlaga Add
Health Picture Vocabulary Test score outcome was observed acrossssttasarébed in the
preceding section. Now, the analytical plan was to look at the variation of the erpifsict
across the schools, by using a hierarchical two-level regression modeltudgéhtsat level 1

and school at level 2, as shown in Table 2, for ahitdschool |

n_strata-1

Yij= yo +U +06vov + Qi+ @
h; (22)
u~ N(,7);8 ~ N(O,O‘Z)
In the above equation
Yij is the score of studentvithin school j on the Add Health Picture Vocabulary Test

yo is the average AHPVT school score for non-ZTP students in stratum 1

owv;j represents the effect of school with a zero tolerance policy.

n_strata-1

Z yhQn represents the dummy indicators for the effect of strata assigned piyfens

h=2
school j to adopt a zero tolerance policy.
e represents the residual remaining after adjustment to AHPVT test scdE=@chool effect
and strata sub classification effect around each student measure.
u represents the school-specific random effect on the AHPVT score.
This gives the conditional effect of zero tolerance policy in zero toleranioy gohools for

children at no risk of being retained even though they attend a zero tolerangesgladiol.
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Table 2

Identification of Subpopulations for Causal Estimates

Subpopulation A Subpopulation B Subpopulation C

From students who attend From students who attend From students who attend
ZTP? ZTP?schools (indirect);  ZTP?schools (direct);
schools(counterfactual);

After applying the logit Students not assigned to  Non expelled students, with
model forg0 (obtained from population C frongllogit aql logit below the
model on students in non- estimate (theigllogit was minimum cutoff value for

ZTP?schools) to ZTP above the minimum cut-off expelled students’ logit of
students: students whog@ of expelled students), ANDq1, will not have

logit is greater than the whose logit ofg0 was counterparts in the expelled
minimum logit ofq0 of below the cutoff for group.

expelled students attending expelled students’ in the

non ZTP?* schools. observed data @fO model.

From students who attend From students who attend
From students who attend non-ZTP? schools non-ZTP? schools
non-ZTP?schools (direct); (indirect); (counterfactual);

Non- expelled students in After applying the g1 logit
The non-expelled and non-ZTP? schools whose model to students attending
expelled students from q0 logit was below the cut- non-ZTP? schools, those
upper strata of logit a0, off for expelled students in students whose logit fell
whoseqO logit are_greater non-ZTP?schools, AND  below the minimum cutoff

than or equal tthe whoseql logit was_greater value for expelled students’
minimum logit ofq0 of than or equal ttheqllogit gl logit
expelled students. minimum cut off for

expelled students attending

ZTP#schools.

Note.*ZTP = Zero Tolerance Policy.
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CHAPTER IV: RESULTS

A. School Propensity of Adopting a Zero Tolerance Policy (ZTPY. (N=130)

Logistic regression was used to compute the estirQaiaf, each school’s conditional
probability of adopting a zero tolerance policy given the observed school-teralates. A bar
graph representing the distribution of schools according to the propensity stoetessof
adopting a zero tolerance policy is in Figure 1. The majority of schools iarni@e were Non-
ZTP schools (N=110), with the remainder being ZTP schools (N=20). In Figum 1, th
distributions of the estimates @Qfof the two schools types are displayed; ZTP schools are
represented across the upper half of the graph, and non-ZTP schools aentegracross the
lower half of the graph. The model used was good for prediction of a school’s pipp®ens
adopt a ZT policy; the model also exposed the lack of a uniform distribution of ZTP and non-
ZTP schools.

On the basis of the logit of tlg estimate, the sample of schools (N=130) was divided
into five strata. The results of the analysis are displayed in Table 3.

The distribution of covariates believed to effect the treatment or outcome gaxiabl
checked for balance in the strata of the logit of@restimatecontaining both ZTP and non ZTP
schools. Balance was achieved on thel8 school-level pretreatment covariat®8%wif the
main effects and interactions having significance levels > .05. The rektlits propensity
score estimates within strata differences are summarized in Table Bal@hee on covariates
was achieved, with the 95% CI for the mean differences for all but two c@gc@itaining
zero. The differences between the mean value of covariates within quohtibgst of
propensity score distributions was statistically significant on six ofdbarate results

displayed.
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Figure 1

Plot of Distribution of Estimated Propensity Score for ZTP School Adofieh30)
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Table 3

Within-Stratum Distribution of Schools’ Logit of Q Estimate and Average Propessityete to
Adopt a ZTP

ZTP school Non-ZTPschool

Stratum N Mean SD PropensityN Mean SD Propensity

Q=1 3 696 044 .001 23 -7.89 128 .001
Q2 1 475 0  .009 25 -472 0.43 .009
Q=3 3 345 026 .031 23 -3.44 039 .032
Q=4 0 26 228 0.45 .099
Q=5 13 080 158 .622 13 -0.62 060 .359

Note.?ZTP = Zero Tolerance Policy.
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Table 4

Balance of Covariates in Logit of Q Estimate

Significance level

Covariate ME covariate ME quintile covariate*quintile
Catchme: Catchment school .64 15 .18
A7:Average class size .26 .35 .29
Al12: % of New Teachers .73 57 .05
Al13: % of Teachers w Masters .45 .000* .36
Ln_mehhl: Avg household inc .95 .01 91
Subdinc: % subsidized income .71 21 .32
Engprim:English primary homé9 .32 .50
Atype: Public or private .29 .01 .29
Rural: School location 91 .25 .58
Suburb: School location .76 .03 .04
Neas: School region 74 .000* 74
Midwest: School region .86 A7 .83
South: School region .93 .000* .38
Jhsandhs: School grades .38 .26 .38
Jhonly: School grades .78 42 .89
Avgatt: Daily attendance rate .91 .98 44
Loatt: Daily attendance rate .58 A2 .62
Hidropou: High Dropout rate .21 23 .28

*<.001
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in Table 4. The percentage of teachers with Master’s degrees in the scipoeéerged in
Figure 2, with the percentage being significantly higher in schools withea f[mepensity to
adopt a ZTP policy (variable al3); schools with a lower propensity for ZTP addyatd a
significantly higher frequency of schools located in the Northeastern Unaess $variable
neast), presented in Figure 3, while schools with a higher propensity to adopt Ejrhpdla
statistically significant higher frequency of being located in the SoutheitedJStates (variable
south), presented in Figure 4; ZTP schools also had a lower reported household incaive (var
Ln_mehhl), while non-ZTP schools had a higher frequency of being located in the suburbs
(variable suburb).

Sample size was small for the ZTP schools (N=20), so mean differemoss te
schools were compared as well, and the results of the analysis are suchimafiziele 5.

B. Student Propensity of Expulsion in Non-ZTP Schoolp.

Student propensity for expulsion within a non-ZTP schgplyas estimated through a
logistic regression model for children attending non-ZTP schools only. A har grpresenting
the distribution of students according to the propensity score estimates oékealigd from a
non-ZTP school is presented in Figure 5. In Figure 5, expelled students (n=3&Ryesemted
across the upper half of graph and non-expelled students (n=10,654) are represessetia
lower half of the graph.

On the basis of the logit of tlyg estimate, the sample of students (n= 11037) was divided
into five strata; the results of the analysis are summarized in Table Gtubleats who were
expelled had a high estimated propensity of being expelled (97% of expelled sweients
estimated as having a high propensity to be expelled). In contrast the studentgevhotwe

expelled had lower estimated propensities for being expelled, with the notedxgiatients
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belonging to the higher quintiles maintaining a lower propensity to be expelteththaxpelled
students within those quintiles.

The distribution of covariates believed to effect the treatment or outcome gaxiabl
checked for balance in the strata of the logijggstimatecontaining both expelled and non
expelled students. After multiple trial models to improve balance, such as auddnagtions
and squaring non-linear terms, balance was best achieved on covariates wileduteans.
Balance was achieved on more than 99% of the 30 student-level pretreatmentecowvainat
effects and interactions; the results of the analysis are summarizabl@y. However, 76 % of
the main effect of quintile was not balanced (balance being statissagtijicant at an alpha of
<.05). Students who had lower propensity estimates to be expelled had a decreaptdrperce
of autonomy to make decisions regarding weeknight behaviors, hlwp6, presented in Figure 6,
and students who were not expelled had consistently higher beliefs in theiriparogégteir
decision-making autonomy during weeknights than their expelled countergastesanted in

Figure 7 .
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Figure 2

Estimated Mean Proportion of Teachers with Masters Degree by Quintiles of L&gitioated
Q, the Propensity to be a ZTP School

Estimated Marginal Means
/

quiniles
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Figure 3

Estimated Mean Proportion of Schools Located in Northeast US by Quintiles Logit cdtBdtim

Q, the Propensity to be a ZTP School

Estimated W amginal Means
f
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Figure 4

Estimated Mean Proportion of Schools Located in South US, by Quintiles ok &gtimated
Q

::’/’

Estimated Mamginal Means

quintles
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Table 5

Mean Differences Across Q Estimate Covariates for ZTP and Non-ZTP Schools

ZTPvalue — nonZTPvalue

Covariate Mean Difference Standard error  95% CI for Difference
Catchme -.08 14 -.20- .36
A7 2.84 1.61 -35 6.02
Al2 -.66 4.70 -9.96- 8.64
Al3 11.75 7.50 -3.12- 26.60
Ln_mehhl .07 A2 -18- .31
Subdinc -.02 .06 -14- .09
Engprim -3.91 4.45 -12.72- 491
Atype -.16 .09 -34- .02
Rural -.00 A2 -.25- .24
Suburb .06 .16 -.26- .37
Neas .10 A1 -11- .31
Midwest .03 14 -25- .31
South -.19 .16 -498 .12
Jhsandhs -.07 .08 -.23- .08
Jhonly .08 A7 -25- 41
Avgatt -.00 A7 34 - .34
Loatt A2 A2 -12- .35

Hidropou .16 31 -15- .48
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Figure 5

Graph of Propensity Estimates for Student Expulsion in Non-ZTP Sgpdok: 11037)

Propensity Score’

I ' on-Expelled N E pelled




Propensity Score Estimates in Hierarchical Models 44

Table 6

Within-Stratum Distribution of the Logit of the Propensity and Averagpdirsity Estimate for
Expulsion for Students Attending NON ZTP Schog)s (q

Expelled Non-expelled
Stratumn Mean SD Propensity n Mean SD Propensity
Q=1 5 -544 15 .004 2203 -596 .95 .003
Jo=2 5 -481 .13 .008 2202 -496 .19 .007
0o=3 24 -431 20 .013 2184 -430 .20 .013
Qo=4 79 -3.47 .27 .031 2128 -354 25 .029

=5 270 -1.78 .83 172 1937 -2.22 .66 .114
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Table 7

Balance of Covariates in Logit of Gstimate

Significance level

Covariate ME covariate ME quintile Interaction cov*quint
bio_sex:Gender .78 .000* .28
h1gi8:Race .50 A1 .64
hldal: Does Home Chores .29 40 71
hlda8: Hours of Television .63 .00 .65
h1gh23j: Doesn’t Eat Breakfast 72 .28 .84
hled3: Ever Skipped a Grade .88 .01 .83
hled5: Ever Repeated a Grade .18 .000* 43
hledl1l:Recent English Grade .08 .000* .34
hledl12: Recent Math Grade .08 .000* .02
hled20: Feels Part of School .20 .000* .03
hled24: Feels Safe at School .52 .000* .26
Rmomed: Mother Education .90 .000* A7
hlwp6: Weeknight limits .02 A3 .07
hlwp8: Dinner with Parent .34 .000* .64
h1pf5: Relationship with Father .99 15 42
h1pf27: Seldom Sick 49 .05 27
hlcol: Ever had Sex .56 .000* 31
hltol: Ever Smoked 44 .000* 52
h1to29: Friends Drink Alcohol .85 .000* .98
Smokem;j: Ever Tried Marijuana 15 .000* .09
h1lto51: Home Access Alcohol .65 .01 10
h1dsl15: Ever Rowdy in Public .04 .04 .09
h1fv6: Ever Jumped 14 .000* .02
hlprl: Adults Care about Me 22 .000* 40
hlpr2: Teachers Care about Me .92 .000* .56
hlpr4: Friends Care about Me .20 .000* .02
hleel: Wants to go to College 75 .000* .05
hlee4: Works Schoolweek .68 44 .98
pa55: Household Income .82 .000* .93
palO: Parent Marital Status 49 .000* 27

*<.001



Figure 6

Estimated Mean Probability of Weeknight Autonomy Decision-Making by Quintil@péfsity
for Student to be Expelled in a non-ZTP School
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Figure 7

Estimated Means of Weeknight Autonomy Decision-Making for Expelled and Nonekxpelle
Students by Quintile of Propensity for Student to be Expelled in a Non-ZTP School
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Students who were expelled had a statistically significantly higheregaftrof a history of

being loud and rowdy in public places (variable hlds15) than students who were netdexpell
(see Table 7); however, the self-report of loud and rowdy behavior in public filextaated
across quintiles for both expelled and non-expelled students; results are presdfitpire 8.

C. Student Propensity of Expulsion in ZTP Schoolg;.

Student propensity for expulsion within a ZTP schqgplyas estimated through a logistic
regression model for children attending ZTP schools only. A graph represtmidistribution
of students according to the propensity score estimates of being expelledZidtrsahool is
presented in Figure 9. In Figure 9, expelled students are representadizengzper half of the
graph and non-expelled students represented across the lower half of the graph.

On the basis of the logit of tlg estimate, the sample of students (n = 1098) was divided
into five strata; the results are summarized in Table 8. The division of thbutiet of
expelled and not expelled students based on the propensity score estimatethewgher
propensity for expulsion for students actually expelled than for the not expeltihtst (42 of
the 44 expelled students have propensity score estimates in the fourth and fifthsuitmtile
contrast, the non-expelled students have propensity score estimates dasajquioximately
evenly in all five quintiles. The propensity score estimate quintile stediditclearly
demonstrates the lack of expelled student counterparts for the non-expelledsstudeirttiles

one through four.
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Figure 8
Estimated Mean Proportions of Students with Self-Reported Loud and Rowdy Public Behavior,
for Expelled and Non-Expelled Students by Quintile

QUINTILE

Estimated Maminal Means

a 1
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Figure 9

Propensity Estimates for Student Expulsion in ZTP Schodh¥1098).

0 2 A B 8
Fropensity Score

I ot Expelied [ Expelled
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Table 8

Within-Stratum Distribution of the Logit of the Propensity and the Average Propersityake
for Expulsion in Students Attending ZTP Schoegls g

Expelled Non-Expelled
Stratumn  MeanSD Propensity n Mean SD Propensity
g1 O 220 -7.01 .61 .001
p=2 2 -5.04.32 .004 217 -5.67 .27 .003
p=3 O 220 -4.79 .28 .009
;pn=4 8 -3.66.38 .035 211 -3.71 .36 .025

p=5 34 -92 130 .330 186 -2.13 .78 128
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The distribution of covariates believed to effect the treatment or outcome gaxiabl
checked for balance in the strata of the logij;aéstimatesontaining both expelled (n=44) and
non-expelled (n=1054) students. After multiple trial models to improve balance, sadtiiag
interactions and squaring linear terms, it was observed that balance was les®tdachi
covariates without added terms. Balance was achieved on 100% of the 30 student-level
pretreatment covariates main effects and interactions, with resultsasized in Table 9;
however 83% of the main effects of quintile were not balanced (balance beirgatiytis
significant at a significance level < .05).

Non-expelled students differed from their expelled counterparts, reportrimgytskipped
a grade (variable hled3) with more frequency than expelled students. ExpelEtsivere
less likely to eat dinner with parents (variable h1lwp8), reported having fridraldnank
alcohol more often, and their parents reported a lower household total incomiel¢vaatab)
than the non-expelled students in the higher quintiles. The average estimatéx [mgipensity
for expulsion was higher for expelled students than for non-expelled students in Gujltges
of g1 estimates -.92279 with standard error 1.2975, and -2.1349 with standard error .7792,

respectively).

52



Propensity Score Estimates in Hierarchical Models 53

Table 9

Balance of Covariates in Logit of fstimate

Significance level

Covariate ME covariate ME quintile Interaction cov*quint
bio_sex:Gender .10 .000* 13
h1gi8:Race .84 .36 .89
hldal: Does Home Chores .36 .000* .53
h1lda8: Hours of Television .54 .000* .66
h1gh23;j: Doesn’t Eat Breakfast .70 .000* .76
hled3: Ever Skipped a Grade .69 .000* .25
hled5: Ever Repeated a Grade .94 .000* .26
hledl1l:Recent English Grade .91 .000* .32
hled12: Recent Math Grade .76 .000* 45
hled20: Feels Part of School 48 .000* .35
hled24: Feels Safe at School .34 .07 .32
Rmomed: Mother Education .36 .000* .87
hlwp6: Weeknight limits .98 .000* .80
hlwp8: Dinner with Parent .99 .000* .65
h1lpf5: Relationship with Father .62 .03 .60
h1pf27: Seldom Sick g7 48 .93
hlcol: Ever had Sex .88 .000* .56
hltol: Ever Smoked .65 .00 52
h1to29: Friends Drink Alcohol .87 .000* .55
Smokem;j: Ever Tried Marijuana .81 .000* .28
h1lto51: Home Access Alcohol .37 .000* .50
h1ds15: Ever Rowdy in Public .66 .000* .50
h1fv6: Ever Jumped .99 .000* .23
hlprl: Adults Care about Me .83 .000* .64
hlpr2: Teachers Care about Me .64 .000* .60
hlpr4: Friends Care about Me .53 .08 .83
hleel: Wants to go to College .81 .000* .04
hlee4: Works Schoolweek .94 .83 .87
pa55: Household Income 72 .00 .10
palO: Parent Marital Status .79 .000* .78

*<.001
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D. Empirical Identification of Students in Subpopulation C.

The value of -5.216 was used as the cutoff point to identify the 440 non-expelled students
in zero tolerance schools belonging to subpopulation C (students unlikely to be expelled even i
a zero tolerance policy school, as there were no expelled students withdsdfitde or equal to

-5.216). The same minimum value of the logitgp{-5.216) was used as the cutoff point to

identify the 3,658 students attending non-ZTP schools belonging to subpopulation C, bringing
the subpopulation C total sample size to 4,095. On the basis of the logfooflte sample of
subpopulation C, the sample was divided into five strata, with results summarizduoenlD.

The distribution of covariates believed to effect the treatment or outcome gaxiabl

checked for balance in the strata of the logifjoéstimatefor the subpopulation C students,

comparing students who attend ZTP schools and students who attend non ZTP schools. Balance
was achieved on 88% of the 30 student-level pretreatment covariates mds) 8fee of the

quintile main effects, and 99% of the interactions; the results are sumdniarizable 11.

Differences in means were considered to be unbalanced, and statisifraligant at an alpha

of < .05.

There were differences between students who attended ZTP schools and those who
attended non-ZTP schools, summarized in Table 11 for students’ reporting eatingepegrade
(variable hled5), recent math grade (variable hled12), feeling a part of schiabl¢valed20),
feeling safe at school (variable hled24), ever having sex (variable hlcol), atidgepat
teacher cares about me (variable hlpr2).

Students attending ZTP schools reported a higher incidence of repegtadgdFigure
10), lower recent math grades (Figure 11), lower reporting of feeling pduioschool (Figure

12), feeling safe at school (Figure 13). Students who attend non-ZTP schoolsa@édicréower
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amounts of ever having sex, but reporting across quintiles did not reflect trendiage-L4
and 15 respectively), while students attending ZTP schools reported a lowey featitheir

teacher cares about them (Figure 16) .
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Table 10

Within-Stratum Distribution of the Logit of Propensity and the Average Propensitydistior
Expulsion in Subpopulation C Students Attending ZTP Schools and Non-ZTP Schools, Based on
Empirical Model of g

ZTP school students Non-ZTP school students
Stratumn Mean SD Propensity n Mean SD Propensity
011 76 -7.70 .46 .000 747 -7.82 .58 .000
Q=2 96 -6.80 .19 .001 729 -6.80 .19 .001
g=3 82 -6.25 .13 .002 713 -6.25 .14 .002
q=4 83 -578 .12 .003 745 -5.80 .11 .003

=5 100 -542 .11 .004 724 -5.42 .11 .004
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Balance of Covariates in Logit of gktimate for Subpopulation C Students

Significance level

Covariate ME covariate  ME quintile Interaction cov*quint
bio_sex:Gender .25 .01 A1
h1gi8:Race 52 .70 42
hldal: Does Home Chores .362 .36 .60
h1lda8: Hours of Television .60 41 43
h1gh23j: Doesn’t Eat Breakfast .20 .05 .18
hled3: Ever Skipped a Grade .92 .99 .99
hled5: Ever Repeated a Grade .06 .10 .18
hledl1l:Recent English Grade .35 .95 .70
hled12: Recent Math Grade .00 .66 .55
hled20: Feels Part of School .03 .05 A1
hled24: Feels Safe at School .01 .06 14
Rmomed: Mother Education .09 .81 27
hlwp6: Weeknight limits .06 .39 .53
hlwp8: Dinner with Parent .93 .30 .81
h1pf5: Relationship with Father 46 71 .70
h1pf27: Seldom Sick A5 52 .58
hlcol: Ever had Sex .10 .50 41
hltol: Ever Smoked .07 .36 49
h1to29: Friends Drink Alcohol .83 .09 51
Smokem;j: Ever Tried Marijuana A7 .08 .30
h1lto51: Home Access Alcohol 74 .06 .34
h1dsl15: Ever Rowdy in Public .78 .61 .26
h1fv6: Ever Jumped .62 51 .60
hlprl: Adults Care about Me .54 .80 .82
hlpr2: Teachers Care about Me .00 .000* .000*
hlpr4: Friends Care about Me 14 .55 .55
hleel: Wants to go to College .07 .04 .03
hlee4: Works Schoolweek .76 .10 .16
pa55: Household Income .07 .99 .98
palO: Parent Marital Status .57 .08 .09

*<.001
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Difference in Estimated Means of Repeating a Grade by ZTP School Policy
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Figure 11

Difference in Estimated Means of Recent Math Grade by ZTP School Policy (1= A, 5=F)
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Figure 12

Difference in Estimated Means of Overall Feeling Part of Your School by ZTP Schayl Rsli
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Figure 13
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Figure 14

Difference in Estimated Means of Ever Had Sex by ZTP School Policy
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Figure 15

Difference in Estimated Means of Ever Had Sex by ZTP School Policy and by Quintile
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Figure 16

Difference in Estimated Means of Feeling Teachers Care About You by ZTP Schgo{IRolic
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E. Zero Tolerance Policy Effect on Students in Subpopulation C

The raw difference in the average Add Health Picture Vocabulary Test scavmeutc
was observed across strata, and an estimate of the overall differeAckesHealth Picture
Vocabulary Test was then calculated, with the results of the analysgssenmarized in Table
12. The overall weighted effect on AH PVT scores for students attending ZTPssisho8R7.

The difference in AH PVT scores between students who attend ZTP schools and non-ZTP
schools is not statistically significant overall, or within strata, an@sacross strata.

The causal estimand of interest was then obtained with a hierarchicavwaladgression
model, with students at level 1 clustered within school at level 2; the results obthisimare
summarized in Table 13.

The raw difference in AH PVT outcome of -.927 favoring non-ZTP schools was supported
with the causal estimate of attending a ZTP schgalbtained with the hierarchical linear
model. The within strata effect of attending a ZTP school on AH PVT scorstsiflants in
subpopulation C was negative in all five strata. The causal estimand of atte@diRgsahool,
dv0, obtainedWas -.83with a standard error of 1.65 and a 95% confidence interval of (-4.01, 2.40).
No statistically significant difference in the AH PVT outcomes withibpopulation C was

estimated between ZTP school students and non-ZTP school students.



Table 12

Propensity Score Estimates in Hierarchical Models

Within-Stratum Distribution of the AH Peabody Picture Verbal Outcome of Students in

Subpopulation C

Attend ZTP school Attend Non-ZTP school Mean
Difference

Stratum n Mean SD n Mean SD
1 74 10591 1226 711 106.71 13.41 -.08
2 94 105.03 11.80 702 105.77 13.87 -74
3 79 106.73 11.96 682 104.57 14.04 +2.16
4 84 100.99 1359 712 104.15 13.61 -3.16
5 96 101.35 13.18 695 103.00 13.21 -1.65
Total 427 103.88 12.76 3502 104.85 13.68 -.93
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Table 13

Causal Effect of Attending a ZTP School Versus Attending a NON ZTP $ohStaldents AH
PVT Cognitive Score Outcome Measure for Students in Subpopulatign C,

Fixed Effect Coefficient SE t

NON ZTP students in 107.25 1.42 75.29
Propensity stratum 1

intercept;yo

Effect of attending ZTP  -0.83 1.65 -0.50
schoolspyo

Propensity stratum 2, -4.65 1.91 -2.43
Propensity stratum 33 -3.43 1.72 -2.00
Propensity stratum 4, -2.85 1.72 -1.66
Propensity stratum g -3.04 1.96 -1.55
Random Effect Variance SD df o? p value
School specific effea; ~ 25.21 5.02 112 677.33 .000*

Student specific effecg; 155.09 12.45

*<.001
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CHAPTER V: DISCUSSION
A. Overview

The purpose of this research was to obtain causal estimates of the impaetaf ZT
individual students’ cognitive outcomes with a nationally representative obieaalalataset.

To obtain these estimates the distribution of covariates between the units ofisompaboth
school and student-levels, and the natural clustering of students within schoots todsele
considered in the models.

At the school-level of this data, ZTP and non-ZTP schools estimated distributien of
logit for adopting a zero tolerance policy allowed for the causal estimatendst §,0) in Table
3. Schools adopt ZTP with a non-experimental assignment to treatment, but theofékalts
propensity score estimates allowed causal inference to be estimateldewAithct Health data
sample.

At the student-level of the sample, there were two propensity score testiomdained
empirically, the first beinglo from children attending non-ZTP schools. The difference in the
distribution of covariates withig limited the causal inference estimates that could be obtained
with this sample to expelled and non-expelled students with a high propensity fpeledex
within non-ZTP schools only. This is a different population than all students who attend non-
ZTP schools. This analysis did not make any causal estimategrom

The second student-level estimaigwas obtained empirically from students who
attended ZTP schools. Observations across the means of the covariates in ties thantil
contained both expelled and non-expelled students were analyzed; efhgirical estimatevas
used to identify the students who attend non-ZTP schools who belonged to subpopulation C

(students with low propensity for expulsion in ZPT schools).
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After the Subpopulation C students were identified, the causal estimand aftimase
obtained with a hierarchical model that accounted for school membership.

The methodology followed in this research produced an unbiased causal estimand of ZTP
with an observational data sample if the assumptions for the modeling were plausibl

B. Implications for Zero Tolerance Policy

This is the first estimate of ZTP effects that took into account the non-exp&lme
nature of educational data, and the natural grouping of students within schools, whengnodel
causal effects. The results did not support the hypothesis that ZTP has a pidadivene
students at a low propensity for expulsion in ZTP and non-ZTP schools by creatmgde
environments that allow “good citizen students” to flourish by eliminatingligreptive students
with mandatory expulsion (Ewing, 2000).

The majority of research thus far (Giroux, 2003, Skiba, et al., 2003, Skiba & Knesting,
2001, Skiba & Petersen, 1999) has attempted to produce estimates that support a hgpothesis
the negative effect that ZTP has on a different subpopulation of students, those stiudsnts
for expulsion in non-ZTP schools, and students at risk only in ZTP schools (subpopulations A
and B). The results obtained with this research cannot be generalized to students in
subpopulations A and B.

Previous research has been an attempt to measure both an individual-level treatment
(expelled or not expelled) and the effects of zero tolerance policies on eegnitcomes at the
individual student-level, not accounting for the actual treatment assignmeterest, school
adoption of zero tolerance policy. If the treatment variable of interest (derartce policy
adoption) is not measured at the level of assignment (school-level), accussteestimates will

not be made. Also, if non-random treatment assignment at the group and individual level is not
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considered in the assumptions and modeling, the causal estimates produced maglbe bias
Lastly, the potential influence of peer treatment on individual students’ outcweds to be
considered within the model, as was done in this analysis.

The contribution of this analysis to ZTP research is not only the causal esbotadéso
the methodology introduced in the study. The methodology described with this study$rovide
the ZTP educational researcher a template for obtaining causal estim#madsservational
data.

C. Implications for Policy Applications of Causal Modeling Using HLM with PS Estimates

The lack of randomization of school policy adoption and of students’ assignment to
specific schools is an inferential limitation of educational research in obsealssettings. If
assignment to treatment is not controlled by randomization, non-equivalent grewssialty
produced. Educational research also needs to take into account the natural nestoientsf st
within schools, and the non-random assignment to treatment of school-level policgadopti
when estimating causal effects of any policy.

Propensity score estimates, at the appropriate level of treatmeminasstgvithin a
hierarchical linear model, is a technique available to educational ressaitdiecan produce
unbiased estimates with observational data. These methods were describabimthistatudy
for further use by other researchers.

As with all modeling, the assumptions of the modeling techniques employed need to be
considered. When propensity score estimation is used with observational data, the only
assumption necessary to interpret the estimates causally is the asswhgnorability of
treatment assignment. Ignorability of treatment assignment can beealsguath the covariates

that affect the treatment assignment and the outcome variable have been ddoourite
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ignorability holds, one can obtain unbiased treatment effect estimates. TheeAltld ¢thata

sample provided a rich list of covariates theoretically believed to be atsbaith both

treatments (school adoption of ZTP, and student expulsion) and cognitive outcome measures.
However, if a potentially confounding covariate was omitted from either model,shepson

of ignorability does not hold, and the estimates are potentially inaccurate. dighoisaa

largely untestable assumption, supported by theory (Foster, 2003).

D. Suqgestions for Further Research

The Add Health data set had many of the student-level covariates consideredtto aff
treatment assignment and outcome necessary for propensity score modéknstadent level,
and also grouped students within a rich school-level data set that provided the saool-le
pretreatment covariates of interest, and treatment assignment mecthdoistion of zero
tolerance policy. However, the data did not define suspension from school at a leveluidat w
have made the variable useful in modeling. An out of school suspension of over 15 days is
considered an expulsion (Skiba, et al., 2003). The data did not contain length of suspension
except a measure of greater than a few days; this left the data uninferasato whether a
suspension was indeed an expulsion by definition. The expulsion data was self-reported
(possibly adding bias to the measure), and the data on the number of expulsions per student was
not collected (failing to account for differences in dosage of treatment betwasied
students) in this sample. ZTP research with a sample that contained mori¢ sxpdént-level
data and operational definitions regarding expulsion would produce valid estimaig? oh At-
risk students (subpopulations A and B). There was missing data on many of the ®variate

theoretically believed to affect the treatment and outcome variableshdebels. The missing
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data may have left a sample of schools and students not representative aathpoputations
of interest.

The definition of a zero tolerance policy school needs to be universally acceptedhathin
educational literature. The U.S. Department of Education defines zero tolaeraagens
policies in both Sec. 14601 of the Elementary and Secondary Schools Act (ESEA) —e8un—Fr
Requirements (the GFSA of 1994, from the Improving America’s Schools Act of 1994)eand th
No Child Left Behind Act (NCLB) Sec. 4141 of 2001 (Potts et al., 2003). The GFSA specifie
that each state receiving federal funds under this Act needs to have atlaggthres schools to
impose a minimum one year out of school expulsion on any student found to have brought a
weapon to a school. Zero tolerance, as it relates to behavior and discipline, hasfipeerbg
Potts, Njie, Detch, & Walton (2003) as the policy of not tolerating undesirable behavcios
violence or illegal drug use and possession, with the automatic imposition of senedtiepéor
first offenses.

The National Center for Education Statistics reports schools that have oneeararo
tolerance policies in place (Heaviside, Rowand, Williams, & Farris, 1998). @nes®t zero
tolerance policy schools; zero tolerance policy schools are schools with aleesade to all
drugs and weapons violations. If zero tolerance for one or more of any violation of school
policy were used as the definition of a ZTP school, then every school in the Add Hegltd sam
would have been identified as a ZTP school, though the levels of ZTP vary greatghd¢hese
schools.

Estimating causal effects of ZTP policy needs to account for the non-rancGameng

assignment of school policy adoption, the non random assignment of students to expulsion, and
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the natural nesting of school data. Replication of the methods used in this analysiSevera di

sample would provide additional estimates of the impact of this policy adoption.
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APPENDIX A Equation Notation Key
Symbol and Equation Key Estimates
Z individual’'s treatment assignment

\% the treatment assignments of all other
students within an individual's school,
except the individual's assignment

s* the vector of school assignments observed
in the sample

X vector of student-level covariates

W vector of school-level covariates.

(o1 student’s probability of being expelled
under a zero tolerance policy

o student’s probability of being expelled
under a non-zero tolerance policy.

Q probability of a school being assigned to a
tolerance policy

Vo conditional effect of attending a zero

tolerance policy school versus a non-zero
tolerance policy school for students at no
risk for expulsion in either school type

Y4l conditional effect of expulsion under the
zero tolerance policy for students actually
attending zero tolerance policy schools.

AZy conditional effect of expulsion under a non-
zero tolerance policy for students actually
attending non-zero tolerance policy
schools.

logit Qj log-odds of adopting a zero tolerance
policy for school j [the log-odds is defined
as the natural logarithm of the probability
of ever adopting a zero tolerance policy
divided by 1 — (the probability of ever

adopting a zero tolerance policy); Iog}lj
=In{p (QJ)/[ 1- p (QDI}
Lo expected value of the log-odds for schools

to be zero tolerance schools when all of the
predictor variables equal zero.
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estimated change in the log- odds of
school being a zero tolerance policy school
for every unit change in the independent
variables in model (school-level covariates
and aggregated student covariates)

log-odds of being expelled for studeni
zero tolerance policy school j [ the log-
odds is defined as the natural logarithm of
the probability of ever being expelled in
zero tolerance policy school j divided by 1-
( the probability of every being expelled in
zero tolerance policy school j); Loditsjj =
In{p( i /11- p(q )] }

average log — odds for students of being
expelled in zero tolerance policy school for
X =0

estimated change in the log- odds of a
student being expelled in a zero tolerance
policy school for each one unit change in
the independent variable, while other
variables held constant.

log-odds of being expelled for studemh
non-zero tolerance policy school j [ the log-
odds is defined as the natural logarithm of
the probability of ever being expelled in
non-zero tolerance policy school j divided
by 1- ( the probability of every being
expelled in non-zero tolerance policy
school j); Logitqoj = IN{p(§oij )/[1- p(qoi
)]}

average log — odds for students of being
expelled in non-zero tolerance policy
school forx =0

estimated change in the log- odds of a
student being expelled in a non-zero
tolerance policy school for each one unit
change in the independent variable, while
other variables held constant.

NON ZTP students in Propensity stratum 1
intercept,
Effect of attending ZTP schools
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Effect Propensity stratum 2
Effect Propensity stratum 3
Effect Propensity stratum 4
Effect Propensity stratum 5
Random effect, School specific
Random effect, Student specific
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APPENDIX B School-Level Covariates

School-level Covariates Add Health data Wave | from School Administrator and

Covariate
SCID

Dr_W_ZTP ( ZTP)

Catchme
A7

Al2

Al3
Ln_mehhl
Subdinc
Engprim
Atype
Rural
Suburb
Neast
Midwest
South
Jhsandhs
Jhonly
Avgatt

Loatt

Hidropout

Student and Parent Surveys

School ID
ZTP School ('time drug, weapon offenses=expulsion)
School is a catchment area school (takes all students in geo area)
Average class size
Percentage of New Teachers
Percentage of Teachers with Masters
Average of the log of mean household income per school
Percentage of households with subsidized government income
Percentage of households with English as primary language
Type of school: public or private
Dummy variable 1 location ( urban, rural, suburban)
Dummy variable 2 location ( urban, rural, suburban)
Dummy variable 1 region (West, Neast, Midwest, South)
Dummy variable 2 region (West, Neast, Midwest, South)
Dummy variable 3 region (West, Neast, Midwest, South)
Dummy variable 1 grade levels (HSonly, JHS and HS, JHonly)
Dummy variable 2 grade levels (HSonly, JHS and HS, JHonly)
Dummy variable 1 Daily attendance (Hiatt:>96%; Avgatt: 90-
95%; Loatt:78-89%)
Dummy variable 1 Daily attendance (Hiatt:>96%; Avgatt: 90-
95%; Loatt:78-89%)
High dropout rate ( >3% any year)
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APPENDIX C Student-Level Covariates

Student-Level Covariates Add Health data Wave |, Wave Ill from Student and

bio_sex
h1gi8
hldal
hlda8
h1gh23j
hled3
hled5
hledl1l
hledl2
hled20
hled24
Rmomed
H1lwp6
H1lwp8
H1pf5
H1pf27
Hlcol
H1tol
H1to29
Smokem);
H1to51
H1ds15
H1fv6
Hlprl
Hlpr2
Hlpr4d
Hleel
Hlee4
Pa55
Pal0

Codgrexp ( Wave |
treatment variable)
AH_PVT (Wave llI
outcome variable)

Parent Surveys

Biological sex

Race Single Category

Do you work around the house?

# of Hours per week watch television

Does not eat breakfast

Has ever skipped a grade

Has ever repeated a grade

Past Semester Grade in English

Past Semester Grade in Math

| feel like a part of my school

| feel safe at my school

Residential mother completed years of education
I make own decisions weeknights how to spend time
| frequently eat dinner with at least one parent

| have good relationship with my father

| seldom get sick

Have you ever had sex?

Have you ever smoked a cigarette?

I have 3 friends who drink alcohol more then once a month
Have you ever smoked marijuana?

There is easy access to alcohol in my home

| have been loud and rowdy in public places
Were you ever jumped?

| feel adults care about me.

| feel teachers care about me.

| feel friends care about me.

| want to attend college

The # of hours worked per week during non-summer
Total household income

Parents marital status
Expelled or not in current school

Add Health PVT score

78



Propensity Score Estimates in Hierarchical Models 79

APPENDIX D

Empirical Logitg; Model Coefficients for Identification of Subpopulation C

Variable B estimate Exp of B estimate
BIO_SEX .99 2.70
H1GI8 21 1.24
H1DA1l -.07 .93
H1DAS8 .02 1.02
H1GH23J -1.04 .35
H1ED3 2.53 12.49
H1ED5 .80 2.23
H1ED11 .35 1.41
H1ED12 -.10 91
H1ED20 43 1.53
H1ED24 -47 .63
RMOMED -.50 .61
H1WP6 .38 1.40
H1WP8 =27 .76
H1PF5 .05 1.06
H1PF27 -.04 .97
H1CO1 15 1.16
H1TO1 -31 73
H1TO29 .26 1.30
SMOKEMJ .99 2.70
H1TO51 -1.26 .29
H1DS15 .30 1.35
H1FV6 T2 2.05
H1PR1 .08 1.09
H1PR2 -.18 .83
H1PR4 A1 1.11
H1EE1l .18 1.20
H1EE4 -.02 .98
PA55 .00 1.00
PA10 A3 1.14

Constant -5.85 .00
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