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Introduction

Economically disadvantaged children in the United States 
face major obstacles to academic success, despite decades of 
policy and practice remediation efforts (García & Weiss, 
2017; Kaushal et al., 2011; Reardon, 2013). This inequity 
has serious consequences for the educational attainment and 
life outcomes of students, at tremendous costs to society 
(Holzer et al., 2008); for example, it has been estimated that 
children growing up in extreme poverty are up to twelve 
times less likely to graduate from high school than youth 
from middle-class families (Duncan et al., 1998). One rea-
son schools struggle to support the learning of children 
experiencing poverty is that many of its causes of under-
achievement exert their influence outside of school. 
Inadequate nutrition, exposure to chronic stressors in the 
community, and limited learning stimulation in the home are 
but a few of poverty’s many mechanisms of harm that have 
been typically beyond the reach of schools (Dearing, 2008).

In the last decade, however, there has been increasing 
interest in the potential for schools to partner with 

community agencies as a means for reducing barriers to 
learning in a more integrated and comprehensive manner 
than schools can accomplish alone. Many such approaches 
seek to create systems (e.g., through dedicated staff roles 
and meeting structures) for schools to understand individual 
students’ strengths and needs, connect them to community 
supports that can benefit them, and follow up, monitoring 
progress. These approaches, broadly described under the 
umbrella term of Integrated Student Support (ISS), have 
shown promise for improving student outcomes.

To date, while multiple studies have provided empirical 
support for ISS, the evidence has been largely based on find-
ings from non-experimental studies (Moore et al., 2014, 
2017). Exceptions include two studies of an ISS intervention 
that randomized treatment within high schools; one found 
short-term achievement gains (ICF International, 2010) and 
one found positive effects on attitudes toward school but no 
achievement effects (Parise et al., 2017).1 Notably, the stud-
ies employing randomization to date have involved second-
ary schools, and because they involved within-school 
randomization (i.e., student-level randomization in which 
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students in the same high schools are randomly assigned to 
receive ISS or not) are susceptible to potential leakage 
effects, having comparison students either directly or indi-
rectly influenced by treatment (e.g., through possible ISS 
impacts on teachers, school climate, or other school, class-
room, or classmate factors). There remains a need for study 
of elementary school effects of ISS employing methods that 
can bolster the case for causal influence.

The present study advances this effort using a large natu-
ral experiment whereby children were randomly assigned to 
schools with and without ISS. Capitalizing on a kindergarten 
enrollment lottery process in a large urban school district that 
implemented an ISS intervention program in several elemen-
tary and K to 8 schools, we test the causal hypothesis that 
schools implementing ISS improve achievement for students. 
The ISS intervention program on which the present study is 
focused has demonstrated promising evidence in quasi-exper-
imental studies. Yet, until now, the natural experiment created 
by school admissions lotteries has yet to be exploited. In the 
following sections, we synthesize the available literature on 
ISS models, describe the ISS model of focus in the present 
study (City Connects), and describe the kindergarten lottery 
process that made it possible to estimate causal impacts.

Poverty, Children’s School Achievement, and “Integrated 
Student Support” Interventions

A robust interdisciplinary literature has documented the 
many risks faced by children growing up poor (e.g., Brooks-
Gunn & Duncan, 1997; Conger & Donnellan, 2007; Evans, 
2004; Leventhal & Brooks-Gunn, 2000; Magnuson & Votruba-
Drzal, 2009). Despite documented strengths of families living 
in poverty (e.g., González et al., 2005; Moore et al., 2002), 
these risks are significant. In the neighborhood, children and 
families in poverty face exceptional risks of exposure to toxins 
(e.g., lead poisoning) and stressful experiences (e.g., violence) 
as well as inadequate access to institutional resources (e.g., 
libraries, hospitals, grocery stores, public green spaces) (Evans, 
2004; Leventhal & Brooks-Gunn, 2000). In the home, finan-
cial constraints seriously limit the quantity and quality of 
learning resources and supports (e.g., books, toys, consistent 
housing, and adequate lighting and space for studying) and 
interfere with parent-child relationships, as economic stress 
tends to undermine parenting engagement in learning interac-
tions with their children as well as consistency and warmth 
(Bradley et al., 2001; Brooks-Gunn & Duncan, 1997; Conger 
& Donnellan, 2007). In turn, these risks have been linked with 
problems in brain neural development, cognitive functioning, 
and self-regulation beginning in infancy and with accumulat-
ing harm through childhood when exposure is chronic (Hanson 
et al., 2013; Johnson et al., 2016; Noble & Farah, 2013; Shanks 
& Robinson, 2013).

Given the risk that children in poverty face outside of 
school and the consequences of those risks for their learning 

in school, scholars have increasingly questioned whether 
schools can afford to focus exclusively on curriculum and 
instruction. Over the past decade there has been growing 
national recognition that schools must find ways to address 
the varied needs of children (Moore et al., 2014, 2017). This 
recognition has only accelerated with the myriad challenges 
faced by students living in poverty during the COVID-19 
pandemic. Researchers, practitioners, and the federal gov-
ernment have called for comprehensive strategies that lever-
age community resources to mitigate the impact of 
out-of-school risk factors and economic inequality on stu-
dent academic achievement and life chances (García & 
Weiss, 2017; U.S. Department of Education, 2017, 2021). 
One such approach to this challenge is ISS.

ISS programs were developed with the assumption that 
schools could in fact be transformed to address the multifac-
torial and dynamic nature of the risks faced by children liv-
ing in poverty by identifying and addressing these complex 
risks and then tailoring a plan of supports (Moore et al., 
2014, 2017). ISS programs are often implemented by a core 
person (such as a school counselor) who ensures that chil-
dren are evaluated to identify both academic and non-aca-
demic barriers to learning; children and families are 
connected with resources to address needs as well as enrich-
ment services that support child and family strengths and 
interests (e.g., music, arts, sports programs).

The City Connects Intervention. The City Connects model 
of integrated student support was developed and refined 
over the past two decades amid the growing concern for the 
burgeoning diversity, scale, and severity of the barriers to 
student learning. Developed through a university collabora-
tion with a large, urban public school district and local com-
munity agencies, City Connects is based on theoretical and 
empirical understandings from developmental science for 
how comprehensive student support can be expected to 
impact student outcomes. The mission of City Connects is to 
help students achieve and thrive by connecting each and 
every child to a tailored set of prevention, intervention, and 
enrichment services that are available both in their school 
and in their communities (Walsh et al., 2014). Providing tai-
lored services that support students’ individual strengths and 
needs serves to promote resilience (Masten, 2015; Masten 
et al., 2008) and connections across developmental contexts 
(e.g., family, school, and community (Bronfenbrenner & 
Morris, 1998; Garcıa Coll et al., 1996). First implemented in 
six elementary schools in 2001, City Connects has been 
scaled over time and now serves more than 175 schools 
across five states.

At the center of the City Connects program is a full-time 
Masters’-level licensed school counselor or social worker 
(Coordinator) who meets with each classroom teacher in the 
fall of each school year to review every student’s strengths 
and needs. Reviews are carried out using a protocol that 
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elicits teacher insights across the developmental domains of 
(1) academics, (2) social-emotional/behavioral develop-
ment, (3) health, and (4) family. This review process informs 
the development of an individualized support plan designed 
to build on each child’s strengths and interests and also to 
meet specific needs.

Through a secure online database that centralizes infor-
mation about student needs and community resources, each 
student is then linked to a tailored set of services and enrich-
ment opportunities that address his or her unique strengths 
and needs. For example, one student might be referred to a 
health service for an unmet physical need and also be linked 
with an afterschool program that provides evening meals. 
Another student demonstrating strength in art might benefit 
from an enrichment program at a museum. Coordinators 
also find programs and resources that can be delivered in the 
school to entire classrooms or grade levels to address wider 
opportunities and needs. Children identified as having inten-
sive needs at any point during the school year receive a more 
in-depth individual review with a wider team of profession-
als who follow a detailed protocol to develop specific mea-
surable goals and strategies for each student. Throughout the 
year, the Coordinator develops and maintains partnerships 
with community agencies and works closely with families. 
The development and implementation of a plan for every 
student is feasible because of the online database of 
resources, manuals, and online tools to support a standard-
ized set of protocols and practices, and oversight mecha-
nisms. Processes for follow-up with both agencies and 
families help Coordinators ensure that the right constellation 
of supports is in place or the plan is adjusted accordingly. 
Fidelity monitoring provides scores for each of seven core 
model components to further enhance feasibility and support 
accountability by providing data regarding evidence of stan-
dard implementation across school sites.

In previously published analyses, City Connects has 
been evaluated using non-experimental designs. Using pro-
pensity-score weighted estimates of treatment effects, for 
example, students who attended high-poverty elementary 
schools that implemented City Connects demonstrated sig-
nificantly higher achievement than students in high-pov-
erty comparison elementary schools, including higher 
fifth-grade report card scores in reading, writing, and math 
as well as higher GPAs and statewide standardized test 
scores in English language arts and math in middle school 
(Walsh et al., 2014). In addition, immigrant students who 
experienced City Connects in elementary school signifi-
cantly outperformed immigrant students who never experi-
enced the intervention on both reading and math 
achievement test scores, with the benefits of the interven-
tion being most pronounced for immigrant students who 
were English-language learners (Dearing et al., 2016).

Attending elementary schools implementing the City 
Connects intervention has also demonstrated associations 

with higher educational attainment when using propensity 
score weighting to adjust for student- and family-level selec-
tion factors. For example, youth who attended City Connects 
elementary schools from kindergarten through grade 5 
dropped out of high school at about half the rate of other 
children in the district during the same time period (Lee-St. 
John et al., 2018). After completing high school, students 
who previously attended City Connects elementary schools 
had a higher probability of enrolling in and, once enrolled, 
had a higher probability of completing two- and four-year 
college programs than comparison peers (Pollack et al., 
2023). 

This quasi-experimental evidence is encouraging and 
consistent with the causal hypothesis, but in the absence of 
randomization concerns about internal validity remain. The 
current study seeks to bolster extant evidence by exploiting 
a natural experiment in which students were randomly 
assigned to schools with or without City Connects through 
an enrollment lottery process. Given the previous studies 
summarized above, the present study does not claim to test 
new predictions, but rather is seeking to determine whether 
past quasi-experimental findings can be replicated and 
extended using a different methodology that has potential to 
add evidence that the beneficial effects associated with City 
Connects are in fact caused by City Connects.

Exploiting Lotteries to Test Causal Hypotheses in 
Education Research

A number of urban school districts assign students to 
schools using a centralized process based on the Gale-
Shapley Deferred Acceptance (DA) algorithm 
(Abdulkadiroğlu et al., 2017). Typically, in this assignment 
process, students rank their school choices in order of prefer-
ence, with a maximum number of choices permitted. If the 
number of applicants is larger than the number of available 
seats at a particular school, a random process is invoked. 
Applying students are assigned to a priority group at each 
school based on particular characteristics, which can be con-
sidered as the schools’ preferences over students. For stu-
dents selecting the same school and belonging to the same 
priority group (i.e., tied on ranking within that school), a 
randomly generated lottery number is used to break the tie 
and determine who gets placement. Thus, conditional on 
application cycle, school preference, and priority group—
that is, a “risk set”— the system produces random assign-
ment with known probabilities (Abdulkadiroğlu et al., 2017). 
This conditional random assignment can then be capitalized 
on to create an instrument indicating whether or not a stu-
dent receives a random offer to attend one of their preferred 
schools. Using this randomly generated offer to attend a 
treatment school as an instrument in instrumental variable 
regression analyses allows us to mitigate selection bias that 
would otherwise be present in naïve regression estimation 
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approaches where treatment school attendance is non-ran-
dom and most surely contains endogenous variation.

Several research studies have used the random component 
embedded in school assignment mechanisms to estimate the 
impact of other educational interventions (for example, 
Abdulkadiroğlu et al., 2013, 2014; Dobbie & Fryer, 2011a, 
2011b, 2015; Dynarski et al., 2018; Weiland et al., 2020). 
However, as Abdulkadiroğlu et al. (2017) point out, a limita-
tion of some of these studies is that they fail to exploit the full 
random variation within assignment systems. Lottery studies 
that only consider students’ first choice and ignore students 
who get assigned to a school during later iterations of the 
assignment process decrease the potential analytic sample con-
siderably; moreover, the lottery instrument does not accurately 
represent school offers for cases assigned later in a multi-step 
algorithmic process (Abdulkadiroğlu et al., 2017). Some stud-
ies have considered the full set of school choices and priority 
rankings and looked at lottery offer differences within such 
strata, but this also considerably reduces degrees of freedom 
and sample size (Abdulkadiroğlu et al., 2017). Both approaches 
are limited in that they only consider oversubscribed schools 
and thereby fail to account for randomization into undersub-
scribed schools that happens in an iterative process when a stu-
dent has been randomized out of schools to which s/he has 
previously applied. 

In the present study, we take advantage of the Deferred 
Acceptance (DA) propensity score developed by 
Adbulkadiroğlu et al. (2017) to remedy these issues. They 
show that the propensity for being assigned to any particular 
school for every student can be calculated from lottery-based 
school assignment systems via simulation—repeatedly 
drawing lottery numbers for students at random and assign-
ing them to schools using district assignment rules for each 
of the n randomly drawn lottery numbers. The average 
assignment rate across draws becomes the DA propensity 
score, representing a student’s risk of assignment. We then 
fit an instrumental variable regression to obtain causal treat-
ment effects by conditioning on the DA propensity score 
along with students’ lottery offer to attend either a treatment 
or control school using two-stage least squares estimation. 
An advantage of this method is that it allows for the inclu-
sion of students randomized to schools that are “undersub-
scribed” via lottery randomization out of more-preferred, 
oversubscribed schools. Consequently, this approach identi-
fies the maximal set of applicants subjected to randomiza-
tion and appropriately pools students with different sets of 
school preferences and priority rankings (but the same con-
ditional probability of being assigned to a particular school), 
thus boosting analytic sample size and power as well as gen-
eralizability of the estimates (Abdulkadiroğlu et al., 2017). 
More recently, this approach has been leveraged to estimate 
the causal impact of universal preschool in Boston (Gray-
Lobe et al., 2021), and the impact of Newark charter schools 
on student achievement (Winters, 2020).

The Present Study

Capitalizing on the randomization embedded in the kin-
dergarten lottery assignment process for a large urban school 
district that implemented City Connects in a subset of 
schools, we estimate the impact of ISS on elementary school 
achievement in mathematics and English language arts. 
Specifically, we test the following hypothesis: children ran-
domly assigned to elementary schools implementing City 
Connects through an enrollment lottery process will demon-
strate higher scores on state achievement tests in mathemat-
ics and English language arts than children assigned to 
elementary schools in the same district that were not imple-
menting City Connects.

Methods

Data

Anonymized student data were provided by a large urban 
school district, Boston Public Schools, in which City 
Connects was implemented in select schools during the 
years 2006–2013. Data included student kindergarten pref-
erence lists and associated enrollment lottery variables; 
school enrollment information; demographic characteristics 
(race, gender, eligibility for free- or reduced-price lunch, 
English learner status, immigration status, and special edu-
cation status); and academic performance measures (report 
card scores and scores on the state assessment in English 
language arts and mathematics). To finalize student demo-
graphic variables in our data, the authors created time 
invariant demographic variables using an if-ever coding 
scheme, i.e., if a student was ever designated to a group 
category across all years, then that student was coded as 
always having belonged to that group; for special educa-
tion status, we created a set of dichotomous indicator vari-
ables for students’ most severe special education 
designation across all years, which is based on the amount 
of time students spend in a general education classroom 
(i.e., less than 25% time outside of GE; 25–65% of time out 
of GE). The students who received instruction in a substan-
tially separate classroom (more than 65% of time out of 
GE) at any point in their elementary school career were 
excluded from the analytic sample. To code students’ eligi-
bility for free- or reduced-price lunch, we use two dichoto-
mous variables indicating whether students ever qualified 
for reduced-price or free lunch (Dynarski et al., 2021). For 
English learner status, we coded a value of 1 if the student 
was ever enrolled in secondary English instruction. Gender, 
race, and immigrant learner status variables never varied 
within students in our dataset. 

In the following sections, we describe the kindergarten 
lottery assignment system in Boston Public Schools, the 
methods used to identify randomly assigned students, and 
the analytic sample.
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Lottery Study Design. During the years 2006 to 2013, after 
which a new student assignment mechanism was imple-
mented, families seeking kindergarten entry submitted a 
preference list of up to ten schools wherein they ordered 
their top ten school choices in order of most preferred to 
least preferred for their child. Additionally, for each school a 
family names in their school preference list, their child 
receives a priority ranking at that school, such as having a 
child’s sibling already attending the school or school prox-
imity to the child’s home (e.g., one mile radius), which is 
used to ordinally rank prospective students within each 
school. Families’ school preferences along with their child’s 
priority rankings were then used to match children to schools 
using the Deferred Acceptance (DA) algorithm. Specifically, 
the algorithm matched each child to their most preferred 
school and slots were filled at that school in order of stu-
dents’ individual priority rankings until school capacity was 
reached. Subsequently, any child rejected from their top 
choice was entered as an applicant to their next most pre-
ferred school, thereby competing with that pool of applicants 
in the same manner. This process continued until each stu-
dent was matched with a school in the district (note that 
some kindergarten students were assigned to schools admin-
istratively for various reasons and thus did not participate in 
the lottery process).

A critical feature of this assignment algorithm is the use 
of randomly generated lottery numbers for tie breaking. 
Whenever children applying to the same school also shared 
the same priority ranking within that school, a tie occurred in 
the assignment mechanism. To address this, the district gen-
erated a single independently and identically distributed lot-
tery number from a uniform distribution and used these 
lottery numbers to break ties and decide which students 
gained entry into their preferred school; specifically, the stu-
dent with the lower randomly generated lottery number 
gained placement at the school for which they were compet-
ing. This tie-breaking process generated valuable data for 
program evaluation since although assignment of children’s 
individual priority rankings at each school was non-random, 
reliance upon randomly generated lottery numbers for break-
ing ties on priority ranking created conditional random 
assignment, i.e., lottery randomization (Angrist et al., 2017).

Identifying Random Lottery Offers. To leverage the condi-
tional random assignment embedded within the assignment 
mechanism, the authors first needed to identify which chil-
dren in the assignment process experienced ties and gained 
entry to a school via their randomly assigned lottery number. 
Although the district had already provided us with its school 
assignment data including children’s kindergarten prefer-
ence lists, priority rankings at each school, district-generated 
child lottery numbers, and school offer and enrollment infor-
mation, these data did not contain information on which of 
the children’s school offers from the assignment process 

relied on randomly generated lottery numbers for tie-break-
ing and thus were randomly determined. To figure out spe-
cifically which offers were subjected to lottery randomization, 
the authors first had to recreate the school assignment pro-
cess using the exact rules and lottery numbers employed by 
Boston Public Schools so that we were confident we under-
stood its mechanics. We subsequently checked our under-
standing empirically by examining the degree to which our 
results from recreating the school assignment process 
matched the actual school assignment results given to us by 
the district (i.e., classification accuracy).

To replicate the school assignment process, we recreated 
the Boston Public Schools’ school assignment algorithm by 
implementing the DA algorithm available in the “match-
ingR” package (Tilly & Janetos, 2018) available in R. The 
DA algorithm, along with the necessary user-specified inputs 
(i.e., child school preference matrix, priority ranking matri-
ces, and a list of school capacities), was included within a 
custom wrapper function to simulate the school lottery 
assignment system. First, the school assignment system 
was simulated using the same rules employed by the dis-
trict along with students’ actual district-provided lottery 
numbers and the results from this simulation was compared 
against actual school offer results provided by the district. 
This process was refined until a high degree of classifica-
tion accuracy was reached (Abdulkadiroğlu et al., 2017). 
For the purposes of this study, we defined a high degree of 
classification accuracy as 95%, i.e., 95% of children were 
assigned to a school via simulation that matched the school 
they were actually assigned to via Boston Public Schools’ 
lottery. Table 1 shows the classification accuracy of our 
replication procedure for the fall of each academic year 
spanning 2006–2010, demonstrating that we achieved a 
classification accuracy of 96% of children, similar to those 
reported as satisfactory in previous lottery-based studies 
(e.g., Abdulkadiroğlu et al., 2017).

After demonstrating an adequate understanding of the 
assignment mechanism by simulating the school assignment 
system a single time using district-provided student lottery 
numbers, we then began varying the randomly generated lot-
tery numbers to see whose school offer is affected by lottery 
number randomization. To achieve this, the assignment 
algorithm was run n =100,000 times per lottery year (800,000 
runs total) with n different sets of student lottery numbers 
randomly drawn from a continuous uniform distribution 
without replacement. For each of the simulation runs, chil-
dren were assigned to schools using the same assignment 
rules as the actual Boston Public Schools’ assignment sys-
tem. As a result, only the randomly generated children lot-
tery numbers were varied for each of the n simulation runs of 
the assignment algorithm.

Holding everything else constant, i.e., assignment rules, 
priority rankings, and school preferences, and varying only 
the randomly generated lottery numbers ensures that any 
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variation in children’s school assignment across the simu-
lated runs of the school assignment process is solely a func-
tion of the randomly generated lottery number. This allowed 
the authors to identify the set of children subjected to lot-
tery randomization by examining the frequency with which 
children were assigned to City Connects schools across the 
simulated runs, the DA propensity score (Abdulkadiroğlu 
et al., 2017). If students were assigned to schools based 
only on school preference and priority ranking, which is 
fixed, then their assignment would be constant across sim-
ulation runs and thus have a corresponding frequency of 
assignment to a City Connects school of either 0 (repre-
senting never) or 1 (representing always). In accordance 
with this, cases with scores between (0, 1) were identified 
as being subjected to randomization to a treatment school 
and retained for analysis. Figure 1 exhibits the step-by-step 
process we took to identify random lottery offers used for 
estimating causal effects.

Analytic Sample

During the study years, the number of schools in the dis-
trict implementing City Connects varied between five and 
seventeen. Schools were not randomized into treatment con-
ditions; instead, neighborhood clusters of schools were 
selected by district administration to implement City 
Connects based on having low average standardized test 
scores and high rates of poverty (as measured by percentage 
of students receiving free or reduced-price lunch). Table 2 
presents implementation data for treatment schools in the 
analytic sample on key features of the intervention during 
the time under study, collected as part of the practice’s fidel-
ity measurement system. In these years, nearly all students 
(99–100%) in schools implementing City Connects received 
a personalized support plan after a review with the coordina-
tor and a teacher; most students (75–99% of a school) 
received at least one support or enrichment service. Multiple 
community partners were engaged in providing services, 
with the total number of partners per year ranging from 96 to 
322. In general, fidelity of implementation is predicted to 

increase slightly over time as a natural consequence of the 
nature of City Connects: many elements of the practice can 
be implemented with high fidelity starting in a school’s first 
year (e.g., all students receive an individualized review of 
strengths and needs and a support plan), but a few elements 
tend to evolve over time (e.g., the number of community 
partnerships for a given school grows as the practice becomes 
more embedded in the community).

During the time of this study, non-treatment schools in 
the district also had student supports and services avail-
able that varied from school to school, but they did not 
utilize a structured support model with a designated coor-
dinator and review of all students. Although student-level 
service data and partnership data was not available for 
non-treatment schools in the same way as for City 
Connects schools, a review of comparison school artifacts, 

TABLE 1
Baseline Deferred Acceptance (DA) Algorithm Classification 
Accuracy

Year 
(Fall)

DA Algorithm Results Classification Accuracy

No. Correct No. Incorrect % Correctly Classified

2006 1835 72 96%
2007 1676 61 96%
2008 1363 53 96%
2009 1445 72 95%
2010 1546 88 95%
TOTAL 7,865 346 96%

FIGURE 1. Step-by-Step Process of Identifying Random Lottery 
Offers.
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processes, partnership data, and descriptions by leaders such as 
principals, assistant principals, and teachers in these compari-
son schools revealed several differences (Bowden et al., 2020). 
For example, comparison schools (a) lacked systematic screen-
ing processes for understanding student needs; (b) were pri-
marily focused on crisis responses rather than proactive 
reviews; (c) tended to focus on academic and one or two addi-
tional domains in contrast to the full set of four developmental 
domains addressed in City Connects schools; and (d) reported 
4–9 partnerships per school, in contrast to 39–47 community 
partners per City Connects school (Bowden et al., 2020).

In 2006, the first year of this study, treated and compari-
son schools did not differ significantly by school size (num-
ber of students), proportion of students by race/ethnic 
groups, English language learner status, economic disadvan-
tage status, or special educational needs; or by percent of 
grade 3 students achieving proficient or advanced categories 
on the state assessment for both English Language Arts and 
mathematics. While schools did not have the opportunity to 
opt into City Connects or not, it is important to note a limita-
tion to the methodology in this study: that there may be 
unobserved characteristics of schools that were assigned to 
City Connects that could be influencing results.

The final analytic sample included five cohorts of chil-
dren who sought entry into a kindergarten program in Boston 
Public Schools during the 2006–2007 through 2010–2011 
school years, whose offer to attend kindergarten was deter-
mined via school lottery, and whose lottery records could be 
linked to academic outcomes and demographic data. 
Students who didn’t participate in the school lottery process 
were assigned to a district school through administrative 
decision-making or other non-random mechanisms. Because 
the school assignment mechanism for these children is 
unknowable, we exclude them from our analyses, focusing 
only on the subset of children who participated in their dis-
trict lottery process and for which the assignment mecha-
nism is known. Moreover, children who received classroom 

instruction in substantially separate special education place-
ments were excluded from the sample. Of the 8,211 children 
who applied for kindergarten entry during this period, 2,342 
received an offer that was determined via random lottery, 
and 5,869 had DA propensity scores that were either 0 or 1 
and therefore were assigned to schools non-randomly. A DA 
propensity score of either 0 (representing never assigned) or 
1 (representing always assigned) means that the randomly 
generated lottery number for a given student never factored 
into their school assignment across the simulated runs of the 
assignment process and thus students were assigned to 
schools based only on school preference and priority rank-
ing, which are non-random. For this reason, we excluded 
these students from our analyses. Figure 2 illustrates the 
steps we took to generate our lottery analytic sample.

Of the randomly assigned students in our sample, approxi-
mately 56% were assigned to a school that implemented the 
intervention by the time they were in fifth grade. By third, 
fourth, and fifth grade, these students could have received a 
maximum of four, five, and six years of the intervention, 
respectively; on average, students in the treatment sample 
who complied with their lottery assignment received 2.9, 3.2, 
and 3.6 years of the intervention. Based on the availability of 
outcome data, the fourth-grade analytic sample included only 
the first four cohorts, and only the first three cohorts are 
included in the fifth-grade analytic sample. Once children’s 
lottery records, demographic characteristics, and academic 
outcomes data were combined, the sample sizes were 1,357 
for grade 3, 1,000 for grade 4, and 626 for grade 5.

Measures

Academic outcomes were represented by raw scores on 
the mathematics and English Language Arts (ELA) sections 
of the Massachusetts Comprehensive Assessment System 
statewide assessment at grades 3, 4, and 5. This state-admin-
istered standardized assessment had been administered since 

TABLE 2
Implementation Data for Study Schools on Key Components of City Connects, by Year

Number 
of schools

Total Number 
of students

Students reviewed and 
received support plan

Number 
of services

Average number of 
services per student

Students receiving 
at least one service

Number of 
community partners

2007-08 12 3069 na 6671 2 75% 96
2008-09 12 3516 99% 11539 3 na 103
2009-10 12 4906 90% 14456 3 77% 208
2010-11 16 6478 99% 33745 5 95% 288
2011-12 15 6441 100% 29427 5 99% 288
2012-13 18 6845 100% 38946 6 98% 299
2013-14 19 7380 100% 46330 6 99% 322

na: Sufficient data not available for reporting.
Note. The 12 schools in 2007–2008 are different schools than those reported in 2008–2009.
Comprehensive end-of-year reporting of implementation data for our intervention started in 2007–2008 and so implementation data for 2006–2007 was 
unavailable.
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the early 1990s and used by the state to meet federal report-
ing mandates. Test reliability and validity have been well 
established (Massachusetts Department of Elementary and 
Secondary Education, 2010). Student score data were stan-
dardized by subject, grade, and school year to allow the 
model coefficients to be interpreted as predicted changes in 
standard deviation units and an index of effect size.

Estimating the Effects of City Connects Using Lottery 
Offers

To estimate the effect of schools implementing City 
Connects on student academic achievement at grades 3, 4 
and 5, we used DA propensity scores from random lottery 
offers in two complementary models: instrumental variable 
and intention-to-treat regressions (Angrist et al., 2012). The 
instrumental variable regression model estimates the effect 
of schools implementing City Connects on academic 
achievement for children who complied with their lottery 
offer and, in fact, attended the school to which they were 

assigned for at least one term. In addition to the dichotomous 
treatment variable, we also estimated instrumental variable 
models for the number of years that students participated in 
treatment (i.e., attended a school implementing City 
Connects), otherwise known as dosage.

Note that the instrumental variable regression model does 
not provide information about the treatment effect for the 
approximately 35% of students in both treatment and control 
groups who did not comply with their lottery offer to attend 
a specific school. To address issues of non-compliance, we 
also estimated intention-to-treat regression analysis using 
the random lottery offer as the treatment variable. Details for 
the two regression approaches are presented in the following 
sections. However, before turning to these estimation strate-
gies in further depth, it is also important to note a key differ-
ence between the natural experiment we exploit using the 
lottery and an ideal experiment: Ideally, students would be 
randomly assigned to schools and schools would be ran-
domly assigned to receive the intervention. In comparison, 
lottery randomization only happens at the student-level; as a 

FIGURE 2. Process for Identifying Lottery Analytic Sample.
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result, the identification strategy includes the effect of City 
Connects plus the potential for confounding effects of 
school-level differences between intervention and control 
schools. While we examined the association between receiv-
ing a lottery offer to a treatment school and certain school-
level characteristics, we cannot fully address this limitation 
empirically. Nonetheless, lottery randomization at the stu-
dent level does effectively rule out an entire class of endoge-
neity problems ubiquitous in non-experimental and 
quasi-experimental educational research: student-level 
selection and omitted variable bias.

Instrumental Variable (IV) Regression Model Approach. We 
estimated the localized average treatment effect (LATE) 
using a two-stage least squares instrumental variable regres-
sion using the random lottery offer as the instrument. DA 
propensity scores were used as covariates in the first- and 
second- stage equations of the IV analysis to control for 
assignment risk and create conditional random assignment. 
Predicted values from the first-stage regression were used as 
the treatment variable in a second-stage regression with stu-
dent academic achievement as the outcome variable. Child-
level covariates were included in both first- and second-stage 
regressions. Given that the outcome variables were stan-
dardized by subject, grade and school year, we used the 
regression coefficient as a measure of standardized effect 
size. Our instrumental variable regression model was as 
follows:

Second stage:

Assessment Year d Xi
j
j ij

TREAT i

i i

iTreat

= ′ + + ′

+ +

∑α δ β

β ε

2



,

 (1A)

First stage:

Treat Year d X

LotteryOffer

i
j

j ij

Offer i i

i i= ′ + + ′

+ +

∑α κ

η

1 Π

Π ,

 (1B)

Where Treati is a dichotomous indicator indicating if 
child i ever participated in treatment from kindergarten to 
the grade point being considered, Yeari is a vector of cohort 
year dummy indicators for child i, α is a vector of cohort 
year effects for years 2006–2010, and Xi is a design matrix 
for child i containing a vector of 1’s and the following if-
ever static child-level dummy covariates measured starting 
at baseline during the kindergarten lottery: gender 
(female = 0, male = 1); a set of student-level dichotomous 
indicators for race including White, Black, Hispanic, Asian, 
and Multi-racial/Other (non-group membership = 0, group 
membership = 1); special education status (no = 0, yes = 1); 
free and reduced priced lunch status (no = 0, yes = 1); and 
English learner status (no = 0, yes = 1). Furthermore, dij are 

the frequencies with which children were assigned to a treat-
ment school across the n simulation runs of the DA algo-
rithm, i.e., the DA propensity score. Given dij, lottery offers 
to attend either a treatment or control school are randomly 
determined and thereby allow us to isolate exogenous varia-
tion in the endogenous regressor, Treati. Moreover, because 
school access within the district is largely regulated by the 
lottery assignment mechanism, lottery offer is a highly rele-
vant instrument, as seen from the F-statistics in Table 3 and 
discussed in the results section. Lastly, it is important to note 
that by using this approach, we are assuming that the only 
way our lottery offer instrument affects students’ standard-
ized test scores is through providing students with the chance 
to attend a school implementing the ISS intervention (i.e., 
the exclusion restriction).

Treatment dosage. In addition to estimating the effect of 
ever having received the treatment, we also use the same IV 
regression modeling approach to estimate LATE for dosage. 
Specifically, we estimated our dosage effect using the same 
equations shown in Equations 1A and 1B but instead set the 
variable Treat i to be equal to the number of school years 
students were exposed to the treatment up until the grade 
being considered. By third, fourth, and fifth grade, students 
could have received a maximum of four, five, and six years 
of treatment, respectively.

Intention-to-treat Regression Model Approach. For inten-
tion-to-treat models, the random lottery offer to attend an 
intervention or control school was the treatment variable in 
a regression model with academic achievement as the out-
come. We conditioned the estimates on DA propensity scores 
to control for assignment risk; the random lottery offer in the 
regression model then captured the causal effect of randomly 
being offered a seat to attend a treatment school. Specifi-
cally, these models took the form:

Assessment Year d X

LotteryOffer

i
j
j ij

Offer i i

i i= ′ + + ′

+ +

∑α δ β

β ε ,
 (2)

Where Lottery Offer
i
 is the treatment variable, a dummy 

indicator indicating whether or not a child received a ran-
dom lottery offer to attend an elementary school implement-
ing the ISS Model and all other variables are defined as they 
were in the instrumental variable regression specification.

Heterogenous Treatment Effects. Heterogenous treatment 
effects were examined for gender, eligibility for free- or 
reduced-price lunch, and English learner status. Effects were 
estimated by including an interaction term between each of 
the aforementioned student demographic characteristics and 
a term capturing if-ever participation in the treatment, Treat i, 
and lottery offer, Lottery Offer

i
, with instrumental variable 
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and intention-to-treat regression models, respectively. For 
instrumental variable models, we estimated the following:

Second stage:

Assessment Year d X

Treat Treat

i
j
j ij

TREAT i M i

i i= ′ + + ′

+

∑
+

α δ β

β β

1

 

*MModeratork i+ ε ,

 (3A)

First stage:

Treat Year d X

LotteryOffer Lottery

i
j

j ij

Offer i M

i i= ′ + + ′

+ +

∑α κ1 Π

Π Π OOffer

Moderator

i

k i* ,+ η

 (3B)

Our intention-to-treat models used the random lottery 
offer to attend an intervention or control school as the mod-
erator via the following:

Assessment Year d X

Lottery Offer B Lot

i
j

j ij

Offer i M

i i= ′ + + ′

+ +

∑α δ β

β ttery Offer

Moderator

i

k i
*

,
+ ε

 (4)

Where Moderatork  is a variable in the set of student char-
acteristics considered for heterogeneity analysis and all other 
variables are defined as they were in Equations 1 and 2.

Results

Here, we present treatment effect estimates for grades 3, 
4, and 5 from our two approaches: instrumental variable and 
intention-to-treat analysis. First, we report instrumental vari-
able regression estimates of the localized average treatment 
effect (LATE) for students who received a random lottery 
offer to attend an elementary school implementing City 
Connects and complied with that offer. We discuss the results 
from our instrumental variable regression in both the context 
of if-ever dose and dosage. We then provide intention-to-
treat regression estimates of the average treatment effect for 
children receiving a random lottery offer to attend a City 
Connects elementary school. We present the results by grade 
level as well as for a combined sample across grades.

Instrumental Variable (IV) Regression Model Results

First stage estimates of the instrument are presented in 
Table 3. For both treatment variables—ever treated and 
years of dosage—kindergarten lottery offer to enroll in a 
treatment school was strongly predictive of treatment com-
pliance. This instrument was statistically significant at 
p < .01 and associated first stage F-statistic values were 
much larger than the recommended What Works 
Clearinghouse (2020) proposed threshold of 10 for all grade 
models. Recent econometrics literature, however, has 

proposed more stringent guidelines for assessing instrument 
relevance via F-statistics. Stock and Yogo (2005) cite that 
first-stage estimates greater than 16.4 in the single instru-
ment case ensures a Type I error rate of no more than 10% 
(Keane & Neal, 2023). The F-statistics for our grade models 
are all equal to or are far greater than 29.5, far surpassing 
this criterion; in fact, the F-statistic for our grade 3 model 
(F = 159.7) surpasses even the most stringent criterion of 
F > 104.7 proposed by Lee et al. (2022), suggesting ade-
quate instrument relevance. Moreover, given that lottery 
offers are randomly generated within risk sets and thus are 
uncorrelated with any measured or unmeasured confound-
ers, it is plausible that our lottery instrument only impacts 
students’ standardized test scores through school allocation, 
making the exclusion restriction assumption tenable. 

Estimates of the localized average treatment effect on aca-
demic achievement in grades 3 to 5 for children who complied 
with their random lottery offer are provided in Tables 4 and 5. 
At grades 3 and 4, children who were randomly assigned into 
schools implementing City Connects at kindergarten, and sub-
sequently attended, scored between .02 standard deviations 
(σ) to .18 σ higher than those assigned to control schools. At 
these early grades, however, treatment effects did not reach 
statistically significant (p < .05) levels. At fifth grade, on the 
other hand, treatment effect sizes favoring those assigned to 
City Connects schools were considerably larger, −.57 σ higher 
achievement in mathematics and .63σ higher achievement in 
ELA—and statistically significant using the nominal unad-
justed p-value (p < .05). However, when applying Bonferroni 
corrected p-values to control for the experiment-wise error 
rate, treatment effect sizes are no longer statistically signifi-
cant (p = .32), albeit still of large magnitude.

Using the recent guidelines for magnitude of effect set 
forth by What Works Clearinghouse (2020) and Kraft 
(2020), these effect sizes at fifth grade appear substantively 
meaningful with significant educational and policy rele-
vance (Kraft, 2020). Further underscoring practice and pol-
icy relevance, each year of dosage yielded an average effect 
size of .14σ in math and .15σ in ELA.

Intention-to-Treat Regression Model Results

Tables 6 and 7 provide intention-to-treat estimates for 
children’s academic achievement in grades 3 to 5. At grades 

TABLE 3
First-stage Estimates of Lottery Offer Effect on City Connects

Lottery Offer F statistic

3rd (N = 1,357) 0.51*** (.04) 159.7
4th (N = 1,000) 0.41*** (.06) 44.4
5th (N = 626) 0.37*** (.07) 29.5

***denotes p < .01. 
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3 and 4, achievement gains favoring children in City 
Connects schools ranged from .04 to .07σ, but similar to 
our IV estimates did not reach statistically significant lev-
els. However, also consistent with our IV estimates, chil-
dren in schools implementing City Connects scored, on 
average, .21σ higher in grade 5 in mathematics and .23σ in 
ELA than their non-treatment peers, significant differences 
based on nominal unadjusted p-values (p < .05). However, 
once again, when applying Bonferroni corrected p-values 
to control for the experiment-wise error rate, these signifi-
cant differences disappear.

Using the previously aforementioned guidelines for mag-
nitude of effect, we note that the effects at fifth grade are sub-
stantively meaningful and of policy relevance (Kraft, 2020). 
Noteworthy is that while ITT regression provides an unbiased 
treatment effect, our estimates using this method are consider-
ably smaller in magnitude than those from the instrumental 
variable regression; this is due to noncompliance issues (e.g., 
children not attending a City Connects school despite win-
ning a lottery spot) attenuating the treatment effect. By the 
time students reached third grade, the first grade considered 
for our outcome analyses, 11% of students initially assigned 

TABLE 5
Instrumental Variable Estimates of City Connects effect on ELA Achievement

Ever treated Dosage  

 Est. (s.e.) Unadjusted p-value Adj. p-value Est. (s.e.) Unadjusted p-value Adj. p-value

3rd (N = 1,357) 0.05 (0.13) 0.30 1 0.02 (0.04) 0.31 1
4th (N = 1,000) 0.11 (0.18) 0.17 1 0.03 (0.05) 0.27 1
5th (N = 626) 0.63 (0.29) 0.02 0.32 0.15 (0.07) 0.02 0.32
Combined (N = 2,957) 0.16 (0.12) 0.20 1 0.05 (0.04) 0.11 1

Note. Standard errors, in parentheses, are clustered by school in the individual grade analyses and by student in the combined grade analyses. Adjusted 
p-values represent Bonferroni corrected p-values to control for multiple hypothesis tests.

TABLE 4
Instrumental Variable Estimates of City Connects Effect on Mathematics Achievement

Ever treated Dosage  

 Est. (s.e.) Unadjusted p-value Adj. p-value Est. (s.e.) Unadjusted p-value Adj. p-value

3rd (N = 1,357) 0.08 (0.15) 0.30 1 0.03 (0.05) 0.27 1
4th (N = 1,000) .18 (.19) .17 1 .05 (.05) .16 1
5th (N = 626) 0.57 (0.28) 0.02 0.32 0.14 (0.07) 0.02 0.32
Combined (N = 2,957) 0.15 (0.18) 0.20 1 0.04 (0.03) 0.09 1

Note. Standard errors, in parentheses, are clustered by school in the individual grade analyses and by student in the combined grade analyses. Adjusted 
p-values represent Bonferroni corrected p-values to control for multiple hypothesis tests.

TABLE 6
ITT Estimates of City Connects Effect on Mathematics Achievement

Grade (N) Est. (s.e.) Unadjusted p-values Adj. p-values

3rd (N = 1,357) 0.04 (0.08) 0.31 1
4th (N = 1,000) 0.07 (0.08) 0.19 1
5th (N = 626) 0.21 (0.10) 0.02 0.32
Combined (N = 2,957) 0.08 (0.06) 0.09 1
Combined with dosage covariate (N = 2,957) 0.02 (0.06) 0.37 1
Years of dosage 0.04 (0.02) 0.02 0.32

Note. Standard errors, in parentheses, are clustered by school in the individual grade analyses and by student in the combined grade analyses. Adjusted 
p-values represent Bonferroni corrected p-values to control for multiple hypothesis tests. We also ran a separate model combining grade samples and using 
years of dosage as a covariate.
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to a treatment school were in a comparison school, and 7% 
of comparison students had entered into a treatment school.

Treatment Effect Heterogeneity

Tables 8–11 provide estimates from our treatment het-
erogeneity analyses, including the main effects of treat-
ment and student demographic characteristics (e.g., gender, 
ELL, and FRPL) as well as the interaction effects for treat-
ment by demographic characteristics. Across grades and 
demographic indicators, we detected no statistically sig-
nificant interaction effects. The lack of interaction effects 
suggests that the size of treatment effects from our models 
presented in Tables 4–7 are fairly generalizable across gen-
ders, English-language proficiency levels, and FRLP 
statuses.

Validity Checks

The validity of the treatment effects presented in this 
study and their generalizability depends on key factors: our 
ability to identify random lottery offers, the sample partici-
pating in the lottery assignment system, attrition, and 

school-level confounding. This section presents results from 
empirical examinations into the validity of our regression 
estimates.

Efficacy of the Lottery Randomization. The internal validity 
of our treatment effect estimates hinges on successfully iden-
tifying randomized students within the school assignment 
process. To provide evidence of randomization, we examined 
the covariate balance between the group receiving a lottery 
offer to attend an intervention school and those receiving a 
lottery offer to attend a school without the intervention. Spe-
cifically, we estimated a series of linear probability models 
regressing each student characteristic at kindergarten on 
school lottery offer to a school implementing City Connects, 
lottery year, and children’s DA propensity scores. Given that 
the lottery offer is random conditional on the DA propensity 
score, none of the child characteristic variables should be sig-
nificantly associated with the lottery offer in these models 
(Abdulkadiroğlu et al., 2017).

Table 12 provides results from the analyses examining 
child characteristics by lottery offer. Only free and reduced-
price lunch status was significantly associated with receiv-
ing a lottery offer to a treatment school, although the 

TABLE 7
ITT Estimates of City Connects Effect on ELA Achievement

Grade (N) Est. (s.e.) Unadjusted p-values Adj. p-values

3rd (N = 1,357) 0.03 (0.07) 0.33 1
4th (N = 1,000) 0.04 (0.08) 0.31 1
5th (N = 626) 0.23 (0.12) 0.03 0.48
Combined (N = 2,957) 0.07 (0.05) 0.08 1
Combined with dosage covariate (N = 2,957) 0.04 (0.06) 0.25 1
Years of dosage 0.02 (0.01) 0.02 0.32

Note. Standard errors, in parentheses, are clustered by school in the individual grade analyses and by student in the combined grade analyses. Adjusted 
p-values represent Bonferroni corrected p-values to control for multiple hypothesis tests. We also ran a separate model combining grade samples and using 
years of dosage as a covariate.

TABLE 8
IV Heterogeneity Analysis—Math

Grade 3 Grade 4 Grade 5

 B S.E. p B S.E. p B S.E. p

Male −0.061 0.236 0.796 0.292 0.294 0.32 0.141 0.415 0.733
Treatment −0.062 0.256 0.808 0.484 0.314 0.124 0.543 0.443 0.221
Male × Treatment 0.089 0.159 0.577 −0.16 0.19 0.401 −0.026 0.272 0.924
English Learner −0.271 0.36 0.453 −0.358 0.535 0.504 0.345 0.75 0.646
Treatment 0.116 0.293 0.116 0.113 0.376 0.764 0.841 0.549 0.126
EL × Treatment −0.043 0.237 0.857 0.122 0.326 0.709 −0.309 0.472 0.513
FRPL −0.334 0.079 <-.01 −0.9 0.352 <-.01 −1.065 0.463 0.022
Treatment 0.204 0.348 0.557 −0.285 0.458 0.534 −0.241 0.538 0.654
FRPL × Treatment −0.075 0.19 0.692 0.293 0.233 0.208 0.421 0.3 0.162
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TABLE 9
IV Heterogeneity Analysis—ELA

Grade 3 Grade 4 Grade 5

 B S.E. p B S.E. P B S.E. p

Male −0.506 0.08 <0.01 0.163 0.287 0.569 0.362 0.407 0.374
Treatment 0.088 0.241 0.714 0.501 0.317 0.114 0.986 0.43 0.022
Male × Treatment −0.03 0.156 0.847 −0.239 0.187 0.202 −0.298 0.269 0.268
English Learner −0.663 0.389 0.089 −0.571 0.575 0.321 −0.888 0.76 0.248
Treatment −0.075 0.297 0.802 0.03 0.388 0.937 0.331 0.529 0.532
EL × Treatment 0.104 0.252 0.679 0.107 0.348 0.758 0.214 0.466 0.647
FRPL −0.42 0.256 0.102 −0.711 0.343 0.038 −0.79 0.468 0.092
Treatment 0.156 0.306 0.61 −0.122 0.427 0.776 0.328 0.505 0.517
FRPL × Treatment −0.061 0.171 0.72 0.149 0.225 0.508 0.132 0.302 0.663

TABLE 10
ITT Heterogeneity Analysis—Math

Grade 3 Grade 4 Grade 5

 B S.E. p-value B S.E. p-value B S.E. p-value

Male −0.01 0.146 0.943 0.226 0.188 0.23 0.148 0.233 0.524
Lottery Offer −0.042 0.157 0.791 0.291 0.182 0.11 0.287 0.231 0.214
Male × Lottery Offer 0.051 0.086 0.556 −0.123 0.105 0.241 −0.067 0.136 0.622
English Learner −0.289 0.254 0.259 −0.176 0.273 0.52 0.226 0.37 0.542
Lottery Offer 0.07 0.22 0.749 0.078 0.23 0.732 0.43 0.3 0.152
EL × Lottery Offer −0.03 0.175 0.864 0.02 0.178 0.91 −0.221 0.234 0.344
FRPL −0.331 0.095 <.001 −0.733 0.237 <.001 −0.771 0.284 0.001
Lottery Offer 0.131 0.281 0.641 −0.22 0.251 0.382 −0.185 0.264 0.485
FRPL × Lottery Offer −0.053 0.151 0.724 0.179 0.14 0.202 0.213 0.15 0.154

TABLE 11
ITT Heterogeneity Analysis—ELA

Grade 3 Grade 4 Grade 5

 B S.E. p-value B S.E. p-value B S.E. p-value

Male −0.106 0.135 0.434 0.043 0.184 0.815 0.215 0.237 0.365
Lottery Offer 0.059 0.134 0.66 0.309 0.185 0.093 0.569 0.235 0.016
Male × Lottery Offer −0.024 0.09 0.786 −0.162 0.111 0.145 −0.236 0.14 0.093
English Learner −0.589 0.287 0.04 −0.432 0.273 0.115 −0.563 0.359 0.117
Lottery Offer −0.045 0.229 0.843 0.028 0.23 0.902 0.166 0.273 0.545
EL × Lottery Offer 0.057 0.189 0.763 0.028 0.175 0.873 0.037 0.23 0.872
FRPL −0.503 0.079 <0.001 −0.627 0.241 <0.001 −0.666 0.272 0.015
Lottery Offer 0.101 0.197 0.607 −0.103 0.258 0.69 0.142 0.259 0.585
FRPL × Lottery Offer −0.043 0.121 0.719 0.091 0.138 0.507 0.037 0.154 0.809

standardized mean difference was quite small. These results 
offer evidence that the random assignment embedded within 
the lottery process was successfully captured.

Attrition. While Table 14 indicates that children receiving 
random lottery offers to attend either an intervention or con-
trol school were similar at the time of receiving an offer, it is 
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possible that subsequent non-random attrition processes 
could generate selection bias (Abdulkadiroğlu et al., 2014; 
What Works Clearinghouse, 2017). Among students offered 
a kindergarten seat via lottery, about 65% enrolled in the 
school they were assigned to. There were no differences in 
enrollment compliance by treatment status. Nearly 20% of 
students subject to the lottery did not enroll in the school dis-
trict in kindergarten. Attrition rates across the full analytic 
sample and by treatment status are presented in Table 13.

In total, 42% of students are lost to attrition by the time 
third grade outcomes are observed. About 6% more stu-
dents were lost to attrition in the treatment group for third 
outcomes. For fourth grade, 46% of students for whom 
such an outcome could be observed (i.e., the first four 
cohorts) are lost to attrition, with no differences in attrition 
by treatment status. For fifth grade, 54% of students for 
whom such an outcome could be observed (i.e., the first 
three cohorts) are lost to attrition, with no differences in 
attrition by treatment status.

Due to potential threats related to attrition, we also calcu-
lated differences in baseline characteristics by treatment 

status for each analytic sample, depicted in Table 14. While 
there were some differences in baseline characteristics by 
treatment status across each of the analytic samples, none 
were greater than 0.25 standard deviations. Thus, according 
to What Works Clearinghouse standards, the threat of bias 
due to attrition is tolerable under optimistic assumptions for 
grade 3, and tolerable under optimistic and cautious assump-
tions for grades 4 and 5 (What Works Clearinghouse, 2020).

Cohort Analysis. Given that our grade 5 estimates are 
based on a smaller number of lottery cohorts than our grade 
3 and 4 estimates, cohort effects are a potential concern. 
Accordingly, we estimated ITT and LATE models at each 
grade level using just the first three cohorts (Tables 15 and 
16), having found baseline covariate balance for these 
cohorts (Table 17) based on student characteristics within 
DA propensity score strata.

In our models restricted to only the first three cohorts, we 
found significant treatment effects in both math and ELA at 
both third and fifth grade. Nonetheless, the third-grade 
LATE estimates for these three cohorts were about 50% 

TABLE 12
Balance on Observable Characteristics in Kindergarten

Characteristic
Overall 
sample

Treatment 
sample

Control 
sample

Standardized 
mean difference

Linear 
probability

Bilingual (%) 15.0 17.6 11.6 0.12 0.008
Male (%) 52.0 52.8 51.6 0.03 0.02
Special education (%) 18.8 19.0 18.7 0.02 −0.008
Free/reduced-price lunch (%) 83.5 84.1 82.7 0.04 −0.06**
Foreign-born (%) 7.4 7.8 6.8 0.04 −0.009
Race or ethnic group (%)  
Black 28.0 27.3 28.9 0.04 −0.05
White 11.1 10.2 12.5 0.07 0.03
Hispanic 46.8 47.3 46.2 0.02 0.04
Asian 11.3 12.6 9.7 0.09 −0.01
Enrolled in BPS (%) 80.5% 82.1% 78.4% 0.09 0.002

Note. Standardized mean difference is calculated using Cohen’s D. Because randomization only occurs within DA propensity score strata, we also estimate 
differences within strata using linear probability models. These models estimate the difference in the likelihood of a student being of particular demographic 
group by treatment status, conditional on lottery year and DA propensity score. Also, these percentages represent the percentage of students falling within 
each demographic category within each respective sample and should not necessarily sum to 100%.
**denotes p < .05.

TABLE 13
Attrition from 2006–2010 Cohorts by Grade of Analysis

Grade

Eligible lottery sample Retained analytic sample Attrition

Total Treat Control Total Treat Control Total Treat Control Difference

3 2,342 1,222 1,120 1369 680 689 42% 45% 39% 6%
4 1,864 1,035 829 1005 561 444 46% 46% 46% 0%
5 1,420 793 627 647 366 281 54% 54% 55% 1%
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TABLE 14
Tests of Baseline Equivalence by Analytic Sample

Grade 3 Grade 4 Grade 5

Characteristic SMD LP SMD LP SMD LP

Bilingual 0.11 0.02 0.12 0.01 0.01 0.02
Male 0.06 0.01 0.04 0.03 0.02 <0.01
Special education 0.06 0.03 0.03 0.04 0.01 0.04
Free and reduce-priced lunch 0.03 0.04 0.17 <0.01 0.18 <0.01
Foreign-born 0.06 0.01 0.01 0.02 0.07 0.01
Black 0.09 0.03 0.04 0.03 0.01 0.01
White 0.03 0.04 0.13 0.01 0.11 0.05
Hispanic 0.01 0.01 0.06 0.02 0.02 0.04

Note. SMD = standardized mean difference using Cohen’s D. LP = linear probability. Because randomization only occurs within DA propensity score strata, 
we also estimate differences within strata using linear probability models. These models estimate the difference in the likelihood of a student being of par-
ticular demographic group by treatment status, conditional on lottery year and DA propensity score.

TABLE 15
Instrumental Variable Estimates of City Connects Effect for Students in 5th Grade Sample (Cohorts 1—3)

Ever treated Dosage

 Math ELA Math ELA

3rd (N = 602) 0.39** (0.03) 0.37** (0.16) 0.13** (0.06) 0.13** (0.06)
4th (N = 611) 0.29 (0.26) 0.18 (0.25) 0.08 (0.08) 0.05 (0.07)
5th (N = 626) 0.57** (0.28) 0.63** (0.29) 0.14** (0.07) 0.15** (0.07)
Combined (N = 1,833) 0.36** (0.17) 0.37** (0.16) 0.11** (0.05) 0.11** (0.05)

Note. Standard errors, in parentheses, are clustered by school in the individual grade analyses and by student in the combined grade analyses. 
**denotes p < .05.

smaller than those observed at fifth grade, and fourth grade 
estimates remained null in both the ITT and LATE models. 
Taken together, our analyses suggested that earlier cohorts 
may have experienced larger positive effects than later 
cohorts and, within cohorts, the size of treatment effects may 
increase between the time children are in third to fifth grade. 
The explanation for why treatment effects appeared least 
robust at fourth grade is, however, less clear.

Lottery Sample. Although school admissions lotteries gen-
erate random offers to attend a specific school, these ran-
domly generated offers are only for children who decide to 
participate in the school lottery assignment process. We note 
that it is possible that children and their families who partici-
pate in the lottery process differ systematically from those 
who do not submit an application or who are assigned to a 
kindergarten school through non-lottery administrative 

TABLE 16
ITT Estimates of City Connects Effect for Students in 5th Grade Sample (Cohorts 1–3)

Grade (N) Math ELA

3rd (N = 602) 0.19** (0.09) 0.19** (0.09)
4th (N = 611) 0.12 (0.13) 0.06 (0.13)
5th (N = 626) 0.21** (0.10) 0.23* (0.12)
Combined (N = 1,832) 0.13* (0.07) 0.14** (0.07)
Combined with dosage covariate (N = 1,832) 0.11 (0.08) 0.13* (0.08)
Years of dosage 0.01 (0.02) 0.01 (0.02)

Note. Standard errors, clustered by school, are in parentheses.
*denotes p < .10; **denotes p < .05. 



16

procedures. Additionally, while our analytic sample focuses 
only on students who were subject to randomization within 
the kindergarten enrollment process, there may be differ-
ences between those who experienced lottery randomization 
and those who participated in the school assignment process 
but were not randomized via lottery.

To assess the robustness of our findings to this validity 
threat, we compared the demographic characteristics for the 
children subject to the lottery (i.e., the lottery sample) with 
children who were not subject to the lottery either because 
no applications were submitted on their behalf (i.e., they 
opted out of the school assignment process), or because they 
were not subject to randomization via lottery number. With 
standardized differences (using Cohen’s D) less than 0.20, 
Table 18 shows that the analytic lottery sample was similar 
to the non-lottery sample with regard to all observable char-
acteristics except race; specifically, we note that the non-
lottery sample, i.e., students opting out of the lottery 
assignment process at kindergarten, was comprised of more 
black students. 

Lottery Offers and School Characteristics. Because schools 
were not randomly assigned to the intervention, school-level 
characteristics are a potential source of selection bias. To 
examine this, we investigated whether receiving a lottery offer 
to a treatment school led to students experiencing different 
levels of certain school inputs that may be associated with stu-
dent achievement (but would not be affected by the presence 
or absence of the intervention) and for which school-level 
data were available: average class size, percentage of teachers 
licensed in the area of current teaching assignment, and the 
percentage of highly qualified teachers at grades 3–5. Specifi-
cally, we ran a series of multiple regression models where 

each of the aforementioned school inputs was regressed on 
lottery offer, DA propensity scores, and the set of covariates 
used for instrumental variable and intention-to-treat regres-
sion analyses. For these analyses, Huber-White cluster-robust 
standard errors were implemented (clustered by school for 
which the outcome was observed).

Table 19 provides the results from our analysis of the 
effect of receiving a lottery offer on school-level variables 
potentially associated with positive academic outcomes. We 
found that receiving a lottery offer to treatment schools led 
to very small, albeit statistically significant differences in 
class size and the percentage of teachers who were licensed. 
Students assigned to treatment schools experienced, on 
average, classes with 0.3 fewer students and 0.4% more 
teachers licensed in the area of their current assignment (see 
Table 19). Given the small magnitude of these differences, 
it is unlikely they biased our estimates of City Connects 
effects in a meaningful way. Nonetheless, the potential for 
unobserved sources of bias at the school-level cannot be 
ruled out.

Discussion

The present study provides a significant contribution to a 
growing evidence base on integrated student support in that 
it serves as a conceptual replication and extends the cumula-
tive knowledge about integrated student support (Chhin 
et al., 2018; Derksen & Morawski, 2022; Duncan et al., 
2014; Makel & Plucker, 2014). Given the limitations of pre-
vious research regarding the efficacy of the City Connects 
intervention of integrated student support, there is still a 
need for further work validating previously identified rela-
tionships between the intervention and student achievement. 

TABLE 17
Balance on Observable Characteristics in Kindergarten for Cohorts 1–3 (n = 626)

Characteristic
Total 

sample
Treatment 

sample
Control 
sample

Standardized 
mean difference

Linear 
probability

Bilingual (%) 1.4 1.4 1.4 −0.01 −0.02
Male (%) 52.2 52.7 51.6 −0.02 0.002
Special education (%) 14.4 14.2 14.6 0.01 −0.04
Free and reduced-price lunch (%) 82.5 85.5 78.7 −0.18 −0.001
Foreign-born (%) 5.9 6.6 5.0 −0.07 −0.01
Race or ethnic group (%)  
Black 24.9 25.1 24.6 −0.01 −0.01
White 14.2 12.6 16.4 0.11 0.05
Hispanic 45.4 45.9 44.8 −0.02 −0.04
Asian 12.7 13.9 11.0 −0.09 0.003

Note. Standardized mean difference is calculated using Cohen’s D. Because randomization only occurs within DA propensity score strata, we also estimate 
differences within strata using linear probability models. These models estimate the difference in the likelihood of a student being of particular demographic 
group by treatment status, conditional on lottery year and DA propensity score. Also, these percentages represent the percentage of students falling within 
each demographic category within each respective sample and should not necessarily sum to 100%.
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Consequently, we used a novel, sophisticated method to test 
previously explored hypotheses, extending previous research 
by increasing internal validity while maintaining high exter-
nal validity given that we were able to avoid within-school 
randomization, thereby testing a treatment that is arguably 
more aligned with real-world delivery of whole school mod-
els of integrated student support than prior within-school 
randomized evaluations.

Complementing prior randomized studies for high school 
students, we report one of the more rigorous tests to date of 
the causal hypothesis that ISS can improve students’ achieve-
ment during the elementary school years. Using a random-
ized school assignment lottery in a large urban school 
district, we detect positive effects of ISS on math and ELA 
achievement. Effect sizes were generally largest and most 
consistently statistically significant (p < .05) at fifth grade, 
in some models indicating more than 50% of standard devia-
tion improvement in math and ELA scores due to ISS. For 
the earliest cohorts in our study, we also found some evi-
dence of positive treatment effects at third grade, but esti-
mates never reached a statistically significant level (p < .05) 
at fourth grade. While these positive impacts were evident in 

models of both the local average treatment effect (i.e., treat-
ment-on-the-treated) and intent-to-treat effects effect sizes 
were smaller using the latter approach.

In terms of practical significance of the fifth-grade find-
ings, effect sizes for schools implementing City Connects 
indicated that student achievement improved by as much as 
20 percentile points (e.g., our IV LATE effect sizes for Grade 
5 mathematics and literacy scores correspond to a student 
moving from the 50th percentile to about the 72nd percentile). 
This level of improvement is equivalent to about 90% of the 
size of the average estimated Black-White achievement gap, 
and about 50% of the size of the estimated gap between stu-
dents from high- and low-income families (Reardon, 2013). 
While treatment estimates were smaller in our ITT models, 
they remained of considerable practical significance: allowing 
for noncompliance and protocol deviations, the average score 
gains by fifth grade would move a student from the next to 
lowest performance category on the state exams (i.e., “Needs 
Improvement”) into the “Proficient” category. Below, we dis-
cuss these findings in greater detail with attention to the ways 
in which this large-scale natural experiment extends the evi-
dence base on integrated student support.

ISS and Elementary School Achievement: Short- and Long-
term Considerations

Given that the elementary school years are a pivotal time 
for establishing foundational learning skills, beliefs and atti-
tudes toward school, and later behavioral engagement in 
school (e.g., Froiland & Oros, 2014; Guo et al., 2015; 
Herbers et al., 2012; Weidinger et al., 2018), the achieve-
ment benefits detected in fifth grade in the present study 
could prove critical in the long term. In fact, prior quasi-
experimental evidence suggests that the treatment effects of 

TABLE 18
Covariate Balance Between Lottery and Non-lottery Sample

Variable
Non-lottery 

Sample
Lottery 
Sample

Standardized mean 
difference

Male (%) 52 51 0.01
Black (%) 37 26 0.24
Asian (%) 7 9 0.07
Hispanic (%) 41 49 0.17
Multi-racial (%) 2 2 0.03
Special education (%) 7 7 <0.01
Reduced lunch (%) 4 4 0.01
Free lunch (%) 83 76 0.18
English learner (%) 20 23 0.07
Foreign Born (%) 9 7 0.08

Note. These percentages represent the percentage of students falling within each demographic category within each respective sample and should not neces-
sarily sum to 100%.

TABLE 19
Impact of Lottery Offer to ISS School on Other School-level 
Inputs

Grade (N) Coefficient

Average class size −0.32** (0.14)
Percentage of teachers licensed in area of  

current teaching assignment
0.42** (0.18)

Percentage of highly qualified teachers −0.19 (0.38)

Standard errors, clustered by student, are in parentheses.
**denotes p < .05.
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City Connects on standardized achievement tests persist at 
least through eighth grade (Walsh et al., 2014). It is of note, 
however, that treatment effects in the present study were, in 
general, larger at fifth grade compared to third and fourth 
grade. Interestingly, our pattern of results is in the opposite 
direction of what might be expected with the commonly 
observed fade out of education intervention effects (Bailey 
et al., 2020). Moreover, results are consistent with previous 
quasi-experimental evidence that positive achievement 
effects of ISS emerge after at least two or more years of time 
in the intervention (Dearing et al., 2016). In other words, 
treatment effects appear to require sustained exposure; inter-
mittent or short-term dosage may not be adequate for 
improving achievement. In light of the theory of change for 
ISS, this is perhaps not surprising.

The academic benefits of ISS are hypothesized to flow 
indirectly from an intervention that primarily addresses non-
academic factors. Such factors, often exacerbated by poverty, 
include food insecurity, clothing and housing needs, effects of 
trauma and violence, medical issues, and lack of access to 
enrichment opportunities in sports, music, and the arts. Given 
the ubiquity, multidimensionality, and severity of risks (and 
their well-established lasting harms to learning and cognitive 
growth), it is likely unreasonable to expect immediate achieve-
ment gains when addressing systemic disadvantage. 
Nonetheless, we cannot empirically disentangle this theory of 
change explanation from the possibility that the differences 
between our third/fourth grade findings versus fifth grade 
findings were due, at least in part, to cohort effects; given the 
longitudinal nature of the data, the fifth-grade sample includes 
only those students who started kindergarten in school years 
2007-08 to 2010-11. As the younger cohorts reach fifth grade, 
re-analyses should help disentangle this. Moreover, further 
interesting questions arise when you consider the plausibility 
of effect heterogeneity and how the ISS intervention effects 
may interact with important factors such as school type and 
practices, e.g., turnaround schools. Given the small sample 
sizes used for our study, taking such a direction wasn’t feasi-
ble; however, this remains an important line of inquiry and is 
worth exploring in the future as more school lottery and 
achievement data becomes available.

It is in light of the pervasive and sustained nature of the 
obstacles to achievement that the practice of City Connects 
is designed as a sustained and pervasive intervention. 
Consider, for example, the annual reviews of every child 
with each classroom teacher to develop a deep understand-
ing of each individual student’s strengths, needs, and inter-
ests across academic, social-emotional/behavioral, health, 
and family domains. In turn, this leads to a tailored plan of 
support for each student. Addressing interests and 
strengths—not just needs—is predicted to foster a student’s 
sense of competence. And, as described, a student support 
database facilitates referrals to the district and community 
resources and services that are the best match for each 

student and enables tracking and follow-up. Moreover, the 
model also includes protocols and training for collaboration 
with families, enabling the school to capitalize on family 
strengths and empower family involvement. In short, we 
argue here that slowly emerging achievement gains are con-
sistent with the theory of change and underlying causal 
model of ISS.

It is important to note, however, that cohort effects 
appeared to partially account for larger estimates at fifth 
grade. Although we were not able to formally test cohort dif-
ferences due to sample size constraints, the three earliest 
cohorts in our study (who were the only cohorts for whom 
we could estimate treatment effects at fifth grade) evidenced 
statistically significant treatment effects at third and fifth 
grade. While we found some evidence that treatment effects 
grew larger between third and fifth grade even for this 
restricted set of early cohorts, it is worth considering at least 
two potential explanations for these cohort differences.

First, there is a reasonable possibility that the counter-
factual has been changing, namely due to the growing 
attention to ISS strategies. Integrated student support inter-
ventions and their potential for addressing educational 
inequities have been garnering increasing attention from 
educators and policy makers and, in turn, implementation 
of these strategies and knowledge of their importance has 
dramatically expanded across the nation. While we found 
data on scale and growth difficult to track at the timing our 
data was collected, recent growth in scale helps illustrate 
trends that may have started when our study cohorts were in 
elementary school.

By 2016, approximately six U.S states had policies in 
place to advance integrated student support initiatives—a 
number that has grown to 24 states today—and integrated 
student support models are currently being implemented in 
all 50 states (Boston College Mary E. Walsh Center for 
Thriving Children, 2022; Moore et al., 2017). In response to 
this growing awareness, many schools without formal inte-
grated student support systems in place have begun to adopt 
new strategies for securing community resources for their 
schools and offering some version of coordinated support to 
better assist challenged student populations. As a result, our 
counterfactual—i.e., what would happen if students didn’t 
receive the intervention—may have been changing over 
time, with later cohorts of students in control schools receiv-
ing increasingly more supports and services.

Second, cohort effects may have been driven by our use 
of high-stakes test scores as an outcome in our analyses, if 
schools often end up “teaching to the test,” and more effec-
tively so over time, to avoid punishments stemming from 
test-based accountability practices. While this particular 
challenge is an important consideration and it is always 
ideal to assess children’s well-being in a manner that 
extends beyond merely standardized test scores, assessing 
other student outcomes was out of scope for this 
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manuscript. This was for a few reasons, notably, the ways 
in which alternative student outcomes, such as behavior, 
effort, and other non-cognitive outcomes, are measured 
present their own complexity. Furthermore, examining stu-
dent outcomes such as high school placement and high 
school graduation would severely reduce our analytic sam-
ple sizes, which would adversely affect the strengths of the 
current study. However, we do strongly recommend that 
this be an area of future research as more lottery admis-
sions data becomes available and methods utilizing the ran-
domization embedded within admissions systems become 
more widely accessible. Simultaneously, we acknowledge 
other key limitations of the present study, particularly those 
related to internal validity.

Heterogeneity

Interestingly, we did not detect statistically significant 
heterogeneity across student gender, English-language pro-
ficiency levels, and FRLP statuses, suggesting generalizabil-
ity of treatment effects across these indicators. This is, 
however, perhaps not so surprising when considering that 
the intervention is a school-based intervention designed to 
reach every child in schools, not just the most disadvan-
taged. For all students, the intervention works to address 
needs and build on strengths. All students, including stu-
dents with few or less acute needs, receive the full interven-
tion. As a result, there is no conceptual or theoretical reason 
for us to believe that we should see treatment effect varia-
tions across demographic proxies of disadvantage. Also 
worth noting is that this research study takes place in a high-
needs context wherein many, if not all, schools are serving 
large groups of students who are multiply disadvantaged. 
While these exploratory heterogeneity analyses examining 
single sources of disadvantage serve as a useful starting 
point, they are ultimately limited in that the comparisons fail 
to account for all the sources of disadvantage students expe-
rience that the intervention works to address.

Yet, perhaps even more important to this study is the 
issue of limited variation in disadvantage. Notice, for 
example, that on average over 85% of students in these 
schools qualified for free/reduced lunch, and (based on 
prior evidence on school economic segregation and our 
experiences working in these schools) it is exceptionally 
rare to find more than just a few children within the remain-
ing 15% of students who might fall into conventional oper-
ationalizations of advantage. Consequently, our tests of 
heterogeneity are not comparable to those that might exam-
ine heterogeneity in integrated student support across 
poorer, middle class, and more advantaged students.

Limitations

While a critical strength of the present study was our abil-
ity to exploit a school admissions lottery system to randomize 

children to treatment schools, important limitations to this 
method should be noted. A potential threat to validity stems 
from the treatment effects being driven by oversubscribed 
schools, in which the total number of applicants is greater 
than the seats available. This would be particularly problem-
atic in studies leveraging only first-choice lotteries for over-
subscribed schools. If oversubscribed schools are the most 
desired for reasons related to academic quality, the external 
validity of the results are limited beyond such schools. 
Moreover, we cannot fully disentangle unobserved school 
factors from the implementation of ISS within these over-
subscribed schools (i.e., school-level omitted variable bias).

Nonetheless, as mentioned earlier, an advantage of the 
method used in this study is that it allows for the inclusion of 
students randomized to schools that are “undersubscribed.” 
In total, students randomized to oversubscribed schools only 
make up 22% of the total sample. Additionally, only 19% of 
students randomized to a treatment school were assigned to 
an oversubscribed school compared to 26% of comparison 
students. Compliance with lottery assignment did not differ 
by treatment status regardless of whether or not students 
were assigned to an oversubscribed or undersubscribed 
school. Consequently, because oversubscribed students 
make up a relatively small proportion of the sample, the pos-
sibility that higher-quality schools—proxied by high desir-
ability—may be driving the results is effectively mitigated.

Additional analyses examining the characteristics of stu-
dents participating in the school assignment process and 
those opting out revealed that our lottery sample did not sig-
nificantly differ from the district-wide population of enter-
ing students on observable demographic variables. However, 
we note that there may be remaining unobserved differences 
between children and their families who participated in the 
school assignment process and the families that either did 
not participate in the kindergarten enrollment application 
process entirely or participated but were not subject to lot-
tery randomization. The inability to test for these unobserved 
differences may limit the generalizability of our findings 
based on lottery participation to larger student populations. 
A possible, important future direction of this work would be 
to use the propensity score subclassification estimator as dis-
cussed in Tipton (2013) to investigate the degree to which 
we could generalize findings from our lottery natural experi-
ment to broader, more policy-relevant populations and the 
assumptions this would require.

Another possible limitation is the limited information we 
have about comparison schools that were not implementing 
City Connects. It is possible, for example, that comparison 
schools have adopted other interventions or have excep-
tional practices, student support related or otherwise. Based 
on previous qualitative work in this district, comparison 
schools did not appear to offer any elements of ISS or simi-
lar models; for example, these schools offered neither dedi-
cated personnel nor systematic processes for reviewing 
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every student and referring each to individualized supports 
(Bowden et al., 2020). Yet, comparison schools were also 
fairly conventional in having principals and assistant princi-
pals (with the help of teachers or school counselors, psy-
chologists, and/or nurses) trying to support high-risk students 
and offering conventional programs such as before and after-
school programs (Bowden et al., 2020). In other words, the 
comparison schools appeared to represent the status quo for 
student support. However, it remains a limitation of the pres-
ent study that we do not have a fuller means of capturing 
observable (and unobserved) characteristics of comparison 
schools. Moreover, as we note above, the dynamic nature of 
school practices always raises the potential that some ISS, or 
related, practices came and went in the comparison schools 
across the time of our study.

Finally, the unit of randomization (students) should be 
considered within the context of the intervention design. As 
previously established, the causal effect identified in this 
study represents the impact of students being assigned to 
schools implementing City Connects and schools were not 
randomly assigned to the intervention. In probing potential 
confounds, we found significant effects of lottery offer on 
two of the three school-level factors we examined (i.e., class 
size and teacher qualifications). While statistically signifi-
cant, however, the size of differences were seemingly negli-
gible. For class size, for example, control schools had only 
0.3 more students per class; in comparison, class size experi-
ments suggest that a difference of about 7 students per class 
is required to substantially affect achievement (Nye et al., 
1999). There was less than a half percentage-point differ-
ence in the proportion of teachers licensed to teach in their 
area. Given findings in the literature (Darling-Hammond 
et al., 2005) it is unreasonable to expect this difference to 
affect children’s test scores in the current study. Nonetheless, 
we recognize that we have only examined three possible 
confounds. Unobserved, more powerful, confounds are pos-
sible. Yet, it is worth noting that City Connects is an inter-
vention targeted at disadvantaged populations and primarily 
implemented in underserved schools and therefore speculate 
that omitted school-level variables correlated with higher 
student achievement would favor control schools and not 
treatment schools. In other words, it is likely that control 
schools are overall more privileged than treatment schools in 
our study. Consequently, we suspect that any further omitted 
variable bias at the school-level would downwardly bias our 
estimates, thereby making the reported results conservative 
estimates of the effects of schools implementing City 
Connects on students’ academic achievement.

In closing, when considered in conjunction with quasi-
experimental studies with similar results (e.g., Dearing et al., 
2016; Walsh et al., 2014), the present study provides tenable 
evidence that schools implementing City Connects have 
positive effects on student achievement.

Conclusion

In this study, students who were randomly assigned to 
City Connects schools in kindergarten scored higher state-
wide Math and ELA tests than their peers randomly assigned 
to comparison schools, most robustly so at fifth grade. These 
academic outcomes result from an intervention that offers 
schools a feasible practice for addressing a wide range of 
non-academic factors that affect learning and thriving in 
school. Early and middle childhood academic outcomes are 
a major determinant of future educational attainment, suc-
cess, and health (Huure et al., 2006). The effects of the 
COVID-19 pandemic on schools have further sharpened 
awareness of the critical influence of out-of-school factors 
on engagement and success in school. For practitioners and 
policymakers seeking approaches to improving equity by 
addressing barriers to learning brought on by poverty and 
other contextual factors while simultaneously building upon 
school, community, and family strengths, these findings add 
to the evidence base supporting a model of systemic, com-
prehensive student support.
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Note

1. The latter was part of a larger study that also involved a 
quasi-experiment, which yielded mixed results: positive effects on 
school attendance in elementary school, but no achievement effects 
in either elementary or high school, and with comparison middle 
schools outperforming ISS schools in achievement measures.
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