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The current paper reports long-term impacts of the Chicago School Readiness Project (CSRP) on mea-

sures of achievement, cognitive functioning, and behavioral regulation taken toward the end of students’

high school careers. The CSRP was a self-regulation-focused early childhood intervention implemented

in Head Start centers serving high-poverty neighborhoods in Chicago. The intervention was evaluated

through a cluster randomized control trial, providing us with rare longitudinal evidence from an experi-

mental study. However, the study was limited by issues with low power and baseline differences between

experimental groups. Here, we report on follow-up data taken approximately 11–14 years after program

completion, including measures of participants’ (N= 430) academic achievement, executive functioning,

emotional regulation, and behavioral problems, and we provide a range of analytic estimates to address the

study’s methodological concerns. Across our estimates, we found little evidence that the program had last-

ing impacts on indicators of late-adolescent functioning. Main effects were estimated with some impre-

cision, but nearly all models produced null effects across the broad array of outcomes considered. We

also observed few indications that effects were moderated by posttreatment high school quality or later

assignment to a light-touch mindset intervention. Implications for developmental theory and early child-

hood policy are discussed.
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Public Significance Statement

This study evaluated the long-term effects of an early childhood intervention focused on self-regulation.

Despite initial promise, the authors found virtually no evidence to suggest that the preschool interven-

tion had long-lasting positive effects on key outcomes such as achievement, college enrollment, or

behavioral dysregulation. This work carries important implications for our continued development of

early childhood programs targeting children from low-income families.

Keywords: early childhood intervention, randomized controlled trial, executive function, self-regulation,

longitudinal follow-up

Supplemental materials: https://doi.org/10.1037/dev0001561.supp

As larger shares of children enroll in publicly funded early child-

hood education (ECE) programs (e.g., Friedman-Krauss et al.,

2021), our need for causal evidence regarding the long-term effects

of early intervention has never been greater. The findings from foun-

dational studies comparing the outcomes of children who did and did

not participate in ECE programming continue to drive expectations

that high-quality investments in early educational experiences should

lead to long-lasting changes in developmental trajectories (Elango

et al., 2016), yet we sorely lack long-term evidence from randomized

controlled trials (RCTs) of more recent programs (Watts et al., 2019).

The need for more long-term evidence regarding whether high-

quality ECE benefits children also dovetails with recent interest in

understanding how to optimize these benefits using specific curric-

ular interventions and enhancements (Jenkins et al., 2018). For

example, the apparent importance of self-regulation for supporting

early school readiness skills (Blair & Raver, 2015) has helped fuel

the development of interventions within ECE programs intended

to boost children’s early executive function (EF) and behavioral reg-

ulation (see review in Nesbitt & Farran, 2021). Indeed, correlational

research has shown that various domains of early self-regulation pre-

dict a broad set of measures indicating adult functioning (e.g., EF:

Ahmed et al., 2021; self-control: Moffitt et al., 2011), which raises

the question of whether early interventions designed to support

child self-regulation may also produce longer-term impacts.

The current study aims to shed light on these questions by reporting

new estimates of the long-term impacts of the Chicago School

Readiness Project (CSRP), a self-regulation-focused intervention that

attempted to improve children’s development and learning in Head

Start classrooms serving high-poverty areas of Chicago. The interven-

tion provided a range of services to teachers and children beyond those

typically offered in Head Start, including pedagogical development

sessions that were designed to help teachers alter their approach to

behavioral management. We present new intervention impacts esti-

mated approximately 11–14 years following the initial preschool inter-

vention period. These outcomes span a variety of measures covering

developmental domains originally targeted by the early childhood

intervention, including EF, behavioral regulation, and academic

achievement. We also explore effects on more distal outcomes that

could also indicate better late-adolescent functioning, such as civic

involvement and extracurricular activity participation. Follow-up mea-

sures were collected using a range of modalities, including surveys,

direct assessments, and administrative records taken across multiple

follow-up waves when participants were near the end of their high

school careers. This comprehensive approach allows us to test whether

long-term impacts of the CSRP intervention may be detectable into

adolescence, more than a decade after individuals had received ser-

vices. We also examine issues of heterogeneity based on key student

characteristics and other environmental experiences.

Long-Term Impact of Early Interventions

Highly cited evidence from small studies of several intensive ECE

programs tested nearly 50 years ago suggests that exposure to high-

quality ECE experiences can lead to improved long-term outcomes

for children from low-income families (see Elango et al., 2016).

However, the long-term impacts of modern-day ECE programs are

not well understood. One recent review found that most effects of

ECE interventions faded substantially in the years immediately follow-

ing treatment (Bailey et al., 2017), and similar fadeout effects have been

observed throughout the educational intervention literature (Bailey,

Duncan, et al., 2020). Many theories have been proposed for why

early effects may fade, with some arguing that fadeout happens because

subsequent schooling environments are of insufficient quality to main-

tain the gains children make during the preschool year (Zhai et al.,

2012). Others have pointed to the possibility that some ECE programs

may target skills that have natural ceilings (e.g., letter naming), such that

programs targeting “unconstrained” skills (e.g., language development)

may lead to longer-term persistence (McCormick et al., 2021).

This picture of ECE fadeout is further complicated by studies that

have shown patterns of impact emergence in the long-run, even in

instances where medium-run effects were not detected. This pattern

is probably best exemplified by evidence on the Boston public pre-

school program. Gray-Lobe et al. (2021) used admissions lotteries to

test the medium- and long-term effects of attending a Boston pre-

school. Perhaps surprisingly, they found virtually no effect of attend-

ing preschool on student achievement scores in elementary school,

yet they detected statistically significant positive effects on measures

of high school graduation and college attendance measured years

after preschool exposure (also see recent evidence on the modern

version of Boston preschool fromWeiland et al., 2019). Similar pat-

terns of “emergence” can also be found in research on Head Start

participation (Deming, 2009). These findings are puzzling and sug-

gest that the mechanism linking early ECE experiences to key long-

term outcomes may not be captured by achievement test scores.

Some have interpreted patterns of emergence as evidence that

social–emotional skills may provide the basis for long-term ECE

impact (e.g., Elango et al., 2016), underscoring the need for research

that can test links between ECE experiences and other developmen-

tal mechanisms—such as the development of cognitive, behavioral,

and emotional regulation.
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Self-Regulation and Early Intervention

In recent years, ECE research has expanded to studies of curricu-

lar interventions that aim to enhance the programmatic quality of

existing ECE services. When considering the types of curricular

interventions that may have long-lasting effects on disadvantaged

children’s trajectories, research suggests self-regulation as a poten-

tially potent early intervention target. Self-regulation, broadly

defined, describes one’s ability to modulate behavior, thoughts,

and emotions to reach a desired goal (see Bailey & Jones, 2019;

Inzlicht et al., 2021). Research in this area has focused on EF as a

key cognitive regulatory mechanism that supports the development

of self-regulation, as it involves the flexible allocation of attention

when automatic cognitive processing cannot be relied upon (Blair,

2016). Other work on self-regulation stresses themodulation of emo-

tions and behaviors in real-world contexts to engender positive

social relations with family, peers, and teachers (Blair & Raver,

2015). Indeed, emotional regulation may also develop reciprocally

with EF, as early emotional regulation may lay the foundation for

the development of the more complex cognitive skills involved in

EF (Blair & Ursache, 2011).

Recently, researchers have examined the possibility that self-

regulation may be a key mediator between early exposure to poverty

and negative long-term outcomes (see review in Raver, 2012). This

theory points to the possibility that environmental adversity in early

childhood can disrupt children’s stress response physiology, leading

to problems with the regulation of cognitive, behavioral, and emo-

tional processes (Blair, 2016). These early issues with self-regulation

can manifest as later risk for poor academic achievement and higher

rates of behavioral problems once children reach school age (Blair

& Raver, 2015). Longitudinal research suggests that such problems

may have serious implications for children’s long-term development.

For example, Moffitt et al. (2011) found that an index of measures of

behavioral and attention problems (termed “low self-control”) mea-

sured during childhood strongly predicted outcomes broadly related

to health and well-being at age 32 after accounting for sex, socioeco-

nomic status, and IQ (also see a recent replication fromKoepp et al., in

press). More recently, Ahmed et al. (2021) found that an aggregated

measure of early EF positively predicted educational attainment by

age 26, even when a host of early-life control variables were

considered.

Perhaps not surprisingly, interest has grown in ECE interventions

targeting self-regulation. Recent large-scale evaluations of various

social–emotional learning programs that include regulatory compo-

nents have produced mixed results (see review by McClelland et al.,

2017), perhaps owing to the fact that these studies often feature a rel-

atively modest treatment contrast, with control group participants

receiving comprehensive ECE services themselves (e.g., full-day

preschool, Head Start). Of note, the Tools of the Mind program,

an ECE curriculum designed to support EF and self-regulation,

has received a substantial amount of research attention, though the

efficacy of the program remains unsettled. Some evaluations of

Tools of the Mind have found promising results, with students in

intervention classrooms exhibiting decreased problem behaviors

and improved math achievement in the short term (for review, see

Baron et al., 2017). However, a recent large-scale intervention of

the curriculum found largely null results across a host of cognitive

and behavioral measures (Nesbitt & Farran, 2021), suggesting the

program impacts are sensitive to setting and implementation factors

The mixed findings from various Tools of Mind evaluations are

similar to the findings reported from a large-scale evaluation of

three different social–emotional learning curricula tested in approxi-

mately 100 Head Start centers (Morris et al., 2014). The Head Start

Classroom-based Approaches and Resources for Emotion and

Social skill promotion study tested the effects of the Incredible

Years Teacher Training Program (which also played a role in the inter-

vention considered in the current study), the preschool Promoting

Alternative Thinking Strategies (PATHS) curriculum, and the Tools

of the Mind-Play curriculum on various short-term measures of class-

room processes and child outcomes in the short term. This large-scale

study likely represents the most rigorous evaluation of social–emo-

tional curricula for early childcare settings to date, and it found

mixed results. All three curricula led to some improvements in class-

room processes, but findings for child outcomes were less consistent.

Morris and colleagues (2014) reported that the programs tended to

produce positive effects on measures of child social functioning and

emotional recognition, but null effects were found on measures of

executive functioning and preacademic skills.

Finally, the Head Start Research-Based, Developmentally

Informed (REDI) project targeted early social–emotional compe-

tence (through the preschool PATHS curriculum) and early literacy

(Bierman et al., 2008). The Head Start REDI project is unusual, as it

involved a RCT design and follow-up of the original participants

through adolescence. Head Start REDI follow-up results have

been reported across several papers, and researchers have found evi-

dence that the intervention had positive long-run effects on measures

of children’s social–emotional functioning (Nix et al., 2016; Welsh

et al., 2020), with more evidence for fadeout on measures of literacy

skills (Bierman et al., 2017).

Chicago School Readiness Project

The CSRP intervention shares some features with other ECE

social–emotional curricular interventions reviewed above, as it

offered teachers professional development (PD) sessions targeting

how they approached student social–emotional learning in their

classrooms. However, the CSRP intervention was focused on

reforming teachers’ approaches to student behavioral management,

as previous research suggested that teachers in low-resourced

Head Start centers were poorly prepared for the behavioral chal-

lenges of students growing up in homes taxed by the stress of poverty

(Raver et al., 2008, 2009). The features of the intervention are

described in more detail below, but the CSRP program also targeted

the stress levels of teachers themselves, and it placed licensed mental

health professionals in classrooms. These program features were

offered in combination with the hope that overhauling the quality

and predictability of the Head Start classroom would improve

child self-regulation and lead to further downstream improvements

in student school readiness.

Indeed, initial evaluations reported that the intervention was largely

successful at meeting its short-term goals, as the intervention led to

improvements in classroom quality (Raver et al., 2008), higher levels

of child EF skills (based on both observer ratings and direct assess-

ments; Raver et al., 2011), reductions in children’s behavior problems

(Raver et al., 2009), and improvements in children’s reading and math

performance (Raver et al., 2011). The study suffered from methodo-

logical concerns that somewhat clouded the findings, including issues

with power and baseline differences between experimental groups,
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which we describe in more detail below. However, a replication effort

in additional Head Start sites in Chicago and preschool centers inNew

Jersey found similar positive effects on some measures of children’s

behavior and executive functioning, but no effects were detected on

preacademic skills (Morris, Lloyd, et al., 2013).

Further analyses of the longer-run effects of the CSRP interven-

tion have produced mixed results. Zhai et al. (2012) found that pos-

itive effects on academic achievement and behavior problems faded

in kindergarten, though children who attended higher quality ele-

mentary schools still showed some positive intervention impacts

on literacy, externalizing and internalizing behaviors (see also

Li-Grining & Haas, 2010). In terms of social–emotional function-

ing, McCoy et al. (2018) found that a small number of children in

the intervention group displayed fewer signs of transitory issues

with attention and social functioning during middle childhood.

However, issues with measurement and attrition hampered the ele-

mentary and middle school follow-up efforts, making a comprehen-

sive study of medium-term impacts difficult.

High School Follow-Up

The current study represents the culmination of a multiyear

follow-up effort that began during the 2015–2016 academic year,

approximately 10–11 years after the end of the initial preschool

intervention.1 This federally funded follow-up study was designed

to provide a comprehensive picture of CSRP’s impacts on adoles-

cent functioning through the end of high school. As part of the high

school follow-up, adolescents were rerandomized to a brief mind-

set intervention (described below), which tested whether targeting

students’ purpose for learning and growth mindset beliefs might

affect self-regulation and achievement (see Yeager et al., 2019).

The effects of this follow-up intervention effort were reported by

Gandhi et al. (2020), and the intervention had few detectable

impacts on proximal and distal measures of adolescent functioning.

This follow-up intervention is not the focus of the current study,

though we revisit it below when pursuing some checks for

heterogeneity.

Several additional analyses of CSRP intervention impacts have

been conducted from the high school follow-up, which serve as pre-

cursors to the effects reported here.Watts et al. (2018) examined pre-

school intervention impacts on data from the first adolescent

follow-up wave in 2015–2016. Their analyses found some evidence

for positive long-run intervention impacts on adolescents’ EF and

academic achievement, though results for measures of self-reported

behavior problems were null. A mediational analysis found that the

positive impacts on adolescent EF and academic performance were

partially explained by preschool impacts on preacademic skills, pre-

senting the possibility that earlier effects on cognitive functioning

may have led to longer-term developmental changes (McCoy

et al., 2019). Interestingly, exploratory evidence suggests that

adolescents from the preschool intervention group may have

selected into higher-performing high schools (Watts et al., 2020).

However, it remains unclear if these potential impacts will lead to

better outcomes through the end of adolescence.

Present Study

The current study provides a broad examination of CSRP’s

impacts on a range of developmental outcomes taken from the

later waves of the high school follow-up study, which occurred

over 3 years between the 2016–2017 academic year (i.e., 11–

12 years after the intervention) and the 2018–2019 academic year

(i.e., 13–14 years after the initial intervention). Although this

study was not preregistered, we used our follow-up grant application,

when possible, to guide our approach to this set of analyses. In par-

ticular, we first used adolescent measures of behavioral problems,

executive functioning, emotional regulation, and academic achieve-

ment outcomes to directly test if the intervention produced long-term

impacts on the same constructs that were used as posttest outcomes

in preschool (Raver et al., 2009, 2011). Confirmatory tests on these

outcomes likely represent our best tests of long-term impact fadeout

or reemergence, though it should be noted that operationalizations

have shifted substantially over time to reflect developmental differ-

ences in these constructs. For example, our measures of adolescent

academic achievement include Scholastic Aptitude Test (SAT)

scores and college enrollment, whereas the original evaluation

included early childhood measures of letter naming, vocabulary,

and basic math performance (Raver et al., 2011). We also selected

measures of more exploratory outcomes, drawing upon longitudinal

literature relating self-regulation to comprehensive measures of adult

functioning (i.e., Moffitt et al., 2011) and recent evidence on the

broad impacts of ECE exposure on constructs like civic participation

(e.g., Kitchens & Gormley, 2022).

For our analyses, we present a range of modeling approaches with

the goal of both understanding the robustness of findings to various

model specifications and addressing design issues that can threaten

internal validity. The original CSRP study suffered from some

sources of baseline imbalance at the time of random assignment,

which, coupled with the relatively small number of Head Start

sites, has made results sensitive to statistical approaches for model-

ing the multilevel structure of the data (e.g., Raver et al., 2009; Watts

et al., 2018). Indeed, like many other longitudinal studies of ECE

programs, analytic approaches for detecting treatment impacts in

the CSRP study have varied over the years, and previous reports

show that findings have varied based on the inclusion of different

control variables. For example, descriptive evidence presented in

the original preschool evaluations suggested little evidence of posi-

tive impacts when simply comparing means between the treatment

and control group, though multilevel models with controls for

child and site characteristics produced larger positive effects (see

Raver et al., 2009, 2011). Follow-up work has further highlighted

these issues, with more recent papers presenting a range of modeling

approaches to explicitly examine the sensitivity of estimates to

model specification (see Watts et al., 2018). As we describe

below, we present estimates with varied sets of controls, including

models designed to align with the original evaluation reports (e.g.,

Raver et al., 2009, 2011), and we examine the consistency of effects

across these approaches to assess the sensitivity of our findings.

Furthermore, given the longitudinal structure of the data, we exam-

ine issues relating to attrition and present findings generated from

multiple imputation.

1 The number of years between intervention and follow-up depends on
cohort. As we explain in the Method section, the first cohort participated in
2004–2005 and the second cohort participated in 2005–2006. Thus, the
first wave of the adolescent follow-up, which occurred during the 2015–
2016 academic year, occurred 11 years after the intervention for Cohort 1
and 10 years after the intervention for Cohort 2.
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Finally, we extended these main effect estimates with several

important tests for heterogeneity, which we considered to be

exploratory. Although we place most of our focus on estimating

average effects, we recognize recent work suggesting that research-

ers should pay attention to how impacts vary across persons and

settings (e.g., Raudenbush & Bloom, 2015). Thus, we examined

if CSRP preschool intervention effects differed for key subgroups

of children, largely following the heterogeneity tests pursued in the

original evaluation work (Raver et al., 2009). Here, we tested if

impacts differed by gender, race, baseline executive functioning,

or exposure to significant poverty. Because the study included

two cohorts of students, we also tested if effects differed by cohort.

Similarly, we drew on recent theory regarding early impact fade-

out, which suggests that the long-term impacts of a given ECE

intervention may depend on the features of the environments chil-

dren experience after the intervention (see Bailey et al., 2017).

Thus, we tested if intervention effects differed based on the quality

of the high school where the student enrolled, and we tested if

exposure to a mindset intervention in adolescence moderated pre-

school treatment impacts.

Method

Procedure and Sample

Evaluation Design

The CSRP study design has been described in detail in the origi-

nal evaluation reports (see Raver et al., 2008, 2009, 2011). Here, we

provide an overview of key study details, and Figure 1 depicts the

flow of participants over time with more description given to the

follow-up waves used in the current analysis.

The CSRP intervention was tested through a cluster random-

ized trial that paired Head Start centers (N= 18) into blocking

groups (N= 9) based on site characteristics. Centers were

recruited for study participation based on three criteria: (a) loca-

tion in a high-poverty Chicago neighborhood; (b) receipt of

Head Start funding; (c) serving two or more full-day classrooms.

Sites participated in the study across two cohorts, with the

first cohort participating during the 2004–2005 school year

and the second during the 2005–2006 school year. Within each

of the 18 sites recruited for participation, two classrooms

were selected for study participation, though one classroom

later dropped out of the study due to Head Start funding

cuts. Researchers recruited approximately 83% of the children

in the 35 study classrooms for participation in the original

round of data collection, with 602 children participating at

some point during the original Head Start year (59 children

entered after the beginning of the school year; see Raver et al.,

2009). The demographic characteristics of the sample reflect

the low-income neighborhoods served by the original Head

Start centers. Approximately 66% of the sample identified as

Black and 27% as Hispanic. The average income-to-needs ratio

was 0.68.

Data on children, families, teachers, and classrooms were origi-

nally collected during the fall (i.e., baseline) and spring (i.e., post-

test) of the Head Start year for both cohorts, and the effects of the

intervention on classroom quality and child outcomes were

reported across several evaluation reports (see Raver et al., 2008,

2009, 2011).

Follow-Up Design

During adolescence, participants and their parents were recon-

tacted and reconsented to follow-up waves of data collection,2

with most interviews in each follow-up wave occurring during the

spring semester of a given school year.3 Two follow-up waves of

data collection were executed during the 2015–2016 and 2016–

2017 school years for both cohorts of children (see Figure 1).

These two initial adolescent follow-ups were administered via com-

puterized assessments in participant’s high schools, which allowed

for the collection of direct assessments of adolescent self-regulation

(described in detail below).

As part of the 2015–2016 follow-up assessment protocol, adoles-

cents were rerandomized to a light-touch mindset intervention. For

this intervention, adolescents were randomized within their original

Head Start groupings (i.e., complete rerandomization across the

original treatment and control groups). For the second wave of

follow-up collected during the 2016–2017 academic year (i.e.,

1 year later), students were given a second mindset intervention

module. For this second module, students remained in their treat-

ment groupings from the first mindset intervention protocol. The

first module was directed toward students’ purpose for learning,

and the second module targeted students’ growth mindset beliefs

(see Gandhi et al., 2020).

The effects of the “two-dose” mindset intervention on proximal

and distal measures of achievement and self-regulation have been

previously reported, with Gandhi et al. (2020) finding largely null

results of the intervention on student outcomes. Some models also

produced negative effects on academic achievement, though these

effects were not consistently statistically significant. Because the

follow-up intervention was randomly assigned across conditions, it

has no correlation with the preschool treatment, which allows us

to examine main effects of the preschool intervention for all students

in the follow-up sample without bias due to the rerandomization.

However, in our key models (unless otherwise noted), we controlled

for the rerandomization indicator for dose 2, and we present effects

of the mindset intervention on the outcomes considered here in the

online supplemental materials (results further suggested largely

null effects of this intervention).

The current study begins with data taken from the 2016 to 2017

follow-up wave (i.e., when the second dose of the mindset inter-

vention was administered; student age approximately 16 years),

and we also include data taken from two additional follow-up

waves executed during the 2017–2018 (student age approximately

17 years) and 2018–2019 (student age approximately 18 years)

school year. These additional follow-up waves did not involve

any rerandomization and were conducted via survey assessments

sent electronically to parents and adolescents (with some partici-

pants completing the assessments via phone interview). These

2All adolescent data collection was approved by the Institutional Review
Board (IRB) of New York University under Protocol 2016-196. The current
analyses were approved by the Teachers College, Columbia University IRB
under Protocol 19-474.

3We conceptualized each follow-up point as corresponding to a school
year (e.g., 2015–2016). Though each round of interviews always began
after January with the goal of interviewing as many students as possible dur-
ing the spring semester. Some data collection continued into the summer for
harder-to-reach participants before concluding at the start of the next aca-
demic year.
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follow-ups were designed to be brief, with questions primarily

focusing on educational outcomes and major life events that

occurred during the previous year. These last two follow-up

waves were also used to collect consent from adolescents and par-

ents for the release of administrative data on adolescents’ standard-

ized test scores and college enrollment.

Across the three waves of follow-up data reported here, 430 chil-

dren had nonmissing data on the mindset random assignment indica-

tor and at least one outcome measure considered in our follow-up

analyses (71% of the original sample). We found virtually no

difference in the overall follow-up participation rate between the pre-

school treatment and control groups (estimated difference in the

probability of participation: 0.01, ns). In Table S1 in the online sup-

plemental materials, we present several key baseline characteristics

for children in the original sample versus those included in the

follow-up sample, and we found that the follow-up sample had

few noteworthy differences from the original sample. Specifically,

the follow-up sample came from families with more children in

the household at the fall of preschool (p, .10), they had slightly

higher family income (p, .10), their Head Start teachers reported

Figure 1

Longitudinal Study Design of the CSRP Evaluation

Preschool 

Interven�on

Child N = 308

Interven�on

Child N = 232

Interven�on

Child N = 222

Interven�on

Child N = 135

Interven�on

Child N = 219

2015 – 2016 Follow-Up

10/11 Years Post Treatment

M Age = 15.3 years

Wa�s et al., 2018; McCoy et al., 2019; 

Gandhi et al., 2020

2016-2017 Follow-Up

11/12 Years Post Treatment

M Age = 16.2 years

Measures: Direct assessments of 

EF/ER; Surveys of behavioral 

func�oning; Consent for admin data

2017-2018 Follow-Up

12/13 Years Post Treatment

M Age = 17.3 years

Measures: Surveys of achievement; 

Consent for admin data

2004-2005 (Cohort 1)/ 2005-2006 

(Cohort 2)

Treatment for 1 school year

M Age = 4.3 years

Raver et al., 2008; Raver et al., 2009; 

Raver et al., 2011

2018-19 Follow-Up

13/14 Years Post Treatment

M Age = 18.2 years

Measures: Surveys of achievement; 

Consent for admin data

Randomiza�on to 

CSRP Preschool 

Interven�on

Child N = 602

Preschool

Control

Child N = 294

Control

Child N = 232

Control

Child N = 208

Control

Child N = 126

Mindset

Dose 1

Mindset

Dose 2

Control

Child N = 208

Mindset

Dose 1

Mindset

Dose 2

Note. CSRP=Chicago School Readiness Project; EF = executive functioning; ER = emotional

regulation.
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higher levels of depression (p, .01), and observers rated their Head

Start classrooms as lower quality (p, .05).

Intervention

Intervention Sites

Previous reports have carefully detailed the CSRP preschool inter-

vention components (e.g., Raver et al., 2009), and Li-Grining et al.

(2014) and Zhai et al. (2010) both provide information regarding

implementation fidelity. Intervention implementation was found to

be generally adequate across sites. Here, we briefly summarize the

key programmatic details.

First, teachers were provided with training designed to improve

teacher behavioral management with the goal of supporting child

self-regulation. The 30 hr of PD were split across five sessions

scheduled on Saturdays beginning in October and ending in

January. The PD sessions were led by an experienced trainer

who was also a licensed social worker, and the sessions involved

an adapted version of the Incredible Years Teacher Training

Program (Webster-Stratton et al., 2004). This program is designed

to give teachers developmentally appropriate strategies to

reduce children’s behavioral problems and promote positive

self-regulation.

The training sessions were also attended by master’s-level

social workers, who were employed to provide hands-on services

to intervention classrooms. These “Mental Health Consultants”

(MHCs) visited intervention classrooms throughout the school

year, working directly with teachers to help them implement the

behavioral management techniques introduced during the PD ses-

sions. The MHCs were supervised by a licensed clinical social

worker throughout the school year, receiving biweekly clinical

supervision.

To help guard against teacher burnout, the MHCs also organized

and led a stress-reduction workshop at each intervention site, and

they regularly provided teachers with strategies to help them relieve

stress during their school day visits. Finally, toward the end of the

school year, the MHCs provided direct services to children who

had been identified as having especially difficult behavioral and

emotional issues. These direct intervention services were targeted

to approximately 3–4 children per class.

The entire intervention program was overseen by a program coor-

dinator, who organized the PD sessions and encouraged regular

teacher participation in the trainings.

Control Sites

Classrooms in Head Start sites assigned to the control group were

provided with an associates-level teacher’s assistant (TA). The TAs

for control classrooms were added to balance the change in the

student-to-adult ratio within the intervention classrooms due to the

regular presence of the MHCs.

Measures

In the online supplemental materials, we provide more measure-

ment details. Here, we provide an abbreviated overview of each mea-

sure. Correlations among all the outcome measures are shown in

Table S2 in the online supplemental materials.

Follow-Up Direct Assessments of Emotional Regulation

and Executive Function

Several follow-up assessments were conducted via computer-based

measures administered by trained data collectors in participants’ high

schools during the 2016–2017 follow-up wave. The follow-up assess-

ment battery included the emotional go/no go task (Tottenham et al.,

2011), a direct assessment of emotional regulation, emotion discrim-

ination, and cognitive control. The task administered in the current

study involved discriminating between “neutral” faces and faces that

expressed either sad or angry emotions. Following previous CSRP

work (Watts et al., 2018), we included a measure of “emotional dis-

crimination” (i.e., accuracy adjusted for false alarms) in trials when

students viewed angry and sad faces, with higher “D-prime” scores

indicating better emotion discrimination. We also examined measures

of reaction time, which were calculated as the difference in reaction

time during sad or angry trials, respectively, and happy (i.e., baseline)

trials (calculated in milliseconds).

EF was directly assessed using the hearts and flowers task, which

taps working memory and inhibitory control (Diamond et al.,

2007). This commonly used measure of EF asked students to

press keys corresponding to visual stimuli that appeared on the

screen. As with the emotional regulation measure, we again used

the same variables that were employed in previous CSRP evalua-

tion work (Watts et al., 2018). We first measured accuracy during

mixed trials, in which adolescents were asked to respond to both

congruent and incongruent stimuli. We also measured response

time by taking the difference between reaction time in the

“mixed” trials and reaction time in the “hearts only” (i.e., baseline)

trials (calculated in milliseconds).

Follow-Up Survey Measures of Behavioral Adjustment

The follow-up assessment battery administered during the 2016–

2017 wave included an array of self-reported measures of behavioral

functioning. For these measures, we used a series of factor analyses

to generate conceptually coherent subscales that we used in the cur-

rent analysis. These factor analyses were fit for the full sample to

maximize power and to be more representative of our full sample.

However, we pursued several tests of measurement invariance to

ensure that the factor structure was equivalent between the treatment

and control groups. We observed little evidence suggesting the pres-

ence of factor noninvariance across all tests conducted, though it

should be noted these tests may have been somewhat hampered by

the low power of the current study (results available upon request

from the first author). Further details regarding factor analyses are

provided in the Appendix in the online supplemental materials.

First, following McCoy et al. (2011), we used responses to the

Barratt Impulsiveness Scale (BIS; Patton et al., 1995) and the

Behavior Rating Inventory of Executive Function (BRIEF; Gioia

et al., 2000) to measure both cognitive and behavioral dysregulation,

respectively (we used an adapted version of the BRIEF for self-

report). The items for the Cognitive Dysregulation scale (α = .83)

involved difficulty with attention and impulsivity, and items for

the Behavioral Dysregulation scale (α= .85) tapped issues with rest-

lessness and social misbehavior. Higher scores on both scales indi-

cated higher levels of dysregulation.

We also measured internalizing behavioral problems and substance

abuse using the “risk” items of the “Risks and Strengths” scale, a
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comprehensive behavioral assessment adapted from the Child Health

Risk Behavior Scale (Riesch et al., 2006) and the Middle School

Youth Risks and Behavior Survey (Centers for Disease Control and

Prevention, 2015). The internalizing composite (α= .73) included

items that captured depression and worrying (e.g., felt unsafe, felt

unhappy, sad, or depressed), and the substance abuse composite

(α= .70) tapped alcohol and drug use (e.g., smoked a cigarette,

drank beer, wine, or liquor without adult permission). Higher scores

on these measures indicated worse behavioral functioning.

Finally, we relied on survey items that captured prosocial behav-

iors, as well as items adapted from the Critical Consciousness Scale

(Diemer et al., 2017), to measure several dimensions of positive

behavioral functioning. Using the “strength” items from this adapted

scale, we also examined critical actions, sociopolitical and civic

actions, and extracurricular activity participation as indicators of pro-

social beliefs and behaviors. Our measure of critical actions (α=

.83) included items focused on students’ motivation to affect social

change (e.g., “it is important to me to contribute to my community”).

Higher scores on this measure indicated increased motivation.

Sociopolitical and civic actions (α= .50) asked students whether

they had recently participated in socially active behaviors (e.g.,

“contacted a public official to tell him/her how you felt about a par-

ticular social or political issue”). Finally, the Extracurricular

Activity Participation scale (α= .62) asked students about their

involvement in organized activities outside of school (e.g., “joined

a team or played an intramural sport”). For these two latter measures,

higher scores indicated more actions were taken by the student.

Academic Achievement and Attainment

Throughout each of the adolescent follow-up waves, we con-

sented students and parents for the release of administrative records

regarding educational outcomes. Using these consents, we then

pursued data sharing partnerships with Chicago Public Schools

(CPS), American College Test (ACT), College Board, and National

Student Clearinghouse (NSC).We then used these third-party sources

to generate several measures of end-of-high-school academic

achievement.

We first generated a composite SAT score, which was the total

of students’ quantitative and verbal scores as provided by either

CPS or College Board. For students missing SAT scores, we

turned to preliminary SAT (PSAT) and ACT scores. We used pub-

lished conversion tables to link these alternative tests to the SAT.

We verified this approach by using multiple imputation to generate

an imputed SAT score from an imputation model that included all

high school achievement scores available for each student (this

also included student-reported SAT scores from survey measures).

These two approaches led to two highly correlated measures of

SAT performance, r(360)= .96), and we ultimately generated a

composite that averaged scores from the imputation and conver-

sion table approaches. In results available upon request, we esti-

mated models for scores generated solely from the imputation

and conversion table approaches to check consistency of esti-

mates. The point estimates were similar to those shown in our

key tables.

We relied on NSC records to measure college enrollment. We

received consent for educational records from 411 students, and

NSCprovided enrollment records through the spring of 20214 through

the StudentTracker service. Thus, students who were 4 when they

enrolled in Head Start in the first cohort of the study (2004–2005)

would have been approximately 21 years old for this data pull, and

4-year-old students in Cohort 2 (2005–2006) would have been

approximately 20 years old. We first generated a broad measure of

college enrollment, which was simply coded as “1” if a student had

any college enrollment data from NSC, and “0” if a student had no

enrollment records. Assigning students who did not return records

from NSC as “not enrolled” is a typical assumption when working

with these data because NSC records cover almost all postsecondary

enrollment in the United States (96.9% for all institutions within the

United States; 98.2% for institutions in Illinois; NSC, 2021).

We then generated a second measure of “postsecondary enroll-

ment in a 4-year school,” which involved more extensive cleaning

of the data (see the online supplemental materials). For this measure,

students were only coded as “1” if they ever enrolled in a 4-year col-

lege (i.e., eliminating those who only ever enrolled in a community

college), and if their enrollment could be verified as occurring after

high school (i.e., eliminating those who only ever had dual-

enrollment during high school).

Finally, we relied on survey data taken from the 2017–2018 and

2018–2019 follow-up waves, which collected information on stu-

dents’ high school academic achievements (see Li-Grining et al.,

2021). Among the surveys, we identified four items that were consis-

tent across bothwaves and indicated college preparedness: (a) whether

the adolescent took the SAT, (b) whether the adolescent took the ACT,

(c) whether the adolescent applied to either a 4-year college or a com-

munity college, and (d) whether the adolescent was accepted to either

a 4-year college or community college. We summed across these four

indicators at both waves to generate an index of College Planning.

This index was moderately positively correlated with our binary mea-

sure of any college enrollment, r(360)= .37.

Baseline Covariates

As with other previous analyses of the CSRP (e.g., Watts et al.,

2018), we include a host of baseline covariates in several of our

key treatment impact models. We briefly describe these measures

below. More details for these measures can be found in previous

reports (Raver et al., 2009, 2011), and the full list of baseline covar-

iates can be found in Table S3 in the online supplemental materials.

Information regarding family background was collected in the fall

of the preschool year. Parent-reported background characteristics were

used as covariates in the present analyses, which included child gen-

der, age during preschool, race/ethnicity, and parent socioeconomic

status, as well as a host of parent-reported sociodemographic vari-

ables. Importantly, we calculated family income-to-needs ratio at

4Given the overlapping timeline between the COVID-19 pandemic and
our college enrollment data, we completed additional checks to examine
how the pandemic affected potential college enrollment. For the 105 students
projected to graduate high school in June of 2020 (i.e., the first semester after
pandemic onset), we found that 50 had college enrollment data (approxi-
mately 48%), 41 of which were verified to be postsecondary enrollment.
The remaining 55 students did not have any enrollment data in any of the
semesters that followed. Although, we could not verify for certain that
these 55 students’ college enrollment were not impacted by COVID-19,
the enrollment pattern for the class of 2020 did not differ substantially
from the previous cohorts of students (i.e., class of 2019). For the 185 stu-
dents projected to graduate high school in June of 2019, 96 had college
enrollment data (approximately 52%), 81 of which were verified to be post-
secondary enrollment.
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baseline based on reported total family income from the previous year

divided by that same year’s federal poverty threshold for the number

of adults and children in the family.

Teacher- and parent-reported child skills and behavior were mea-

sured during baseline of preschool, which included EF, effortful control

(EC), attention and impulsivity control, positive emotion, math, vocab-

ulary, letter naming, and externalizing and internalizing behavior. EF,

EC, and attention and impulsivity control were assessed using the

Preschool Self-Regulation Assessment (PSRA; Smith-Donald et al.,

2007). EF was an aggregated measure consisting of children’s perfor-

mance on a balance beam task (Murray&Kochanska, 2002) and pencil

tap task, which was adapted from the peg-tapping task (Blair, 2002;

Diamond & Taylor, 1996). EC was an aggregated measure consisting

of three delay tasks: toy wait, snack delay, and tongue task (Murray &

Kochanska, 2002). After the tasks were administered, a 28-item PSRA

assessor report was completed to provide a global picture of children’s

emotions and attention during the tasks. Eighteen items across the

PSRA assessor report were aggregated to generate a measure of atten-

tion and impulsivity control while nine items were aggregated to gen-

erate a measure of positive emotion. For all four measures, higher

scores indicated higher self-regulation.

For preschool academic skills, the current study used early skills

scores of the National Reporting System assessment. Children’s

math skills were assessed using the Early Math Skills test, which

included basic concepts such as addition and counting (Zill, 2003a).

To assess children’s vocabulary skills, the 24-item Peabody Picture

Vocabulary Test (Dunn&Dunn, 1997) was used for English speakers

and the Test de Vocabulario en Imagenes Peabody (Dunn et al., 1986)

was used for Spanish or bilingual speakers. Both tasks asked children

to point to a picture out of a group of four that corresponded with the

vocabulary read aloud. To assess children’s letter recognition, a

30-item letter-naming task was given where the children were asked

to name the displayed letters one at a time (Zill, 2003b). In this

study, behavior problems were reported by both parents and teachers

using the Behavioral Problem Index (Zill, 1990), with 18 items used

to represent externalizing problems (e.g., lying, argues, bullies) and 10

items used to represent internalizing problems (e.g., clings to adults,

cries too much, demands attention).

Baseline teacher and class characteristics included teacher age,

education level, depression, job demand, job control, behavior man-

agement, classroom emotional climate, classroom overall quality,

class size, and number of adults in class. Depression is a teacher-

reported measure consisting of a six-question K6 scale of psycholog-

ical distress (Kessler et al., 2002). Using the Child Care Worker Job

Stress Inventory (Curbow et al., 2000), teachers also completed the

six-item job demand and nine-item behavior management scales.

Classroom emotional climate and overall quality was collected

using the Classroom Assessment Scoring System (La Paro et al.,

2004) and the Early Childhood Environment Rating Scale–

Revised (ECERS-R; Cryer et al., 2003).

Analytic Approach

Previous studies reporting CSRP impacts have employed a range of

modeling techniques, including approaches that have relied on hierar-

chical linear models (HLM) with random effects (e.g., Raver et al.,

2009, 2011) and approaches that have relied on econometric fixed

effects with clustered standard errors (e.g., Watts et al., 2018). In the

current study, our primary estimates were generated from a model

that adopted current best practices for analysis of multisite RCTs by

using a random effect model (i.e., HLM) that included econometric

fixed effects for the clustering unit of random assignment (i.e., the

blocking group pairs; see Murnane & Willett, 2011, p. 131).

Essentially, this model relied on random effects to account for the mul-

tilevel structure of the data (students nested in Head Start sites) while

explicitly controlling for differences between site-pair blocking groups:

Level 1: Students

Outcomeij = b0j + xChildij + VClassij + eij. (1)

Level 2: Head Start Sites

b0j = g0 + b1TXj +

∑9

b=1

lb Blockj + uj, (2)

where Outcomeij represents a given outcome measure for adolescent

i originally recruited from Head Start center j. We included a host of

child and classroom controls (noted by χChildij +ΩClassij) to

account for possible sources of baseline differences between groups

at the time of random assignment (this set of child characteristics

also includes random assignment to the adolescent mindset interven-

tion). We also included random effects (i.e., random intercepts) for

Head Start site, and a set of dummy variable controls for the block-

ing group matched pairs:

∑9

b=1

lbBlockj,

with one block serving as the reference group. It should be noted that

sites were blocked according to cohort, so this set of blocking group

fixed effects also controls for cohort status. Importantly, β1 captures

the effect of assignment to the CSRP intervention group on each out-

come of interest, controlling for the blocking groups and the set of

child and classroom baseline characteristics. Maximum likelihood

was used as the primary estimation method, though we also assessed

sensitivity to restricted maximum likelihood in the online supple-

mental materials.

Our approach is similar to the approach employed by Watts et al.

(2018), which also used blocking group fixed effects and a large set

of baseline covariates to adjust for sources of imbalance. However,

we begin by reporting models that include no baseline controls

(with only the blocking group fixed effects and mindset assignment

indicator included) to present basic cluster-adjusted mean differ-

ences between the pre-k treatment and control groups. By comparing

these estimates to those generated from the “fully controlled model,”

we can assess the likely impact of observable baseline differences on

our treatment impact estimates. Furthermore, we also present results

from a host of alternative modeling approaches, including an

approach that closely aligns with the multilevel models used by

Raver et al. (2009, 2011) in the original preschool treatment impact

papers. As we describe below, these models relied on controlling for

Head Start site characteristics rather than the blocking group pairs

used in our preferred estimates.

We also explored several tests for heterogeneity based on key child

characteristics. First, we tested for interactions with a set of baseline

child characteristics that included gender (coded “1” for female), race

(coded “1” for Black students), significant exposure to poverty (coded

“1” for children with family income-to-needs ratio below 0.50), and
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fall-of-preschool EF (continuous variable). To limit the number of stat-

istical tests, these interactions were entered jointly into the model, and

we pursued a post hoc joint test of statistical significance to test if the

entire set of baseline interactions significantly contributed to the

model. We then fitted separate models to test if the impact varied

based on cohort (by including a cohort by treatment interaction), later

high school quality (see the online supplemental materials for more

details), or assignment to the adolescent mindset intervention.

In all of our models, continuous outcomeswere standardized across

the full sample, so coefficients can be interpreted as effect sizes

(though we present effects on raw scores in the online supplemental

materials). For binary outcomes (i.e., college enrollment), we used

linear probability models (consistency in findings with logistic regres-

sion was also tested). Thus, treatment impacts can be interpreted as

predicted changes in probability in response to treatment assignment.

Furthermore, to account for missing data on baseline covariates, we

used multiple imputation to generate 25 imputed data sets in Stata

16.0 (using the “Markov chain Monte Carlo” method). Models

were then fitted using the “mi est” commands in Stata to combine esti-

mates across the imputed data sets. Below, we also detail results from

additional models that included imputation on the outcome variables

to adjust for possible effects of attrition on our estimates.

Results

Baseline Equivalence

As previous evaluations have reported (e.g., Watts et al., 2018),

we observed indications of baseline imbalance across several mea-

sures taken in the fall of preschool. Table 1 presents a representative

set of baseline measures, and Table S3 in the online supplemental

materials presents the full set of measures included in our models.

Estimates shown in the “difference” column were generated using

mixed models with blocking group fixed effects and random effects

included for sites. In general, we observed that children in the CSRP

intervention group tended to have higher scores on fall baseline mea-

sures of cognitive functioning and worse scores on measures of

behavioral adjustment. Furthermore, intervention classrooms were

rated as more disadvantaged at the onset of the intervention, with

some of these differences producing large effect sizes. We used an

ordinary least squares (OLS) regression model to test the joint stat-

istical significance of the entire set of baseline controls, and this F

test was statistically significant (p, .001), underscoring the need

to use control measures when estimating treatment impacts.

Descriptive Findings

Table 2 presents descriptive characteristics (not adjusted for clus-

tering) for our key outcomes of interest for the intervention and con-

trol groups. As Table 2 reflects, we saw few mean differences

between the groups on the various outcome measures.

Main Effects

Key Results

Tables 3–5 present main effect estimates across our key outcome

measures. In Column 1 of each table, we begin with a basic model

that includes only the blocking group fixed effects and the indicator

for random assignment to the mindset intervention as controls. In

Column 2, we include the full set of baseline child and teacher char-

acteristics, which were generated usingmultiple imputation for miss-

ing data on baseline characteristics. We present both sets of

estimates, because the randomized design should allow us to infer

treatment impacts from simply observing mean differences after

adjusting for the block randomized design (i.e., Column 1).

However, due to the likelihood of baseline differences between the

experimental groups, we also present covariate-adjusted models

attempting to account for sources of baseline imbalance (i.e.,

Column 2). For the models with no controls, we observed no

Table 1

Selected Baseline Characteristics

Characteristic
CSRP

treatment
CSRP
control

Estimated
difference a

Child demographic characteristics
Female 0.49 0.61 −.12*
Age (years) at preschool 4.37 4.36 −.01
Black 0.70 0.66 −.00
Hispanic 0.26 0.25 .05
Biracial or other 0.03 0.05 −.02

Family/parent characteristics
Income-to-needs ratio 0.68 0.72 −.04
Number of children in the home 2.67 2.82 −.14
Food stamps 0.52 0.52 −.02
Free/reduced price lunch 0.56 0.62 −.08
Bio parent sees child every day 0.42 0.50 −.10†

Married/remarried 0.19 0.24 −.06
Parent has savings 0.65 0.54 .12*

Child baseline skills and behavior
Executive functioning 0.05 −0.16 .21*
Math 7.37 6.90 .11
PPVT 10.46 9.88 .15
Externalizing (parent report) 6.69 6.06 .12
Internalizing (parent report) 3.18 3.17 −.02

Teacher and class characteristics
Teacher age 37.20 42.62 −.40†

Teacher depression (K6 score) 3.20 2.04 .71*
Teacher job demand 2.88 2.53 .60***
Behavioral management 4.56 5.11 −.63***
Classroom overall quality 4.42 4.91 −.61**

N 224 206 430

F(53, 349.2)= 18.33, p, .001

Note. Continuous baseline variables were standardized, so coefficients for
continuous variables in the “estimated difference” column can be
interpreted as effect sizes. Binary variables were not standardized. So,
differences for binary variables can be interpreted as the difference in
probability (i.e., linear probability models). The F statistic was generated
by regressing treatment status on all baseline measures (with blocking
group controlled), and testing whether all baseline measures were jointly
statistically significantly different from 0 (using the “mi test” command
in Stata). The full set of baseline characteristics used in our key models
can be found in Table S3 in the online supplemental materials.
Descriptive statistics were generated using imputed data for missing
responses. The table only includes students included in the analysis
sample (n= 430), though comparisons to the full sample of 602 can be
found in the online supplemental materials. CSRP=Chicago School
Readiness Project; PPVT= Peabody Picture Vocabulary Test; HLM=

hierarchical linear models.
a The values shown in the “estimated difference” column were derived from
HLM results such that each respective baseline variable was regressed on
treatment status and a set of blocking group fixed effects, with school
random effects included.
†
p, .10. * p, .05. ** p, .01. *** p, .001.
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statistically significant treatment effects on any outcome. Across the

models with full controls, we detected only one intervention effect

that was statistically significant at the .05 level out of the 17 tested.

Below, we note patterns in the magnitude of the observed effects and

note any p values below .10.

Beginning with Table 3, which presents estimates for the direct

assessments of emotional regulation and executive functioning

(taken during the 2016–2017 follow-up), we observed mainly neg-

ative intervention effects that were not statistically significant across

the various models. A comparison of Columns 1 and 2 suggests that

Table 2

Descriptive Statistics for Outcome Measure

Outcome measure

CSRP treatment CSRP control

N M SD Min Max N M SD Min Max

Emotional regulation: emotional go/no go
Emotion regulation—angry D-prime 207 1.57 0.84 −0.90 3.26 197 1.59 0.79 −1.83 3.57
Emotion regulation—sad D-prime 206 1.35 0.87 −1.53 3.20 197 1.46 0.83 −0.71 3.20
Emotion regulation—angry RT 207 34.60 48.19 −109.47 181.38 197 35.56 57.47 −175.27 314.53
Emotion regulation—sad RT 207 43.54 45.30 −100.10 165.12 197 41.79 54.95 −331.80 233.74

Executive function: hearts and flowers
Executive function—mixed block accuracy 206 0.73 0.18 0.18 1.00 190 0.72 0.19 0.24 1.00
Executive function—mixed trials RT 206 180.16 76.87 −47.60 377.08 190 188.81 81.24 −204.25 357.52

Behavioral functioning: risks and strengths
Internalizing 224 0.37 0.31 0.00 1.00 206 0.36 0.29 0.00 1.00
Substance abuse 224 0.10 0.18 0.00 1.00 206 0.10 0.18 0.00 0.83
Critical actions 217 3.91 0.82 1.00 5.00 202 3.99 0.79 1.00 5.00
Sociopolitical and civic actions 218 0.25 0.28 0.00 1.00 202 0.29 0.29 0.00 1.00
Extracurricular activity participation 224 0.43 0.30 0.00 1.00 206 0.37 0.29 0.00 1.00

Self-regulation: BIS and BRIEF
Cognitive dysregulation 224 0.37 0.23 0.00 1.00 206 0.37 0.19 0.00 0.96
Behavior dysregulation 223 0.26 0.17 0.00 0.97 206 0.27 0.19 0.00 0.89

Academic achievement and attainment
Any college enrollment (proportion) 193 0.52 0.00 1.00 181 0.56 0.00 1.00
Four-year college enrollment (proportion) 193 0.28 0.00 1.00 181 0.30 0.00 1.00
Total SAT 182 896.29 151.89 580.00 1,560.00 172 913.80 144.61 630.00 1,300.00
College planning (survey index) 195 2.31 1.29 0.00 4.00 190 2.46 1.35 0.00 4.00

Note. These estimates represent “raw”means at the student level (i.e., no adjustment for clustering). Cluster-adjusted differences between treatment and control
are presented in Tables 3–5. CSRP=Chicago School Readiness Project; RT= reaction time; SAT= Scholastic Aptitude Test; BIS = Barratt Impulsiveness
Scale; BRIEF = Behavior Rating Inventory of Executive Function.

Table 3

Estimated Impacts of the CSRP Preschool Intervention on Adolescent Emotional Regulation and Executive Functioning

Outcome
Block FE w/no covariates Block FE w/full covariates

N

Imputation on outcomes
N(1) (2) (3)

Emotional regulation: emotional go/no go
Emotion regulation—angry D-prime −0.01 0.02 404 0.02 602

(0.10) (0.14) (0.13)
Emotion regulation—sad D-prime −0.13 −0.16 403 −0.13 602

(0.10) (0.13) (0.14)
Emotion regulation—angry RT 0.01 −0.03 404 −0.05 602

(0.10) (0.13) (0.12)
Emotion regulation—sad RT 0.05 0.14 404 0.07 602

(0.10) (0.13) (0.12)
Executive function: hearts and flowers
Executive function—mixed block accuracy 0.04 −0.15 396 −0.13 602

(0.10) (0.13) (0.12)
Executive function—mixed trials RT −0.13 −0.14 396 −0.11 602

(0.10) (0.14) (0.12)
Controls
Blocking group Included Included Included
Demographic, family and parent characteristics Included Included
Child baseline cognitive and behavioral functioning Included Included
Classroom and teacher characteristics Included Included

Note. All outcome variables were standardized across the full sample, so coefficients can be interpreted as effect sizes. All models included fixed effects for
blocking group and random effects for Head Start site. Models with covariates included multiple imputation to adjust for missing data, and models shown in
Column 3 included multiple imputation on the outcome to adjust for attrition. Models presented in Columns 1 and 2 included the mindset intervention random
assignment indicator as a control. RT= reaction time; CSRP=Chicago School Readiness Project; FE = fixed effects.
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baseline differences might have biased observed impacts toward

zero, as estimates with controls tended to produce larger treatment

and control differences. However, no estimates for the direct assess-

ment outcomes were statistically significant.

Table 4 presents intervention impacts on surveys of behavioral

regulation from our 2016 to 2017 follow-up, and we again did not

observe any statistically significant effects at the .05 level. When

assessing the magnitude of the nonsignificant effects, some scores

tended to favor the intervention group whereas others favored the

control group. When full controls were included, we did observe

lower levels of behavioral dysregulation for adolescents in the inter-

vention group at a marginal level of statistical significance

(β=−0.24; SE= 0.13, p, .10).

Table 5 presents estimates of the effects of the intervention on

long-term indicators of academic achievement and college enroll-

ment. Again, we did not detect any statistically significant effects

Table 4

Estimated Impacts of the CSRP Preschool Intervention on Adolescent Behavioral Outcomes

Outcome
Block FE w/no covariates Block FE w/full covariates

N

Imputation on outcomes
N(1) (2) (3)

Behavioral functioning: risks and strengths
Internalizing −0.00 0.12 430 0.09 602

(0.10) (0.13) (0.12)
Substance abuse 0.02 −0.13 430 −0.09 602

(0.10) (0.13) (0.12)
Critical actions −0.09 −0.13 419 −0.10 602

(0.10) (0.13) (0.12)
Sociopolitical and civic actions −0.16 −0.19 420 −0.15 602

(0.10) (0.13) (0.13)
Extracurricular activity participation 0.14 0.10 430 0.05 602

(0.10) (0.13) (0.12)
Self-regulation: BIS and BRIEF
Cognitive dysregulation 0.00 −0.16 430 −0.12 602

(0.10) (0.13) (0.12)
Behavior dysregulation −0.05 −0.24† 429 −0.17 602

(0.10) (0.13) (0.13)
Controls
Blocking group Included Included Included
Demographic, family, and parent characteristics Included Included
Child baseline cognitive and behavioral functioning Included Included
Classroom and teacher characteristics Included Included

Note. All outcome variables were standardized across the full sample, so coefficients can be interpreted as effect sizes. All models included fixed effects for
blocking group and random effects for Head Start site. Models with covariates included multiple imputation to adjust for missing data, and models shown in
Column 3 included multiple imputation on the outcome to adjust for attrition. Models presented in Columns 1 and 2 included the mindset intervention random
assignment indicator as a control. CSRP=Chicago School Readiness Project; BIS=Barratt Impulsiveness Scale; BRIEF=Behavior Rating Inventory of
Executive Function; FE= fixed effects.
†
p, .10.

Table 5

Estimated Impacts of the CSRP Preschool Intervention on Adolescent Academic Outcomes

Outcome
Block FE w/no covariates Block FE w/full covariates

N

Imputation on outcomes
N(1) (2) (3)

Any college enrollment (binary) −0.06 −0.11 374 0.06 602
(0.05) (0.07) (0.07)

Four-year college enrollment (binary) −0.02 −0.05 374 −0.01 602
(0.05) (0.07) (0.06)

Total SAT −0.12 −0.20 354 −0.14 602
(0.11) (0.14) (0.11)

College planning (survey index) −0.11 −0.25* 385 −0.11 602
(0.10) (0.12) (0.11)

Controls
Blocking group Included Included Included
Demographic, family, and parent characteristics Included Included
Child baseline cognitive and behavioral functioning Included Included
Classroom and teacher characteristics Included Included

Note. SAT scores and the College Planning survey were both standardized across the full sample, so coefficients can be interpreted as effect sizes. The
measures of college enrollment were both binary, so coefficients should be interpreted as the predicted change in probability. All models included fixed
effects for blocking group and random effects for Head Start site. Models with covariates included multiple imputation to adjust for missing data, and
models shown in Column 3 included multiple imputation on the outcome to adjust for attrition. Models presented in Columns 1 and 2 included the mindset
intervention random assignment indicator as a control. CSRP=Chicago School Readiness Project; SAT= Scholastic Aptitude Test; FE = fixed effects.
* p, .05.
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at the .05 level for the academic outcomes taken from the adminis-

trative records (i.e., college enrollment and SAT scores), though

impacts tended to suggest worse academic outcomes for the inter-

vention group. We also observed that adolescents in the intervention

group had lower scores on our survey index of College Planning,

and this effect was the lone statistically significant result from our

key models (β=−0.25; SE= 0.12; p, .05).

Adjustments for Attrition

Although we observed almost no difference between the treat-

ment and control group on the likelihood of inclusion in our overall

follow-up sample, some individual measures had more missing

follow-up data than others (e.g., our SAT measure was nonmissing

for only 354 students in the follow-up sample). Thus, in Table S4 in

the online supplemental materials, we present differences in the

likelihood of having data on each individual follow-up measure

included in Tables 3–5, and we again observed small and nonstat-

istically significant differences between the preschool treatment

and control groups in the likelihood of having each follow-up

measure.

In the third column of each of the key results tables, we present

results from models that used multiple imputation (i.e., again

using the “Markov chain Monte Carlo” method) on the outcome

measures to generate estimates for the original full sample of

602 CSRP participants (these models do not control for mindset

treatment in order to recover the original sample), and results

were largely consistent with our preferred estimates that dropped

cases with missing outcome data. For these models, SEs were

slightly smaller due to the increased sample size, but we still did

not detect any significant effects at the .05 level. Notably, the

effect for the College Planning survey measure dropped substan-

tially (β=−0.11; SE= 0.11) and was no longer statistically

significant.

Alternative Specifications

In Table S5 in the online supplemental materials, we present alter-

native modeling specifications that assessed sensitivity in our main

effect estimates to our key modeling choices. Of note, we tested mod-

els that used a reduced list of control variables, and we also tested

models that used mean imputation for missing control variables.

Here, results were largely consistent with those shown in our main

models. We also tested models that used OLS regression, with SEs

adjusted for clustering using an adjustment recommended for smaller

sample sizes (Tyszler et al., 2017). For these OLS models, we again

observed almost uniformly null results, though the negative effects

on college enrollment and SAT scores were statistically significant

at the .05 level.

Finally, we examined how our results might have differed if we

had used a modeling approach similar to the approach taken by

Raver et al. (2009, 2011) in the original preschool evaluations.

The modeling specifications in those papers differ slightly from

one another, but both papers used a three-level HLM with site char-

acteristics included as controls instead of the blocking group fixed

effects used in the current models. These papers also used a reduced

set of family demographic controls, and for measures of child cog-

nitive skills and behaviors, they only controlled for a lagged indica-

tor of the dependent variable. In the online supplemental materials,

we provide more details regarding the exact specifications used for

these models. As was reflected in the original evaluations, these

models tended to produce larger coefficients than those shown in

our key estimates, though they also produced noticeably larger

SEs across most of the outcomes tested. For these models, we

detected statistically significant effects at the .05 level for three of

the 17 outcomes tested, with adolescents in the intervention faring

worse on the College Planning index (β=−0.51; SE= 0.18;

p, .01) and the Sociopolitical and Civic Action scale

(β=−0.46; SE= 0.18; p, .05), but better when compared with

the control group on the behavioral dysregulation measure

(β=−0.36; SE= 0.18; p, .05). Finally, Table S5 in the online

supplemental materials also presents nonstandardized results with

each treatment impact estimated in the raw units of each outcome.

Heterogeneity

We pursued several heterogeneity tests to examine if CSRP’s

impacts on adolescent outcomes differed for key subgroups in our

sample. These tests were largely exploratory and involved adding

an interaction term between a given child variable and pre-k status.

As we describe in the online supplemental materials, we used a

pared-down list of control variables for these models.

Child Characteristics

Following the approach of previous CSRP intervention evalua-

tions (e.g., Raver et al., 2011; Watts et al., 2018), we tested whether

effects differed by the following subgroups: (a) female versus male;

(b) Black versus Hispanic, White, and “Other race/ethnicity” adoles-

cents; and (c) adolescents who had significant exposure to poverty

during early childhood (defined as having income-to-needs ratio

below 0.50 at baseline) versus other children. We also tested for het-

erogeneity by baseline executive functioning (modeled continuously

using a standardized measure of executive functioning for the fall of

preschool; see Raver et al., 2011). The results from these models are

displayed in Table S6 in the online supplemental materials, and we

found noisy and mostly null effects across the subgroup models. We

used a joint F test to assess whether the set of baseline interactions

significantly added to the model, and we observed no statistically

significant F statistics at the .05 level out of 17 tested. Moreover,

we observed no consistent patterns of heterogeneity for any of the

baseline characteristics across the set of outcomes.

We also tested for interactions based on cohort status (see

Table S7 in the online supplemental materials). Here, we found

one statistically significant (p, .05) interaction out of the 17 tested:

treatment students in Cohort 1 had higher reaction times to sad trials

on the emotional go/no-go task (p, .01).

Later School Performance

We next examined whether CSRP intervention impacts differed

based on the quality of adolescents’ high schools. For these tests,

we used a composite measure of school performance, relying on

school enrollment for the 2016–2017 survey. The measure of school

performance was derived from Illinois School Report Card data, and

it was an aggregated measure of several academic school-level out-

comes made publicly available by the state (e.g., test score
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performance, graduation rate, etc.). The measure is described in

detail in the online supplemental materials.

Watts et al. (2020) found that students in the CSRP intervention

attended high schools that were rated higher on this school perfor-

mance measure (we also observed better ratings of school quality

on this measure for the intervention group using the current sample

and modeling approach, β= 0.31, SE= 0.19, p= .10). This effect

suggested that participants in the CSRP intervention group may

have selected into higher quality high schools relative to their

peers in the control group, underscoring that interactions should

be interpreted cautiously given the connection between the modera-

tor and the treatment variable. As Table S8 in the online supplemen-

tal materials reflects, although we found that the school performance

indicator had positive main effects on several outcomes, we saw few

statistically significant interactions between high school perfor-

mance and CSRP treatment condition (two out of 17 interactions

tested were significant at the .05 level). However, these significant

interactions indicated worse outcomes for the treatment group in

higher-performing schools (for Internalizing and the measure of

Cognitive Dysregulation). Perhaps most relevantly, we saw no indi-

cation that intervention effects were moderated by school perfor-

mance on any of the academic outcomes assessed, including

college enrollment and SAT scores.

Mindset Intervention

We also tested if CSRP intervention effects differed based on ran-

dom assignment to the adolescent mindset intervention. As we noted

above, the two-dose mindset intervention was found to have largely

null impacts on outcomes related to self-regulation and achievement

(Gandhi et al., 2020). In Table S9 in the online supplemental mate-

rials, we present models that estimated the main effect of the mindset

intervention, with estimates largely suggesting null results.5 In

Table S10 in the online supplemental materials, we present the inter-

action between the mindset intervention and the preschool interven-

tion. With these models, we detected no statistically significant main

effects at the .05 level for either intervention, nor did we detect any

statistically significant interactions at the .05 level.

Discussion

Although research and theory suggest that participation in high-

quality ECE programs may yield long-lasting effects on children’s

developmental trajectories, we lack long-term follow-up evidence

from RCTs of modern ECE interventions, especially those focused

on curricular enhancements. The current study attempted to address

this gap by examining the long-term impacts of the CSRP, a self-

regulation focused early childhood intervention implemented in

Head Start centers serving low-income neighborhoods in Chicago.

We examined impacts of the CSRP intervention on adolescent out-

comes measured through the end of high school, with key measures

of executive functioning, emotional regulation, behavioral function-

ing, and academic achievement constituting our confirmatory tests of

the constructs originally targeted by the program. We also examined

more distal measures of adolescent functioning, such as extracurric-

ular activity participation and sociopolitical and civic actions.

Our descriptive results suggested that approximately half of the

students who originally enrolled in the Head Start centers had

taken at least one college class nearly two decades later. For

comparison, the 2019 college enrollment rate for Black and

Hispanic students nationally was 37% and 36%, respectively

(National Center for Educational Statistics & Institute of

Education Sciences, 2021). The 2018 college enrollment rate for

Black and Hispanic students within CPS was 49.5% and 64.5%,

respectively (Nagaoka et al., 2020). Students also reported engaging

in sociopolitical and civic actions, and extracurricular activities, and

rates of misbehavior were relatively low. However, we found little

evidence for sustained preschool intervention impacts. Despite ear-

lier work suggesting that the CSRP intervention may have had some

positive effects on adolescent cognitive functioning and academic

achievement measured near the beginning of high school (Watts

et al., 2018), we failed to find any substantial effects on later adoles-

cent outcomes. Across our key treatment impact models, we found

impacts that scattered around zero, with some null impacts favoring

the intervention group (e.g., behavioral dysregulation) and others

favoring the control group (e.g., executive functioning). These

results suggest that like many other ECE programs—especially

those targeting curricular enhancements—the CSRP intervention

alone cannot be counted on to protect children from low-income

families from subsequent life and school experiences in future

years. That is, CSRP did not have any strong impacts on behavioral

and cognitive functioning that were detectable at the end of high

school.

Perhaps more troubling, we tended to find imprecise impacts that

moderately favored the control group on the set of academic out-

comes. Our survey-based measure of College Planning produced

the lone statistically significant (p, .05) effect across our preferred

models, with control adolescents scoring approximately 25% of a

SD higher on this measure of college preparation (i.e., registering

for tests, applying for college). However, this effect did not hold in

our model that adjusted for attrition. However, one significant finding

out of 17 outcomes should be viewed with some skepticism. Indeed,

we calculated a Bonferroni-corrected critical p value of .0029 by sim-

ply dividing an α of 0.05 by 17 (i.e., the number of outcomemeasures

considered in the current analysis; this p value would be even smaller

if we further adjusted for the number of sensitivity tests across each

outcome). Indeed, we did not observe any p values below .0029 across

any of our main models or sensitivity tests (i.e., Table S5 in the online

supplemental materials), further suggesting that any significant find-

ings reported across our models were likely due to chance.

Still, the pattern of effects across academic outcomes tended to

favor the control group. This is surprising given that earlier explor-

atory analyses with this sample found that students in the interven-

tion group attended higher-performing high schools (Watts et al.,

2020), pushing back against the hypothesis that intervention adoles-

cents had fewer resources to support their academic development in

high school. Although a comprehensive mediational analysis explor-

ing subsequent school quality as a mechanism is beyond the scope of

5We ran three specifications, detailed in the online supplemental materials.
In the preferred specification, which matches the model used by Gandhi et al.
(2020), we detected a marginally significant and negative impact of the two-
dose intervention on the SAT score composite. However, given that this was
only detected for one out of the 17 outcomes suggests it could be due to
chance (i.e., Type I error), and as we explain in the online supplemental mate-
rials, more work is needed to align the intervention with the dates of the tests
that were used to impute the SAT composite before drawing any firm
conclusions.
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the current paper, future analyses may examine whether selection

into higher-performing schools actually hampered student achieve-

ment due to negative peer effects (see Marsh, 1987). However, we

did examine if treatment impacts were moderated by enrollment in

higher-quality high schools. This test examined the “sustaining envi-

ronments” hypothesis, which predicts that early intervention impacts

may only last if they are followed by high-quality environmental

experiences in later periods (Bailey et al., 2017), a finding supported

by earlier analyses from the CSRP sample in kindergarten (Zhai

et al., 2012). Interestingly, we found no indication that our measure

of high school performance, which directly predicted SAT scores

and college enrollment (see the online supplemental materials),

meaningfully moderated the impacts reported here. These largely

null interactions between the preschool intervention and a later mea-

sure of school quality comports with the conclusions of a recent sys-

tematic review (Bailey, Jenkins, & Alvarez-Vargas, 2020) and

suggest that if these impacts (or the lack thereof) were driven by dif-

ferential access to later educational environments, our measure of

school performance was unable to capture the key features of what

such sustaining environments might entail.

Relatedly, we saw little indication that the CSRP preschool inter-

vention effects were enhanced by later exposure to multiple doses

of a brief learning mindset intervention. However, it should be

noted that we estimated largely null effects for the learning mindset

intervention on the set of outcomes reported here (see the online sup-

plemental materials; see also Gandhi et al., 2020), so it remains

unknown whether preschool impacts might have received a boost if

the subsequent intervention had also produced meaningful short-run

effects on behavioral and cognitive functioning. The possibility of

interactions between these two interventions held promise at the outset

of our study, as both sets of interventions had been shown to have pos-

itive impacts on children’s academic achievement (Paunesku et al.,

2015; Raver et al., 2011). Yet, we found no consistent evidence across

the outcomes assessed here to suggest that students benefited by

receiving the two interventions in succession during early childhood

and adolescence, respectively. In our view, the field should continue

to look for complementary interventions that can make meaningful

impacts on students’ lives across developmental periods.

When considering how our results inform ECE policy and prac-

tice, these results are sobering, but not entirely unexpected. A recent

cost analysis suggested that it would cost approximately $1,360 per

child to implement CSRP in ECE settings today (Escueta & Watts,

2023; https://capproject.org/general-resources). Although disap-

pointing that such an investment did not yield detectable benefits

at the end of high school, it is important to recognize that this amount

is relatively small compared to the estimated cost per child to provide

high-quality preschool services in the United States ($12,500;

Friedman-Krauss et al., 2021). Indeed, our results suggest that we

should consider modifying our expectations for the durability of

early childhood curricular interventions. Prior studies of CSRP

found that the program did improve children’s experiences in

Head Start classrooms (e.g., Raver et al., 2008), and simply improv-

ing the quality of care during an important period of development

might be motivation enough to continue to support similar interven-

tion efforts.

Although the estimates shown here may seem discouraging for

intervention developers hoping to make long-lasting changes to

children’s trajectories through early childhood programs, we believe

these findings leave open several important areas for future research.

First, future work should examine how strong early intervention

efforts must be to produce long-term changes. Many have noted

that the large long-term effects produced by early demonstration

ECE programs could be due to the unusually large contrast between

the treatment and control groups (Duncan et al., 2022), as children

living in poverty in the 1960s and 1970s had little access to high-

quality ECE supports. Comparing these intervention efforts to

modern-day programs is difficult because the intervention contrasts

have become more incremental, raising the possibility that fadeout

could be partly due to advances in the quality of counterfactual con-

ditions in ECE studies (see Bailey, Duncan, et al., 2020). Indeed, the

CSRP intervention was modeled on the assumption that providing

support for self-regulation in Head Start classrooms would lead to

changes in early self-regulatory capacity. However, it should be

noted that everyone in the control group received standard Head

Start programming, meaning that the CSRP intervention was really

focused on providing services over and above what children already

received in Head Start. Given the comprehensive nature of modern

Head Start programming, perhaps this contrast was simply not strong

enough to produce long-term effects. Thus, more research should

seek to understand whether further improvements to today’s pro-

grams can meaningfully affect long-term developmental trajectories.

Instead, it could be the case that intervention efforts are better placed

on other types of programs that can support low-income families, as

the availability of comprehensive ECE services has grown substan-

tially for most low-income families in the past several decades (see

Cascio, 2021).

More research should also continue to examine the long-term devel-

opment of self-regulation, though we need more causal evidence in

this area. Although correlational studies suggest that childhood behav-

ioral and cognitive regulation predict a host of adult outcomes (see

Ahmed et al., 2021; Moffitt et al., 2011), we failed to find any long-

term effects for an intervention that explicitly targeted children’s

early self-regulation and EF. Indeed, our generally null findings for

educational outcomes also comport with the conclusions of a meta-

analysis that examined links between EF and academic achievement,

as Jacob and Parkinson (2015) found little evidence to suggest a causal

relation between the two constructs. This was perhaps disappointing,

but a few caveats should be taken into account. First, it should be noted

that that participants in the current studywere assessed during the tran-

sition from adolescence to adulthood, preventing us from capturing

many of the key measures of adult life that have correlated with

early self-regulatory capacities in longitudinal work (e.g., criminal

behavior, markers of adult health, etc.). Second, another recent

follow-up of an intensive intervention targeting early self-control in

a group of highly dysregulated boys did find impacts on measures

of adult attainment (Algan et al., 2022). Thus, our study does not

rule out the possibility that self-regulation may provide a lever of

early intervention. We simply need more evidence on the long-term

effects of exogenously driven increases in self-regulation to develop

better theory about how childhood self-regulation relates to adult func-

tioning. In our view, our study is an important early step in this direc-

tion, but it will be difficult to draw firm conclusions until more

experimental or quasi-experimental evidence can be brought to bear.

Limitations

Several important limitations should be noted. First, the study suf-

fered from a number of design issues. As has been reported in
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previous evaluations of this program (Watts et al., 2018), we observed

indications of baseline imbalance across the intervention groups at the

study outset. Thus, these effects should be interpreted with some cau-

tion because causal inference is hampered when RCTs suffer from

baseline nonequivalence. However, we detected relatively consistent

results across models that did and did not control for baseline charac-

teristics. Furthermore, our models were underpowered to detect small,

but important, differences between adolescents at follow-up. Indeed,

standardized standard errors tended to fall between 0.10 and 0.15, sug-

gesting that effects smaller than approximately 0.20–0.30 SDs were

not likely to be detected. This power issue is due to the cluster-ran-

domized design of the study coupled with the relatively small number

of centers (n= 18) involved in the project.

Relatedly, any interpretation of the effects reported here should be

considered against the apparent sensitivity of estimates to various

modeling approaches, which has been demonstrated in the past

(e.g., Raver et al., 2009; Watts et al., 2018). As we described

above, due to the low power and baseline imbalance, treatment effect

estimates reported from this project have been dependent on multi-

level modeling decisions and the inclusion of control variables.

Thus, if initial effects were equivocal, then it is unclear whether

our results represent a pattern of long-term fadeout or small initial

effects carrying forward. This point is further complicated by the

fact that our measures of adolescent functioning do not cleanly

align with the preschool measures from the initial evaluation, even

if a given construct has been carried forward (e.g., EF measures dif-

fer across the waves). A full consideration of the best modeling

approach for each wave of the study represents a viable avenue for

future research, as would approaches that integrate outcome data

across multiple waves (e.g., McCoy et al., 2018). In the current

paper, our focus was to provide a comprehensive analysis of

late-adolescent impacts. Given the various approaches employed

in previous papers, we provided a range of estimates from models

that aligned with the initial evaluations (Raver et al., 2009, 2011)

as well as follow-up work (Watts et al., 2018). Even with these alter-

native approaches, we still detected largely null results, with no clear

pattern of results favoring the intervention group.

Next, our measures were limited in both validity and reliability.

Despite including a broad set of measures across multiple measure-

ment modalities, our data still lacked many key measures that could

represent crucial outcomes for late adolescence and early adulthood.

As we stated above, we lacked sound measures of high school grad-

uation, adult earnings, incarceration rates, and other outcomes that

have been shown in the past to be sensitive to ECE intervention

(e.g., Elango et al., 2016). We were also unable to capture all possi-

ble skills and strengths of this age group that could have been

impacted by the CSRP intervention (e.g., relational skills, self-

efficacy). Thus, future work may find differences in additional out-

comes that wewere unable to examine here. Moreover, our measures

were not devoid of measurement error, and several of our survey-

based instruments had low interitem reliability (the prosocial mea-

sures were particularly noisy). Some of these same measures are

also relatively new to the field (e.g., critical consciousness), and it

is unclear how sensitive they may be to intervention.

As with most evaluations of intervention programs, our study can

provide “causal description,” but it lacks in “causal explanation”

(see Shadish et al., 2002, p. 9). In other words, our study suffers

from a “black box” problem as we cannot identify why the CSRP

intervention failed to strongly impact late-adolescent outcomes.

Mediational analyses were simply beyond the scope of this paper,

but this limitation could be further addressed in futurework leveraging

other waves of study data. However, achieving causal inference with

mediational analyses is difficult, and such difficulties will be exacer-

bated by the lack of power in our study. Nevertheless, we recognize

that our study is limited in its ability to determine mechanisms that

explain the relation (or lack thereof) between the intervention and

the outcomes considered here.

Finally, our results were generated from a single sample of children

from low-income families growing up in the Chicago area. These

results may not generalize to similar interventions in other populations

(see Morris, Millenky, et al., 2013). Relatedly, any generalizations

from this work should be considered against the historical context

within which the sample lived. Indeed, the Great Recession peaked

during our cohort’s childhood years, and the COVID-19 pandemic

struck just at the end of our observationwindow for college enrollment

(though as we mentioned above, we saw few indications that it

affected enrollment patterns for the students most likely to be affected

based on age). Moreover, the ECE context has changed considerably

since these students participated in Head Start, with state-funded pre-k

programs growing in influence. Thus, as with any longitudinal study

in Developmental Psychology, it is difficult to know how these con-

textual factors might influence the long-term developmental patterns

we observed.

Conclusion

Few studies of ECE curricular interventions have followed partic-

ipants into the long-term, and even fewer studies have been able to

collect a robust and broad set of measures of late-adolescent func-

tioning. The findings reported here indicate that the CSRP preschool

intervention did not have sustained effects on adolescent behavior

and cognitive development that were detectable toward the end of

students’ high school careers. These results suggest that although

self-regulation may be a core capacity for school readiness, targeting

self-regulation in early childhood alone may not lead to strong

impacts on later developmental outcomes. More work is needed to

understand the important ingredients of ECE programs that will con-

sistently lead to sustained benefits for disadvantaged children.

Furthermore, our findings suggest that investments across develop-

mental periods are likely necessary to produce meaningful long-

lasting change on children’s developmental outcomes.
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Correction to Armstrong-Carter et al. (2023)

In the article “Momentary Links Between Adolescents’ Social Media Use and Social Experiences and

Motivations: Individual Differences by Peer Susceptibility,” by Emma Armstrong-Carter, Shedrick

L. Garrett, Elizabeth A. Nick, Mitchell J. Prinstein, and Eva H. Telzer (Developmental Psychology,

2023, Vol. 59, No. 4, pp. 707–719, https://doi.org/10.1037/dev0001503), the social connectedness

variable was incorrectly reverse coded. When the coding was corrected, the results showed that highly

susceptible adolescents felt more connected during hours they used social media to engage with peers,

and not less connected as originally reported. Corrections have been made to text related to this var-

iable in the abstract, the public significance statement, the Social Connectedness section of the Method

section, and throughout the Results and Discussion sections. The Connectedness row in Table 1 and

the Social connectedness columns in Table 4 have been updated, and Figure 1 was replaced with a new

version. The online version of this article has been corrected.

https://doi.org/10.1037/dev0001664
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Measures

Emotional Go/No-Go. For the Emotional Go/No-Go task (Tottenham et al., 2011), 

participants are presented with stimuli of facial expressions on a computerized screen, to which 

they were asked to react either by pressing a button as fast as they could when a named target 

expression appeared (i.e., a “Go” stimulus), or by an absence of any response. Participants were 

not explicitly told what the “No-Go” expressions were, but were instructed to not press the 

button when shown any expression other than the target “Go” expression. “Go” stimuli occurred 

more frequently (~ 70% of the time), which conditioned participants to be more likely to 

respond. A “No-Go” response thus yielded a measure of behavioral inhibition at both emotional 

and cognitive levels.

The task makes use of neutral facial expressions and other types of emotional expressions 

over a series of trials. In each trial, an emotional expression was paired with a neutral expression. 

When the emotional expression was served as the “Go” stimulus, the participant was directed to 

respond to the emotional face, and they were told not to respond to the neutral face. Several test 

trials of such paired “Go/ No-Go” conditions were administered as blocks, in random order. 

Since the task required discrimination in the context of emotional expressions (such as Sad and 

Angry), it also measures the participant’s ability to modulate their emotion-based response.

We focus on the same measures of performance on the EGNG task as were employed in 

the Watts and colleagues (2018) follow-up analysis from the 2015-2016 follow-up wave. D-

prime provides the primary measure of emotion recognition, with higher values indicating better 

discrimination. It is obtained by subtracting the z-transformed false alarm rate from the z-

transformed hit rate for a given emotion, and serves as an index of accuracy accounting for 

response bias. Thus, our analyses use two measures of response accuracy: D-Prime Response 

Bias to Angry Faces and D-Prime Response Bias to Sad Faces. We also included two measures 

of reaction time, both scored in milliseconds. Adjusted “Angry” reaction time was calculated as 

the standardized difference between mean hit rate to angry faces in the “Angry Go Block” and  

mean hit rate to happy faces in “Happy Go Block.” Similarly, adjusted “Sad” reaction time was 

calculated as the standardized difference between mean hit rate to sad faces in “Sad Go Block” 

and mean hit rate to happy faces in “Happy Go Block.” Each block had 30 trials, with 21 “Go” 

trails and 9 “No Go” trials. Higher values on both of these measures would indicate that students 

took longer to react to faces with negative emotional expressions when compared to their 

response to happy emotional expressions. 

Hearts and Flowers Task. For the Hearts and Flowers (Diamond et al., 2007) task, 

hearts and flowers appear to the right or left of a computer screen in random order. Participants 

were instructed to press a key (“Q” or “P”) in congruence or incongruence with the side of the 

screen where the heart or flower appeared. Specifically, participants were instructed to press the 

congruent key when they saw a heart (e.g., press “Q” if the heart was on the left side of the 

screen), and the incongruent key when they saw a flower (e.g., press “Q” if the flower was on the 

right side of the screen). “Mixed trials” occurred when participants were shown both hearts and 

flowers in succession and had to switch from congruent to incongruent responses. As with 

EGNG, we again took the same measures of EF performance used in the Watts et al. (2018) 

follow-up analysis. “Accuracy” was measured as the percentage of correct responses for 33 

mixed trials such that higher scores indicated greater executive functioning. Adjusted mixed trail 
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reaction time was calculated as the difference between mixed block mean latency and Hearts-

only block mean latency, and it was scaled in milliseconds.

Barratt Impulsiveness Scale and Behavior Rating Inventory of Executive Function. 
The Barratt Impulsiveness Scale (BIS-11; Patton et al., 1995) and Behavior Rating Inventory of 

Executive Function (BRIEF; Gioia et al., 2000) assessed children’s impulsiveness and everyday 

disruptive behaviors (Isquith et al., 2004). To meet concerns about overwhelming participants 

with too many items, both the BIS and the BRIEF were shortened, keeping only items that were 

theoretically central to the study and aligned with previous CSRP work. The revised scales, 

consisting of 12 BIS items and 15 BRIEF items, were administered to the participants in self-

report format. For the BIS items, respondents indicated the frequency with which they displayed 

each behavior using a 4-point Likert scale (0 (rarely/never), 1 (occasionally), 2 (often), 3 (almost  

always/always)). For the BRIEF items, respondents indicated their frequency using a 3-point 

Likert scale (0 (never), 1 (sometimes), 2 (often)). 

Confirmatory Factor Analysis (CFA) using a maximum-likelihood estimation procedure 

in Mplus was conducted to test and improve model fit of the final measure. Apart from the chi 

square (χ2) statistic, the comparative fit index (CFI) and the root-mean-square error of 

approximation (RMSEA) were examined. Since χ2 values with samples greater than 

approximately 200 will usually be significant and the significance level (and p-value) cannot be 

used to evaluate model fit, we examined the proportion of χ2 relative to degrees of freedom (df) 

along with the other fit statistics (ideally < 3, and not > than 5; Johnson & Wichern, 2007). We 

also conducted an additional measure of fit by comparing the BIS subscale versus the BRIEF 

subscale model with a competing model. In line with previous work (McCoy et al., 2011), we 

created a competing model by first combining the BIS and the BRIEF items and then redividing 

the items into two subscales of Cognitive Dysregulation and Behavioral Dysregulation. Before 

combining items across the two measures, items from each scale were standardized by dividing 

BIS items by 3 and BRIEF items by 2 (McCoy, et al., 2011). CFA revealed that this new model 

had the best model fit ( χ322

2
= 941.296; χ

2/df = 2.92; CFI = .81; RMSEA = .067 (90% CI 

= .062, .072); SRMR = 0.063). After dropping low-loading items (< 0.40) and cross-loading 

items (loaded into two domains with less than 0.20 difference between the two loadings), 5 BIS 

items and 15 BRIEF items remained.  The final measure consisted of Cognitive Dysregulation 

composite formed by combining 1 BIS item and 7 BRIEF items (α = 0.83), and a Behavioral 

Dysregulation composite formed by combining 4 BIS items and 8 BRIEF items (α = 0.85). 

Risks and Strengths. Adapted versions of the Child Health Risk Behavior Scale 

(CHRBS; Riesch et al., 2006) and the Middle School Youth Risks and Behavior Survey (MS-

YRBS; CDC, 2014) were used to measure health risk behaviors, while the Critical 

Consciousness Scale was used to measure community involvement and social consciousness 

(Diemer et al., 2014). The resulting “Risks and Strengths” scale, consisting of 24 age-appropriate 

“risk” items and 18 “strength” items, was given in self-report format. For each “risk” item, 

respondents indicated the prevalence or lack thereof of each behavior (1 (never), 2, 3, 4 

(always)). “Strength” items asked for binary responses (0 (No), 1 (Yes)), except for Critical 

Actions items, where students indicated agreement using a 5-point Likert scale (1 (Strongly 

Disagree), 2 (Disagree), 3 (Neither Agree nor Disagree), 4 (Agree), 5 (Strongly Agree)). 

To refine the scale, an Exploratory Factor Analysis using Principal Axis Factoring with 

Promax rotation was conducted first for “risk” items and then for “strength” items. EFA results 
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initially revealed four risk factors. After dropping items with low factor loadings, items that 

cross-loaded, items that were conceptually muddy (e.g., “have you tried to break or destroy 

something that was yours or someone else’s”), and items that were not theoretically central to the 

study (e.g., “been hit by an adult”), two risk factors remained: Internalizing and Substance 

Abuse. A subsequent CFA revealed acceptable model fit with the remaining two factors (χ53

2
= 

84.77; χ
2/df = 1.60; CFI = .98; RMSEA = .037 (90% CI = .022, .052); SRMR = 0.101). The final 

“risk” measure consisted of an Internalizing composite and Substance Abuse composite formed 

by combining 12 “risk” items (6 items each; α = 0.73 and 0.70, respectively). Higher risk scores 

indicated worse behavioral functioning on both scales. 

An EFA for the “strength” items initially revealed four strength factors: Critical Action, 

Socio-political and Civic Action, Volunteering, and Extracurricular Activity Participation. 

However, we combined the Volunteering and Extracurricular Activity Participation into one 

factor due conceptual similarity among the items. After dropping items with low factor loadings 

(<0.30) and items that cross-loaded, 12 “strength” items remained. CFA revealed good model fit 

with the remaining two factors (χ51

2
= 141.31; χ

2/df = 2.77; CFI = .97; RMSEA = .066 (90% CI 

= .053, .079); SRMR = 0.065). The final “strength” measure consisted of Critical Actions, Socio-

political and Civic Actions, and Extracurricular Activity Participation (4, 3, and 5 items; α = 

0.83, 0.50, and 0.62, respectively). Higher scores on these scales indicated more adaptive and 

prosocial behavior.

SAT Scores. We received standardized achievement scores from several sources across 

our follow-up waves, including Chicago Public Schools (CPS), American College Test (ACT) 

and College Board. We leveraged the standardized test data from these various sources to create 

one overarching composite measure of academic achievement. We pursued this option for 

several interrelated reasons. First, focusing on one measure of academic achievement would 

allow us to maximize statistical power and limit multiple testing across highly correlated 

indicators of achievement. Second, we did not have a priori hypotheses about whether specific 

types of academic skills (i.e., mathematics vs. reading) would be especially affected by the CSRP 

intervention, as the original evaluation reported effects on both math and literacy at the end of 

preschool (see Raver et al., 2011). Third, we did not want to rely solely on data collected from 

CPS, because previous work indicated that intervention children were significantly less likely to 

enroll in CPS high schools during the follow-up waves (see Watts et al., 2020). Thus, by 

aggregating our CPS data with data from ACT and College Board (i.e., sources that were not 

dependent on district enrollment), we were able to avoid biased missingness. 

 Across the follow-up waves, we received 189 PSAT scores and 210 SAT scores from 

CPS, and we received 200 PSAT scores and 211 SAT scores from College Board. We also 

received 67 scores from ACT. We expected fewer students to have ACT scores, as Illinois began 

requiring students to take the SAT during the 2016-2017 school year.1 These various sources of 

standardized test data provided us with a sample of 360 students with at least one PSAT, SAT, or 

ACT score from administrative records. We then began the process of linking these scores 

together to create one “composite” SAT score that we could use in our analyses. 

1 https://chicago.chalkbeat.org/2018/7/27/21105418/illinois-has-embraced-the-sat-and-the-act-is-mad-about-it

4



Supplementary file for “LONG TERM IMPACTS OF CSRP”

We first generated a composite SAT score by using published conversion tables2 that 

allowed us to convert both PSAT and ACT scores to SAT scores for any child who was missing 

SAT scores but had one of the other forms of data. We then supplemented this “conversion 

table” approach by generating an imputed SAT score. This imputed SAT score was generated by 

using multiple imputation (i.e., the “Markov Chain Monte Carlo” method in Stata 16.0), and we 

used any high school test score available for a student in our imputation model. We also used 

student reported SAT scores from our survey measures at the 2017-2018 (N = 111) and 2018-

2019 (N = 92) follow-up waves in our imputation model. The imputation model generated an 

SAT score for 385 students, which strongly correlated with the “composite” SAT score 

generated from the conversion table method (r(360) = 0.96). Indeed, we found that the response 

rate on this aggregated measure was not related to preschool intervention assignment, and Table 

2 contains descriptive information for the standardized test score used for our analysis. In our 

analyses, we averaged together the “imputed” and “conversion-table” SAT scores, and report 

impacts on this averaged composite measure. 

College Enrollment. Our measures of college enrollment were created from 

administrative data supplied by the National Student Clearinghouse (NSC). NSC provided us 

with 11 semesters of enrollment data, with the final semester occurring in Spring of 2021. We 

verified this data using administrative data from CPS, and we supplemented the data with college 

classification data from the Integrated Postsecondary Education Data System (IPEDS). 

Ultimately, we generated two binary (0 (No), 1 (Yes)) measures of college enrollment: 1) Any 

College Enrollment (including dual-enrollment during high school); 2) Post-secondary 

enrollment in a 4-year school. Given the high coverage rate by NSC (96.9% for all institutions 

within the United States; 98.2% for institutions in Illinois), students with no enrollment data 

from NSC were coded as “not enrolled” (National Student Clearinghouse, 2021). For our 

measure of “Any College Enrollment,” we simply coded any student as “yes” if they returned 

any valid enrollment data from NSC. Thus, this measure includes community college enrollment, 

and dual-enrollment during high school. 

To generate the measure of post-secondary “four year enrollment,” we extensively 

cleaned and processed the data. First, to distinguish post-secondary enrollment data from 

enrollment during high school (i.e., “dual-enrollment”), we verified that a student’s first semester 

of college enrollment began after their CPS-reported graduation date. Unfortunately, CPS was 

only able to provide high school graduation data for 120 students. We then projected graduation 

year for the remaining students using their age at preschool entry. Because our CPS data was 

incomplete, we also verified potential dual enrollment status by searching high school websites 

for dual enrollment partnerships and high school location proximity to enrolled college. Once we 

set aside dual enrollment, we then verified “seat time” per semester (i.e., a student must be 

enrolled for at least 75% of the semester or quarter to count as full-time enrolled). Finally, we 

used the IPEDs data to confirm that the student was enrolled in a 4-year school. For students who 

attended more than one college, we pulled and compared the selectivity rating of each college 

2 https://www.act.org/content/dam/act/unsecured/documents/ACT-SAT-Concordance-Tables.pdf; 

https://www.thecollegemonk.com/blog/psat-to-sat-conversion
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from IPEDS and then took their most selective college. If there was a selectivity tie between two 

colleges, the first college attended was kept for the student.

High school performance. For our moderation analyses, we used the same measure of 

high school performance as was used in the Watts et al. (2020) exploratory analysis linking the 

preschool intervention to selection into higher performing schools. The details of the measure are 

explained fully by Watts et al. (2020). The measure was generated for the school within which a 

given student reported enrolling during the 2016-2017 wave of data collection. Information on 

school quality was taken from a number of public sources, and we relied on 2015-2016 school 

quality data (this decision was made to better measure the information a family had when 

choosing where to enroll for the 2016-2017 year).

The school performance measure combined data taken from the Illinois School Report 

Card, as well as information on school-level ACT scores taken from the Illinois State Board of 

Education. The resulting school performance composite was generated by averaging across a set 

of related school performance measures. First, we collapsed three highly related indicators of test 

score performance into a single measure of school-level achievement (i.e., the average of 

“Percent ready of Next Level,” “Percent of African Americans that Met/Exceeded Expectations,” 

and “Percent of Low-Income Students that Met/Exceeded Expectations”). We then combined 

this test score measure with school level ACT score, graduation rate, and the postsecondary 

enrollment rate (these measures were transformed to z-scores and then averaged). This school 

performance composite had good internal reliability (α = 0.84). 

Results

Sample difference. Table S1 presents a selected list of baseline characteristics, compared 

between the original sample of 602 and the “follow-up” sample of 430 used in our main 

analyses. Multiple imputation was used to account for any missing baseline measures.

Correlations among outcomes. Table S2 presents pairwise correlations among all 

outcome variables.

Full baseline characteristics. Table S3 (Panels A and B) present descriptive 

characteristics for the full set of baseline measures. The estimated difference column was 

generated by setting up a mixed model such that each outcome was modeled as a function of 

treatment status and blocking group fixed effects (i.e., “dummy” variables), with random effects 

included for Head Start site. Continuous variables were standardized, so the estimated difference 

column presents standardized differences between treatment and control for continuous 

variables. For binary variables, we used linear probability models, so the estimated difference 

column represents differences in probability between the treatment and control group. 

Table S3 also clarifies the various sets of variables that were used to run sensitivity tests 

(described below). Of note, the “^” sign, indicates variables that were used in our “imbalanced 

controls” models described below. The “++” sign indicates variables that were used in our 3-

Level HLMs described below. 

Attrition. Table S4 presents estimated differences between treatment and control in the 

probability of having a given measure. For this table, we simply generated a binary indicator for 
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each respective outcome measure. This measure was set to “1” if a participant had data on a 

given measure and “0” otherwise. We then modeled each binary measure as a function of 

treatment status and blocking group fixed effects, with random effects included for Head Start 

site (i.e., mixed model). Thus, the coefficients represent differences in probability (i.e., linear 

probability models). 

Sensitivity tests. Table S5 (Panels A and B) present 4 alternative modeling approaches to 

estimating the main effects of the intervention to ensure that our basic pattern of results was not 

due to idiosyncrasies of our preferred modeling approach. We tested sensitivity to these different 

approaches as they represented plausible alternatives we could have chosen for estimating 

treatment impacts. 

First, because we include a large set of covariates in our key models, we tested if results 

would have differed had we chosen a heavily reduced set of controls. In Column 1, we present 

results for models that only included controls that were found to be significantly different 

between the treatment and control groups at baseline. These models also included basic 

demographics, including gender, race, and age at baseline. In some cases, SEs were slightly 

smaller than our preferred estimates, but no results were statistically significant. Here, we also 

tested if results were sensitive to using REML as the main estimation method (MLE was used for 

our main analyses).

Second, we tested if results may be sensitive to our approach to handling missing data on 

covariates. In Column 2, we present estimates that were generated by using mean imputation on 

for any covariate with missing data (REML was also used as the estimation method). For these 

estimates, we also included “dummy” variables that indicated whether a participant had missing 

data on a given baseline measure. 

Third, given that Watts et al. (2018) used OLS with cluster-adjusted SEs, we tested 

sensitivity to using OLS in Column 3. Here, we used the “reg_sandwich” Stata package 

developed by Tyszler, Pustejovsky, & Tipton (2017), which adjusts SEs for small samples in 

clustered designs (see https://ideas.repec.org/c/boc/bocode/s458352.html). These models also 

relied on the “mean imputation with dummy variables” approach to handling missing data on 

baseline controls. 

Fourth, we estimated models that were designed to approximately replicate the modeling 

approach employed in the original preschool evaluation papers for CSRP (Raver et al., 2009; 

2011). These models included a reduced set of family background controls, with baseline child 

characteristics limited to gender, race, whether the parent spoke Spanish, family size, single 

parent, and an index of poverty risk. Classroom and teacher characteristics included the same list 

employed in the estimates shown in the main text (see Table S3). Instead of blocking group fixed 

effects, these models included the following Head Start site characteristics as controls: number of 

family support workers on staff, number of children at the site, proportion of teachers with a BA, 

proportion of TAs with college, proportion of families employed, and proportion of families 

receiving TANF. These models also included random effects for the Head Start classroom and 

the Head Start site (i.e., 3 level model). 

Finally, the original evaluations (Raver et al., 2009; 2011) only included the lagged 

measure of the specific outcome when adding controls for baseline cognitive and behavioral 

skills. However, given that our measures for adolescent functioning do not have “pre-tests” from 

preschool (e.g., college enrollment), we had to approximate the best “lagged control” for each 

given set of outcomes. Thus, for models that used measures of executive function and emotional 
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regulation as outcomes (i.e., Table 3), we included the fall baseline measures of executive 

function, effortful control, and attention. For models that used measures of behavioral 

functioning as outcomes (i.e., Table 4), we included measures of externalizing and internalizing 

as reported by parents and teachers as controls. For models that examined impacts on 

achievement and college enrollment (i.e., Table 5), we included the baseline assessments of the 

PPVT, letter naming, and early math. 

Heterogeneity Tests

For each of the models examining treatment impact heterogeneity, we used the reduced 

list of “imbalanced controls” (see Table S5) with multiple imputation employed for missing data 

on control variables.

Baseline student characteristics. In Table S6 (Panels A, B, and C), we present results 

for our tests of heterogeneity based on student characteristics. For these models, we tested if 

preschool treatment impacts differed based on gender, race, exposure to significant poverty, or 

baseline executive functioning. Our exposure to poverty variable was a binary indicator set to 

“1” if a student was below 50% of the poverty threshold during preschool. The baseline 

executive functioning measure was a composite variable made up of performance on the Balance 

Beam and Pencil Tapping tasks in the fall of preschool (see Raver et al., 2011). 

We then ran a single F-test for each model which evaluated whether the set of 

interactions jointly differed from zero (p-value from this test are shown at the bottom of each 

Table S6 panel). 

Cohort status. Because the intervention was administered across two cohorts (Cohort 1 

in 2004-2005; Cohort 2 in 2005-2006), we tested in impacts differed based on cohort. Table S7 

presents interactions between an indicator variable for Cohort 1 and treatment.

School performance. In Table S8, we present interactions between the preschool 

intervention indicator and our continuous measure of school performance. This measure of high 

school performance was standardized across the sample, and it strongly predicted 4-year college 

enrollment, SAT scores, and responses on the College Planning index. 

Mindset Intervention

As we described in the main text, students were re-randomized to a mindset intervention 

in the 2015-2016 wave of the study. For the 2016-2017 wave of data collection (i.e., the first 

follow-up wave included in our current analyses), students remained in their mindset 

intervention condition and received a second mindset module. The procedures and impacts for 

this intervention are described at length by Gandhi et al. (2020), and analyses showed that both 

doses of the intervention generally had null effects on student outcomes, though some models 

also indicated negative effects on academic achievement. 

In Table S9, we present impact estimates for the mindset intervention on the outcomes 

considered in the current study. For these analyses, we limited the sample to students who were 

present at both the 2015-2016 and 2016-2017 administrations of the mindset intervention (this is 

in keeping with the main analytic approach adopted by Gandhi et al., 2020). For the 2016-2017 
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wave of data collection, students were given a battery of assessments on laptops in their schools. 

The mindset intervention was given in the middle of this assessment battery. Thus, we present 

outcomes in Panel A that were administered before the second dose of the mindset intervention. 

These impacts then represent 1-year follow-up impacts of the initial mindset intervention (i.e., 

the “Purpose for Learning” module) administered in 2015-2016. In Panel B, we present 

outcomes that were administered after the second dose (i.e., the “Growth Mindset” module). For 

Panel B, the measures of emotional regulation and behavioral functioning were given 

immediately following the second mindset module. The college enrollment and College 

Planning measures represent longer-term impacts of both mindset modules. 

It should be noted that interpretations of the estimated effect of the mindset intervention 

on SAT scores should be made with caution, as additional work is likely needed to verify the 

date of administration for all of the various tests that were used to generate our imputed SAT 

score. As we described above, we used a mix of scores from CPS, College Board, ACT, and self-

report in the imputation for model for participants missing a score, and it is possible that some of 

this information may have been derived from testing occasions before dose 1 or dose 2 of the 

intervention. We determined it was beyond the scope of work for the current paper to further 

construct an SAT measure that aligned date of administration to the mindset intervention date, as 

the SAT measure in the current study was constructed to provide the best outcome possible for 

the pre-k intervention. Our preliminary work with this has suggested that the date of 

administration likely constitutes a limited problem (i.e., few scores were dependent on 

information taken before the first dose). Additionally, our earliest semester of college enrollment 

data came from the Fall of 2016, which would have occurred just before the second 

administration of the mindset intervention. However, fewer than 5 students began enrollment in 

the Fall of 2016 (i.e., dual enrollment), thus having little influence on the measure. 

In Table S10, we present impact estimates for the interaction between the mindset 

intervention and the preschool intervention. As Table S10 reflects, we saw no interactions at the 

0.05 level between the two interventions. We also detected no statistically significant main 

effects at the 0.05 level in these models. At the .10 level of marginal significance, we found that 

the preschool intervention students had lower scores on the Sad D-Prime measure for the EGNG 

task, and the mindset intervention students had worse scores on the behavioral dysregulation 

measure and SAT composite.

Interactions with age

Finally, we examined whether our impacts on measures of achievement and college 

enrollment for the preschool intervention could be biased due to variation in student age. These 

models address the concern that older students may have had more opportunity to exhibit college 

going behavior, and thus our impact estimates might be affected by measurement bias. Indeed, 

our data contained 2 cohorts of preschool attendees, and student age varied within cohort. For 

these models, age was measured in years and standardized across the sample. Here, we saw little 

indication that impacts differed across student age. Interestingly, the interaction with age for 

SAT scores was positive and marginally significant (p < .10), indicating that preschool 

intervention impacts were more positive for older children in the sample. But, even in this model, 

the main effect for SAT (assessed at the average student age) was still negative (though not 

significant). 
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Table S1

Selected Baseline Descriptive Statistics for Original Sample and Follow-up Sample

 

Original 
Sample

Follow-up 
Sample

Estimated 
Difference

Child Demographic Characteristics

Female 0.53 0.55 0.06

Age (years) at preschool 4.38 4.37 -0.06

Black 0.66 0.68 0.04

Hispanic 0.27 0.25 -0.03

Bi-racial or Other 0.04 0.04 0.00

Family/Parent Characteristics

Income to Needs Ratio 0.68 0.70 0.15+

Number of Children in the Home 2.65 2.74 0.17+

Food Stamps 0.52 0.52 -0.04

Free/Reduced Price Lunch 0.55 0.59 0.07

Bio Parent Sees Child Everyday 0.45 0.46 0.03

Married/Remarried 0.21 0.21 -0.01

Parent Has Savings 0.61 0.59 -0.04

Child Baseline Skills and Behavior

Executive Functioning -0.07 -0.05 0.07

Math 7.04 7.14 0.10

PPVT 10.22 10.18 -0.01

Externalizing (Parent Report) 6.40 6.39 -0.02

Internalizing (Parent Report) 3.18 3.18 -0.00

Teacher and Class Characteristics

Teacher age 40.27 39.80 -0.02

Techer Depression (K6 Score) 2.55 2.64 0.13**

Teacher Job Demand 2.71 2.71 0.05

Behavioral Management 4.87 4.82 -0.09

Classroom Overall Quality 4.71 4.65 -0.12*

N 602 430  
Note. The values shown in the “estimated difference” column were derived from HLM model 

results such that each respective baseline variable was regressed on an indicator for inclusion 

in the follow-up sample and a set of blocking group fixed effects, with school random effects 

included. The estimated differences for continuous variables were standardized, so coefficients 

can be interpreted as effect sizes. Differences for binary variables should be interpreted as 

difference in probability (i.e., linear probability models). Multiple imputation was used for 

missing data on baseline covariates.

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001
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Table S2

Correlations Among All Outcomes

    1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Emotional Go/No Go                                

1 Emotion Regulation- Angry D-Prime 1

2 Emotion Regulation- Sad D-Prime 0.34 1

3 Emotion Regulation- Angry RT 0.04 0.08 1

4 Emotion Regulation- Sad RT 0.06 0.06 0.59 1

Hearts & Flowers

5 Executive Function- Mixed Block Accuracy 0.27 0.33 0.14 0.09 1

6 Executive Function- Mixed Trials RT 0.01 0.09 0.08 0.03 0.31 1

Behavioral Functioning: Risks & Strengths

7 Internalizing 0.02 0.03 0.09 0.03 0.00 -0.01 1

8 Substance Abuse 0.10 0.11 -0.04 -0.07 0.07 -0.04 0.30 1

9 Critical Actions 0.04 0.20 0.09 0.07 0.15 0.13 0.01 -0.03 1

1

0 Socio-political and Civic Actions 0.02 0.12 0.02 0.04 0.05 0.10 0.20 0.11 0.23 1

1

1 Extracurricular Activity Participation -0.01 0.03 -0.07 -0.01 0.05 0.02 -0.02 -0.02 0.12 0.22 1

Self-Regulation: BIS & BRIEF

1

2 Cognitive Dysregulation -0.04 -0.03 -0.05 -0.12 0.01 -0.01 0.37 0.20 -0.09 0.05 -0.09 1

1

3 Behavior Dysregulation -0.11 -0.15 -0.07 -0.09 -0.12 -0.07 0.35 0.18 -0.10 0.03 -0.04 0.63 1

Achievement and Attainment

1

4 College Enrollment 0.04 0.14 0.08 0.11 0.14 0.05 -0.05 -0.10 0.20 0.01 0.06 -0.08 -0.11 1

1

5 Four Year College Enrollment 0.05 0.11 0.10 0.08 0.20 0.10 -0.05 -0.07 0.15 0.07 0.17 -0.13 -0.13 0.59 1

1

6 Total SAT 0.17 0.20 0.20 0.23 0.38 0.08 0.05 -0.04 0.15 0.10 0.15 -0.13 -0.15 0.28 0.40 1

1

7 College Planning (survey index) 0.05 0.12 -0.04 -0.04 0.09 0.05 -0.04 0.00 0.26 0.09 0.09 -0.08 -0.10 0.38 0.29 0.19
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Note. RT = Reaction time. Pairwise correlations among the follow-up sample (n = 430) are presented. 
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Table S3 (Panel A)

Full Baseline Characteristics

 
CSRP Treatment CSRP Control Estimated Difference

Child Demographic Characteristics      

Female  ^ ++ 0.49 0.61 -0.12*

Age (years) at preschool  ^ 4.37 4.36 -0.01

Black  ^ ++ 0.70 0.66 -0.00

Hispanic 0.26 0.25 0.05

Bi-racial or Other 0.03 0.05 -0.02

Family/Parent Characteristics

Income to Needs Ratio 0.68 0.72 -0.04

Number of Children in the Home 2.67 2.82 -0.14

Family Size  ++ 4.47 4.57 -0.10

Years in Current Home 4.36 4.96 -0.10

TANF 0.17 0.14 0.02

WIC 0.29 0.29 -0.03

Food Stamps 0.52 0.52 -0.02

Medicaid/Kidcare 0.66 0.71 -0.06

Public Housing 0.12 0.17 -0.04

Free/Reduced Price Lunch 0.56 0.62 -0.08

SSI Disability 0.10 0.13 -0.04

Family Support 0.16 0.16 -0.01

Parent or Child is Immigrant 0.14 0.17 -0.02

Bio Parent Sometimes Sees Child 0.30 0.24 0.07

Bio Parent Sees Child Everyday 0.42 0.50 -0.10+

Hours Worked per Week 19.98 22.30 -0.11

Parent Age 29.13 30.22 -0.16

Parent African American 0.71 0.68 -0.00

Parent Hispanic 0.26 0.24 0.03

Living with Partner 0.37 0.41 -0.06

Married/Remarried 0.19 0.24 -0.06

Parent Has Savings ^ 0.65 0.54 0.12*

Parent Full-time Employed 0.34 0.45 -0.11*

Parent Unemployed 0.40 0.39 0.00

Mother Graduated H.S. 0.38 0.38 0.00

Mother Attended Some College 0.29 0.29 0.01

Mother Attained B.A. or Higher 0.10 0.07 0.03

N 224 206  

Note. See Panel B for table note.
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Table S3 (Panel B)

Full Baseline Characteristics

 
CSRP Treatment CSRP Control Estimated Difference

Child Baseline Skills and Behavior

Executive Functioning  ^ ++ 0.05 -0.16 0.21*

Effortful Control  ++ -0.01 -0.06 0.00

Attention/Impulse Control  ++ 2.27 2.2 0.10

Positive Emotion 2.13 2.15 -0.04

Letter Naming  ++ 0.22 0.17 0.15

Math  ++ 7.37 6.90 0.11

PPVT  ++ 10.46 9.88 0.15

Externalizing (Parent Report)  ++ 6.69 6.06 0.12

Internalizing (Parent Report)  ++ 3.18 3.17 -0.02

Externalizing (HS Teacher Report)  ++ 6.34 5.42 0.21

Internalizing (HS Teacher Report)  ++ 2.53 2.22 0.16

Teacher and Class Characteristics

Teacher has BA  ++ 0.71 0.60 0.03

Teacher age  ^ ++ 37.20 42.62 -0.40+

Techer Depression (K6 Score) ^ ++ 3.20 2.04 0.71*

Teacher Job Demand  ^ ++ 2.88 2.53 0.60***

Teacher Job Control  ++ 3.33 3.15 0.10

Behavioral Management  ^ ++ 4.56 5.11 -0.63***

Classroom Emotional Climate  ^ ++ 15.35 16.56 -0.53***

Classroom Overall Quality  ^ ++ 4.42 4.91 -0.61**

Class Size  ++ 16.45 16.18 -0.04

Number of Adults in Class  ++ 2.48 2.31 -0.02

N 224 206  

F (53, 349.2) = 18.33, p < 0.001    

Note. The values shown in the "Difference" column were derived from HLM model results for each 

respective baseline variable on treatment status and a set of blocking group fixed effects. This column 

measures the difference between the treatment and control group. Difference for continuous variables 

were standardized, so coefficients can be interpreted as effect sizes. Differences for binary variables can 

be interpreted as differences in probability (i.e., estimates from linear probability models). The F-statistic 

was generated by regressing treatment status on all baseline measures, and testing whether all baseline 

measures were jointly statistically significantly different from 0 (no clustering adjustment was applied for 

this test due to degrees of freedom limitations with only 18 sites). Means were calculated using the 

imputed dataset.

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001

^  Control variable for the "Imbalanced" model

++ Control variable for the 3 Level HLM model
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Table S4

Differences between Treatment and Control in the Probability of Non-Missing  

Data on Each Outcome Measure

 
LPM Coefficient

Emotional Regulation: Emotional Go/No Go  

Emotion Regulation- Angry D-Prime -0.03

(0.04)

Emotion Regulation- Sad D-Prime -0.03

(0.04)

Emotion Regulation- Angry RT -0.03

(0.04)

Emotion Regulation- Sad RT -0.03

(0.04)

Executive Function: Hearts & Flowers

Executive Function- Mixed Block Accuracy -0.00

(0.04)

Executive Function- Mixed Trials RT -0.00

(0.04)

Behavioral Functioning: Risks & Strengths

Internalizing 0.01

(0.04)

Substance Abuse 0.01

(0.04)

Critical Actions -0.01

(0.04)

Socio-political and Civic Actions -0.00

(0.04)

Extracurricular Activity Participation 0.01

  (0.04)

Note. See Panel B note. 
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Table S4

Differences between Treatment and Control in the Probability of Non-Missing  

Data on Each Outcome Measure

 
LPM Coefficient

Self-Regulation: BIS & BRIEF

Cognitive Dysregulation 0.01

(0.04)

Behavior Dysregulation 0.01

(0.04)

Achievement and Attainment

College Enrollment -0.00

(0.04)

Four Year College Enrollment -0.00

(0.04)

Total SAT 0.00

(0.04)

College Planning (survey index) -0.05

(0.04)

N 602

Note. Estimates represent results from individual linear probability models, in 

which a binary indicator for whether a student had non-missing data on a 

given measure was modeled as a function of treatment status and blocking 

group fixed effects. Each model was run as a mixed model with random 

effects for Head Start site.
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Table S5 (Panel A)

Alternative Modeling for Estimated Impacts of the CSRP Preschool Intervention on Adolescent 

Outcomes

 

Imbalance
d Controls

Mean 
Imputation

OLS w/ 
"Club-

Sandwich"

3 Level 
HLM

Raw 
Units

N

  (1) (2) (3) (4) (5)  

Emotional Go/No Go

Emotion Regulation- Angry D-Prime -0.04 0.01 0.04 0.13 0.02 404

(0.13) (0.18) (0.18) (0.19) (0.11)

Emotion Regulation- Sad D-Prime -0.21+ -0.16 -0.16+ -0.03 -0.14 403

(0.12) (0.15) (0.09) (0.19) (0.11)

Emotion Regulation- Angry RT 0.00 -0.09 -0.09 -0.30 -1.62 404

(0.14) (0.15) (0.15) (0.19) (7.04)

Emotion Regulation- Sad RT 0.12 0.15 0.11 -0.07 7.12 404

(0.18) (0.21) (0.22) (0.19) (6.67)

Hearts & Flowers

Executive Function- Mixed Block Accuracy -0.13 -0.19 -0.18 -0.11 -0.03 396

(0.12) (0.15) (0.17) (0.18) (0.02)

Executive Function- Mixed Trials RT -0.16 -0.14 -0.14 -0.19 -11.02 396

(0.13) (0.15) (0.12) (0.19) (10.89)

Behavioral Functioning: Risks & Strengths

Internalizing 0.08 0.12 0.12 -0.03 0.04 430

(0.12) (0.14) (0.10) (0.18) (0.04)

Substance Abuse -0.08 -0.15 -0.15 -0.03 -0.02 430

(0.12) (0.14) (0.11) (0.18) (0.02)

Critical Actions -0.04 -0.11 -0.11 -0.23 -0.11 419

(0.17) (0.14) (0.16) (0.19) (0.11)

Socio-political and Civic Actions -0.16 -0.17 -0.14 -0.46* -0.05 420

(0.14) (0.21) (0.13) (0.18) (0.04)

Extracurricular Activity Participation 0.09 0.02 0.08 0.26 0.03 430

(0.12) (0.19) (0.18) (0.18) (0.04)

Blocking Group Inc. Inc. Inc. Inc.

Imbalanced Controls Inc.

Full Controls (full list from Table S3) Inc. Inc. Inc.

3-Level HLM Controls Inc.

Site Characteristics       Inc.  

Note. See Panel B for table note.
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Table S5 (Panel B)

Alternative Modeling for Estimated Impacts of the CSRP Preschool Intervention on Adolescent Outcomes

 

Imbalanced 
Controls

Mean 
Imputation

OLS w/ 
"Club-

Sandwich"

3 Level 
HLM

Raw 
Units N

  (1) (2) (3) (4) (5)  

Self-Regulation: BIS & BRIEF

Cognitive Dysregulation -0.12 -0.13 -0.12 -0.30 -0.04 430

(0.13) (0.15) (0.09) (0.19) (0.03)

Behavior Dysregulation -0.16 -0.21 -0.20 -0.36* -0.04+ 429

(0.13) (0.15) (0.14) (0.18) (0.02)

Achievement and Attainment

College Enrollment (binary) -0.07 -0.12 -0.12* -0.01 -0.11 374

(0.08) (0.08) (0.06) (0.10) (0.07)

Four Year College Enrollment (binary) -0.02 -0.05 -0.06 -0.11 -0.05 374

(0.07) (0.09) (0.07) (0.09) (0.07)

Total SAT -0.17 -0.27+ -0.27* -0.32 -29.52 354

(0.15) (0.14) (0.12) (0.20) (20.13)

College Planning (survey index) -0.14 -0.18 -0.18+ -0.51** -0.32* 385

(0.13) (0.16) (0.10) (0.18) (0.15)

Blocking Group Inc. Inc. Inc. Inc.

Imbalanced Controls Inc.

Full Controls (full list from Table S3) Inc. Inc. Inc.

3-Level HLM Controls Inc.

Site Characteristics       Inc.  

Note. All outcome variables were standardized, so coefficients can be interpreted as effect sizes. The college  

enrollment  indicators  were  binary  and  coefficients  were  generated  from linear  probability  models.  See  the 

supplementary file text for "Sensitivity tests" for full description of each model. In brief, estimates in column 1 

included only controls that showed significant baseline imbalance, plus gender, race, and age. Model 2 used the full 

list of baseline controls, but mean imputation was used for missing data on controls. Model 3 also used mean 

imputation for missing data on controls, but OLS with the "reg_sandwich" SE estimator in Stata was used. The "3-

Level-HLM" column presents models designed to approximately replicate the modeling approach used in the 

original evaluation reports (i.e., Raver et al., 2009; 2011). Finally, the “Raw Units” column represents the same 

models as those shown in the main text, except outcome variables were not standardized.

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001
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Table S6 (Panel A)

Moderation Based on Individual Baseline Child Characteristics

 

Angry D-
Prime

Sad D-
Prime

Angry 
RT 

Sad RT 
Mixed Block 

Accuracy
Mixed 

Trials RT

CSRP Treatment -0.21 -0.36 0.04 0.47* -0.07 -0.08

(0.23) (0.23) (0.23) (0.23) (0.22) (0.23)

CSRP * Female 0.53** 0.18 0.23 -0.36+ -0.05 0.03

(0.20) (0.20) (0.20) (0.20) (0.19) (0.20)

CSRP * Black -0.17 -0.07 -0.29 -0.12 -0.01 -0.20

(0.23) (0.23) (0.23) (0.23) (0.23) (0.24)

CSRP * INR < 0.50 -0.07 0.21 0.07 -0.20 -0.07 0.06

(0.21) (0.20) (0.21) (0.21) (0.20) (0.21)

CSRP * EF 0.07 0.02 0.00 0.11 0.00 -0.07

(0.10) (0.11) (0.11) (0.11) (0.10) (0.11)

P-value 0.075+ 0.779 0.597 0.241 0.996 0.858

 

Internalizing
Substance 

Abuse
Critical 
Actions

Socio-
political and 
Civic Actions

Extracurricular 
Activity 

Participation

CSRP Treatment 0.46* -0.11 0.18 0.30 0.34

(0.21) (0.22) (0.23) (0.22) (0.22)

CSRP * Female -0.17 0.26 -0.24 -0.21 -0.27

(0.19) (0.19) (0.20) (0.19) (0.19)

CSRP * Black -0.28 -0.08 -0.20 -0.50* -0.07

(0.22) (0.22) (0.23) (0.22) (0.22)

CSRP * INR < 0.50 -0.24 -0.13 0.04 -0.07 -0.14

(0.20) (0.20) (0.20) (0.20) (0.20)

CSRP * EF 0.05 -0.03 -0.02 -0.04 -0.03

(0.10) (0.10) (0.10) (0.10) (0.10)

P-value 0.296 0.650 0.688 0.147 0.570

Note. See Panel B for table note.
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Table S6 (Panel B)

Moderation Based on Individual Baseline Child Characteristics

 

Cognitive 
Dysregulation

Behavior 
Dysregulation

Any 
College 

Enrollment

Four Year 
College 

Enrollment

Total 
SAT

College 
Planning

CSRP Treatment -0.14 -0.14 -0.02 0.09 0.17 0.17

(0.22) (0.22) (0.11) (0.11) (0.23) (0.20)

CSRP * Female 0.23 0.19 0.07 -0.01 -0.08 -0.30+

(0.20) (0.19) (0.10) (0.10) (0.20) (0.18)

CSRP * Black -0.14 -0.20 0.02 -0.12 -0.21 0.00

(0.23) (0.22) (0.12) (0.11) (0.24) (0.21)

CSRP * INR < 0.50 -0.06 -0.05 -0.23* -0.06 -0.38+ -0.33+

(0.20) (0.20) (0.10) (0.10) (0.21) (0.18)

CSRP * EF -0.08 -0.06 -0.02 -0.05 0.06 -0.09

(0.10) (0.10) (0.05) (0.05) (0.10) (0.09)

 P-value 0.658 0.699 0.238 0.592 0.244 0.119

Note. Our measure of poverty was generated using a binary indicator for whether the family income to needs ratio 

(INR) fell below 0.50 during preschool. The p-values were generated by running each model with the set of 

interactions included simultaneously, and we then assessed whether the set of interactions were jointly different from 

zero. These models included the "imbalanced" control list (see Table S3).
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Table S7 (Panel A)

Moderation Based on Cohort Status

 
Angry D-Prime Sad D-Prime Angry RT Sad RT 

Mixed Block 
Accuracy

Mixed Trials RT

CSRP Treatment -0.03 -0.12 -0.05 -0.26 0.05 0.01

(0.18) (0.18) (0.18) (0.18) (0.17) (0.18)

CSRP * Cohort 1 -0.01 -0.15 0.08 0.59** -0.29 -0.28

(0.23) (0.22) (0.23) (0.22) (0.22) (0.23)

N 404 403 404 404 396 396

 

Internalizing
Substance 

Abuse
Critical Actions

Socio-political 
Actions

Extracurricular 
Activity Participation

CSRP Treatment -0.01 -0.13 -0.02 -0.39* -0.11

(0.17) (0.17) (0.18) (0.17) (0.17)

CSRP * Cohort 1 0.15 0.09 -0.05 0.39+ 0.34

(0.21) (0.21) (0.22) (0.21) (0.21)

N 430 430 419 420 430

Note. See Panel B for table note. 
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Table S7 (Panel B)

Moderation Based on Cohort Status

 

Cognitive 
Dysregulation

Behavior 
Dysregulation

Any College 
Enrollment

Four Year College 
Enrollment

Total SAT
College 

Planning

CSRP Treatment -0.15 -0.13 -0.11 -0.03 -0.38* 0.07

(0.18) (0.17) (0.09) (0.09) (0.18) (0.16)

CSRP * Cohort1 0.06 -0.04 0.06 0.01 0.36 -0.34+

(0.22) (0.22) (0.11) (0.11) (0.23) (0.20)

N 430 429 374 374 354 385

Note. For each model, we used the "imbalanced" set of controls (see Table S3). Cohort 1 describes sites and children that participated in the study 

during the 2004-2005 academic year. Students in Cohort 2 participated during the 2005-2006 academic year, and they serve as the comparison 

group. Models include dummy variables for block, which absorb the main effect for cohort. 

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001
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Table S8 (Panel A)

Moderation Based on High School Academic Performance

 

Angry D-Prime
Sad D-
Prime

Angry RT Sad RT 
Mixed Block 

Accuracy
Mixed Trials 

RT

CSRP Treatment -0.15 -0.33** -0.02 -0.00 -0.22+ -0.13

(0.13) (0.13) (0.14) (0.14) (0.13) (0.14)

High School Performance 0.00 0.13+ -0.02 0.03 0.14* -0.10

(0.07) (0.07) (0.07) (0.07) (0.07) (0.07)

CSRP X School Performance 0.15 0.00 0.07 0.01 -0.03 0.17

(0.11) (0.10) (0.11) (0.11) (0.10) (0.11)

N 347 347 347 347 339 339

 

Internalizing
Substance 

Abuse
Critical 
Actions

Socio-political 
Actions

Extracurricular 
Activity Participation

CSRP Treatment 0.02 -0.07 -0.23+ -0.20 0.07

(0.13) (0.13) (0.13) (0.13) (0.13)

High School Performance -0.04 0.01 0.07 0.06 0.05

(0.07) (0.07) (0.07) (0.07) (0.07)

CSRP X School Performance 0.24* 0.16 0.11 0.17 0.03

(0.10) (0.10) (0.10) (0.11) (0.10)

N 366 366 356 357 366
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Table S8 (Panel B)

Moderation Based on High School Academic Performance

 

Cognitive 
Dysregulation

Behavior 
Dysregulation

Any College 
Enrollment

Four Year College 
Enrollment

Total SAT
College 

Planning

CSRP Treatment -0.15 -0.18 -0.13* -0.02 -0.20 -0.12

(0.13) (0.13) (0.07) (0.06) (0.12) (0.11)

High School Performance -0.13+ -0.11 0.05 0.14*** 0.46*** 0.23***

(0.07) (0.07) (0.04) (0.03) (0.07) (0.06)

CSRP X School Performance 0.28** 0.11 0.02 -0.05 -0.06 -0.09

(0.10) (0.10) (0.05) (0.05) (0.10) (0.09)

N 366 365 324 324 316 329

Note. See the supplementary file text for a full description of the school performance measure. This measure was standardized across the sample, so 

coefficients for the school performance measure can be interpreted in SD units. Only children with non-missing data for the school performance 

measure were included in these analyses. The "imbalanced controls" were again used for baseline covariates (see Table S3).
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Table S9 (Panel A)

Impacts of the Growth Mindset on Adolescents Outcomes Measured Before the Second Dose of the Mindset 

Intervention

 

No Controls
Full 

Controls
Gandhi et al. 
(2020) Model

N

  (1) (2) (3)  

Executive Function: Hearts & Flowers

Executive Function- Mixed Block Accuracy -0.07 -0.04 0.02 374

(0.10) (0.10) (0.07)

Executive Function- Mixed Trials RT -0.02 -0.02 -0.01 374

(0.10) (0.11) (0.09)

Behavioral Functioning: Risks & Strengths

Internalizing 0.12 0.06 0.08 404

(0.10) (0.10) (0.10)

Substance Abuse 0.11 0.10 0.09 404

(0.10) (0.11) (0.10)

Extracurricular Activity Participation -0.02 0.00 0.01 404

(0.10) (0.10) (0.08)

Self-Regulation: BIS & BRIEF

Cognitive Dysregulation 0.06 0.05 0.05 404

(0.10) (0.11) (0.07)

Behavior Dysregulation 0.04 0.05 0.04 403

  (0.10) (0.10) (0.09)  

Note. See Panel B for table note.
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Table S9 (Panel B)

Impacts of the Growth Mindset on Adolescents Outcomes Measured After the Second Dose of the Mindset 

Intervention

 

No Controls
Full 

Controls
Gandhi et al. 
(2020) Model

N

  (1) (2) (3)  

Emotional Regulation: Emotional Go/No Go

Emotion Regulation- Angry D-Prime -0.02 0.01 -0.01 380

(0.10) (0.11) (0.07)

Emotion Regulation- Sad D-Prime 0.15 0.16 0.18 379

(0.10) (0.11) (0.11)

Emotion Regulation- Angry RT -0.10 -0.04 -0.07 380

(0.10) (0.11) (0.05)

Emotion Regulation- Sad RT -0.05 -0.02 -0.03 380

(0.10) (0.11) (0.09)

Behavioral Functioning: Risks & Strengths

Critical Actions 0.05 0.08 0.05 394

(0.10) (0.11) (0.10)

Socio-political Actions 0.06 0.05 0.09 395

(0.10) (0.10) (0.10)

Achievement and Attainment

College Enrollment (binary) 0.07 0.09 0.07 351

(0.05) (0.06) (0.04)

Four Year College Enrollment (binary) 0.05 0.07 0.05 351

(0.05) (0.05) (0.05)

    SAT^ -0.24* -0.22* -0.20+ 330

  (0.11) (0.11) (0.10)

College Planning (survey index) 0.15 0.12 0.13 365

  (0.10) (0.09) (0.10)  

Note. Each column presents main effect estimates for the 2-dose mindset intervention. The sample was limited 

to students who were present for both the 2015-2016 and 2016-2017 administrations of the mindset trial. 

Impact estimates in Panel A represent impacts on outcomes assessed immediately before the second dose of 

the mindset intervention during the 2016-2017 wave of data collection. Panel B presents impacts on outcomes 

assessed after the 2016-2017 dose of the mindset intervention. All continuous variables were standardized, 

and a linear probability model was used for the indicators of college enrollment. Column 1 includes only 

controls for blocking group and the preschool intervention. Column 2 includes the "full" set of preschool 

controls used in our main impact models for the preschool intervention. Model 3 used the same model 

specification used by Gandhi et al. (2020), which includes controls for student characteristics in high school.

^ See text in supplemental file (p. 9) for information about the date of administration for SAT scores.

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001
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Table S10 (Panel A)

Combined Effects of the Preschool Intervention and Adolescent Mindset Intervention

 

Angry D-

Prime
Sad D-Prime Angry RT Sad RT 

Mixed Block 

Accuracy

Mixed Trials 

RT

Pre-K TX -0.11 -0.31+ 0.03 0.17 -0.21 -0.10

(0.16) (0.16) (0.16) (0.16) (0.17) (0.17)

2-dose Mindset TX -0.11 0.01 -0.05 0.09 -0.15 0.01

(0.14) (0.14) (0.14) (0.14) (0.14) (0.15)

Pre-K TX * 2-dose Mindset 

TX 0.13 0.25 -0.07 -0.28 0.14 -0.07

  (0.20) (0.20) (0.20) (0.20) (0.20) (0.21)

 

Internalizing
Substance 

Abuse

Critical 

Actions

Socio-

political 

Actions

Extracurricular 

Activity 

Participation

Pre-K TX 0.02 -0.01 -0.06 -0.20 -0.04

(0.16) (0.16) (0.16) (0.16) (0.16)

2-dose Mindset TX 0.02 0.17 -0.01 0.01 -0.19

(0.14) (0.14) (0.14) (0.14) (0.14)

Pre-K TX * 2-dose Mindset 

TX 0.17 -0.12 0.10 0.07 0.30

(0.19) (0.20) (0.20) (0.20) (0.19)

Note. See Panel B for table note.
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Supplementary file for “LONG TERM IMPACTS OF CSRP”

Table S10 (Panel B)

Combined Effects of the Preschool Intervention and Adolescent Mindset Intervention

 

Cognitive 

Dysregulation

Behavior 

Dysregulatio

n

College 

Enrollment

Four Year 

College 

Enrollment

College 

Planning
SAT

Pre-K TX 0.00 0.05 -0.11 -0.09 -0.22 -0.20

(0.16) (0.16) (0.08) (0.08) (0.14) (0.18)

2-dose Mindset TX 0.19 0.23 0.02 -0.00 0.01 -0.28+

(0.14) (0.14) (0.07) (0.07) (0.13) (0.15)

Pre-K TX * 2-dose Mindset 

TX -0.22 -0.34+ 0.07 0.10 0.23 0.06

(0.20) (0.20) (0.10) (0.10) (0.18) (0.21)

Note. Each model was run with the "imbalanced" controls (see Table S3).

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001
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Supplementary file for “LONG TERM IMPACTS OF CSRP”

Table S11

Moderation with Student Age

 

Any College 
Enrollment

Four Year College 
Enrollment

Total SAT College Planning

CSRP Treatment -0.07 -0.02 -0.17 -0.13

(0.06) (0.06) (0.12) (0.11)

Age 0.07+ 0.06 -0.23** 0.48***

(0.04) (0.04) (0.09) (0.08)

CSRP X Age -0.03 -0.04 0.20+ -0.10

(0.05) (0.05) (0.11) (0.09)

N 374 374 354 385

Note. Age was standardized across the full sample. Models included the "imbalanced" set of controls (see Table 

S3).

+ p<0.10 * p<0.05 ** p<0.01 *** p<0.001
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Supplemental materials for 

Impacts of the Chicago School Readiness Project on Measures of Achievement, Cognitive 
Functioning, and Behavioral Regulation in Late Adolescence 

Stata Analysis Syntax Files



Main Analyses Do File

*** reviewed by Xinyu on 01/13/22

clear all
cap log close

log using T11_Data_Main.txt, text replace

use DataFiles/T11_Analysis.dta, clear

****** new globals 01/13/22

local ALLvar dfemale age_r dblack incneed1 childcount1 famsize1 yrs_home1 ///
dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 df_lunch1 dssi1 df_support1 ///
dimmigrant1 dp_biosome1 dp_bioeveryday p_hrwork1 ///
p_age1 dp_black1 dp_livpartner1 dp_married1 dsavings1 dp_fulltime1 ///
dp_unemployed1 dp_high1 dp_somecol1 dp_colgrad1 ///
ef1 ec1 att1 posemo1 letnam1 math1 ppvt1 ext_p1 int_p1 ext_teach1 int_teach1 ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 c_climate1 c_quality1 c_classsize1 c_noadults1 ///
AngGoDPrime_R_t11 SadGoDPrime_R_t11 AngHitRate_t11adj SadHitRate_t11adj hemxdpcor_t11 hf_diff_t11 ///
rsInt_t11_r rsSubstance_t11_r rsCritical_t11_r rsSocio_t11_r rsExtrac_t11_r bibrCog_t11_r 

bibrBeh_t11_r ///
enrolled is4year_TE SAT collegeprep

misstable sum `ALLvar'

global miss_IV childcount1 yrs_home1 dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 ///
df_lunch1 dssi1 df_support1 dimmigrant1  dp_biosome1 dp_bioeveryday1 p_hrwork1 ///
p_age1 dp_black1 dp_livpartner1 dp_married1 dsavings1 dp_fulltime1 dp_high1 ///
dp_somecol1 dp_colgrad1 ef1 ec1 att1 posemo1 letnam1 math1 ppvt1 ext_p1 ///
ext_teach1 int_p1 int_teach1 

global miss_ContinuousIV att1 childcount1 ec1 ef1 ext_p1 ext_teach1 int_p1 ///
int_teach1 letnam1 math1 p_age1 ///
p_hrwork1 posemo1 ppvt1 yrs_home1 ///

global miss_BinaryIV df_lunch1 df_stamps1 df_support1 dgov_home1 ///
dimmigrant1 dmedicaid1 dp_bioeveryday1 dp_biosome1 dp_black1 dp_colgrad1 ///
dp_fulltime1 dp_high1 dp_livpartner1 dp_married1 dp_somecol1 dsavings1 dssi1 ///
dtanf1 dwic1 

global miss_ContinuousO AngGoDPrime_R_t11 SadGoDPrime_R_t11 AngHitRate_t11adj SadHitRate_t11adj ///
hemxdpcor_t11 hf_diff_t11 ///
rsInt_t11_r rsSubstance_t11_r rsCritical_t11_r rsSocio_t11_r rsExtrac_t11_r ///
bibrCog_t11_r bibrBeh_t11_r ///
SAT collegeprep

global miss_BinaryO enrolled is4year_TE 

*** replaced matches with blocks 01/17/22

global nonmiss block2 block3 block4 block5 block6 block7 block8 block9 ///
age_r c_classsize1 c_climate1 c_noadults1 c_quality1 ///
dblack dfemale dp_unemployed1 dt_ba1 famsize1 incneed1 t_age1 t_behman1 ///
t_jobcntrl1 t_jobdem1 t_k61 

************************************************
** Multiple Imputation (Only Impute Baseline) **
************************************************

mi set flong
mi register imputed $miss_IV
mi register regular CSRP_MID $nonmiss 
mi describe
mi xtset, clear

mi impute mvn $miss_IV = $nonmiss, add(25) rseed (08022021) 

*** standardized imputed continuous IV 01/17/22



foreach var in $miss_ContinuousIV {
mi passive: egen z`var' = std(`var')

}
*** standardized remaining continuous IVs since some of the IVs are now STD 01/17/22

foreach var in age1 age_r incneed1 famsize1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 ///
t_behman1 c_climate1 c_quality1 c_classsize1 c_noadults1{
mi passive: egen z`var' = std(`var')

}

*** all baseline continuous IVs are now STD 01/17/22

global baseline dfemale zage_r dblack zincneed1 zchildcount1 zfamsize1 zyrs_home1 ///
dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 df_lunch1 dssi1 df_support1 ///
dimmigrant1 dp_biosome1 dp_bioeveryday zp_hrwork1 zp_age1 dp_black1 ///
dp_livpartner1 dp_married1 dsavings1 dp_fulltime1 dp_unemployed1 dp_high1 ///
dp_somecol1 dp_colgrad1 zef1 zec1 zatt1 zposemo1 zletnam1 zmath1 zppvt1 zext_p1 ///
zint_p1 zext_teach1 zint_teach1 dt_ba1 zt_age1 zt_k61 zt_jobdem1 zt_jobcntrl1 ///
zt_behman1 zc_climate1 zc_quality1 zc_classsize1 zc_noadults1 

save DataFiles/T11_Analysis_MultiIm.dta, replace

**********************
* T1: Baseline Table *
**********************
use DataFiles/T11_Analysis_MultiIm.dta, clear
keep if followup==1
mi update

global des_red dfemale age_r dblack dhisp dmulti incneed1 childcount1 ///
df_stamps1 df_lunch1 dp_bioeveryday dp_married dsavings1 ef1 math1 ppvt1 ///
ext_p1 int_p1 t_age1 t_k61 t_jobdem1 t_behman1 c_quality1

est clear
foreach var in $des_red {

mi estimate, post: mean `var' if tx==1
est store m`var'1

mi estimate, post: mean `var' if tx==0
est store m`var'2
}

esttab * using Output/Table1.csv, b(2) main(b) nogaps label replace nostar

*F-statistic (use full baseline: meeting with Tyler 9/23/2021)

****removed dphisp 01/13/22

global des_full dfemale age_r dblack incneed1 childcount1 ///
famsize1 yrs_home1 dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 ///
df_lunch1 dssi1 df_support1 dimmigrant1 dp_biosome1 dp_bioeveryday ///
p_hrwork1 p_age1 dp_black1  dp_livpartner1 dp_married1 ///
dsavings1 dp_fulltime1 dp_unemployed1 dp_high1 dp_somecol1 dp_colgrad1 ///
ef1 ec1 att1 posemo1 letnam1 math1 ppvt1 ext_p1 int_p1 ext_teach1 ///
int_teach1 dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 

* mi estimate, post: mixed tx block2-block9 $baseline ||sitesht: , reml
* reg without cluster (meeting w/ Tyler 10/21/21)

mi estimate, post: reg tx block2-block9 $des_full, robust 
mi test $des_full

global des_red_continuous zage_r zincneed1 zchildcount1 zef1 zmath1 zppvt1 ///
zext_p1 zint_p1 zt_age1 zt_k61 zt_jobdem1 zt_behman1 zc_quality1

global des_red_binary dfemale dblack dhisp dmulti df_stamps1 df_lunch1 ///
dp_bioeveryday dp_married dsavings1 

est clear
* "reml" doesn't work for continuous cov, so use "mle" (Tyler's email on 10/26/21)



foreach var in $des_red_continuous {
* B and SE's for Table (for continuous variable)
mi estimate, post: mixed `var' tx block2-block9 ||sitesht:, mle
est store m`var'1

}

***** changed to MLE 01/13/22
foreach var in $des_red_binary {

*B and SE's for Table (for binary variable)
mi estimate, post: mixed `var' tx block2-block9 ||sitesht:, mle
est store m`var'2

}

esttab * using Output/Table1_beta_se.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

*********************
* T2: Outcome Table *
*********************
use DataFiles/T11_Analysis.dta, clear

global Outcome_des AngGoDPrime_R_t11 SadGoDPrime_R_t11 AngHitRate_t11adj ///
SadHitRate_t11adj hemxdpcor_t11 hf_diff_t11 ///dir
rsInt_t11_r rsSubstance_t11_r rsCritical_t11_r rsSocio_t11_r rsExtrac_t11_r ///
bibrCog_t11_r bibrBeh_t11_r ///beh
enrolled is4year_TE SAT collegeprep //ach

su $Outcome_des if tx==1 & followup==1
su $Outcome_des if tx==0 & followup==1

***********************
* T3-5: Impacts Table *
***********************
use DataFiles/T11_Analysis_MultiIm.dta, clear
keep if followup==1
mi update

global zOutcome zAngGoDPrime_R_t11 zSadGoDPrime_R_t11 zAngHitRate_t11adj ///
zSadHitRate_t11adj zhemxdpcor_t11 zhf_diff_t11 zrsInt_t11_r zrsSubstance_t11_r ///
zrsCritical_t11_r zrsSocio_t11_r zrsExtrac_t11_r zbibrCog_t11_r zbibrBeh_t11_r ///
enrolled is4year_TE zSAT zcollegeprep

destring sitesht, replace
est clear 
 
foreach var in $zOutcome {

* changed to MLE 01/13/22
mi estimate, post:  mixed `var' tx nms_cond_t11 block2-block9 ||sitesht: , mle 
est store m`var'1

mi estimate, post:  mixed `var' tx nms_cond_t11 block2-block9 $baseline ||sitesht: , mle 
est store m`var'2
}

esttab * using Output/Table3-5_ImBase.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

*****************************************************
** Multiple imputation (Impute Baseline & Outcome) **
*****************************************************
use DataFiles/T11_Analysis.dta, clear

global miss_ImO att1 childcount1 df_lunch1 df_stamps1 df_support1 dgov_home1 ///
dimmigrant1 dmedicaid1 dp_bioeveryday1 dp_biosome1 dp_black1 dp_colgrad1 ///
dp_fulltime1 dp_high1 dp_livpartner1 dp_married1 dp_somecol1 dsavings1 dssi1 ///
dtanf1 dwic1 ec1 ef1 ext_p1 ext_teach1 int_p1 int_teach1 letnam1 math1 p_age1 ///
p_hrwork1 posemo1 ppvt1 yrs_home1 ///
AngGoDPrime_R_t11 SadGoDPrime_R_t11 AngHitRate_t11adj SadHitRate_t11adj ///
hemxdpcor_t11 hf_diff_t11 ///
rsInt_t11_r rsSubstance_t11_r rsCritical_t11_r rsSocio_t11_r rsExtrac_t11_r ///
bibrCog_t11_r bibrBeh_t11_r ///
enrolled is4year_TE SAT collegeprep

mi set flong
mi register imputed $miss_ImO



mi register regular CSRP_MID $nonmiss
mi describe
mi xtset, clear

mi impute mvn $miss_ImO = $nonmiss, add(25) rseed (08032021) 

** create new zVars from imputed data 01/13/22
foreach var in $miss_ContinuousIV {

mi passive: egen z`var' = std(`var')
}

foreach var in $miss_ContinuousO{
mi passive: egen iz`var' = std(`var')

}

** STD remaining continuous IVs 01/13/22
foreach var in age1 age_r incneed1 famsize1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 ///

t_behman1 c_climate1 c_quality1 c_classsize1 c_noadults1{
mi passive: egen z`var' = std(`var')

}

global imputedzOutcome izAngGoDPrime_R_t11 izSadGoDPrime_R_t11 izAngHitRate_t11adj ///
izSadHitRate_t11adj izhemxdpcor_t11 izhf_diff_t11 izrsInt_t11_r izrsSubstance_t11_r ///
izrsCritical_t11_r izrsSocio_t11_r izrsExtrac_t11_r izbibrCog_t11_r izbibrBeh_t11_r ///
enrolled is4year_TE izSAT izcollegeprep

save DataFiles/T11_Analysis_MultiImO.dta, replace

***********************
* T3-5: Impacts Table *
***********************

use DataFiles/T11_Analysis_MultiImO.dta, clear

est clear 
foreach var in $imputedzOutcome {

mi estimate, post: mixed `var' tx block2-block9 $baseline ||sitesht: , mle
est store m`var'1
}

esttab * using Output/Table3-5_ImBaseOut.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

****** college enrollment / 4 year variable, non imputed run the model as logit. have the odds ratio.



Supplemental Analyses Do File

*** reviewed by Xinyu on 01/13/22

clear all
cap log close

log using T11_Data_Supp.txt, text replace

*** all baseline continuous IVs are now STD 01/17/22

global baseline dfemale zage_r dblack zincneed1 zchildcount1 zfamsize1 zyrs_home1 ///
dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 df_lunch1 dssi1 df_support1 ///
dimmigrant1 dp_biosome1 dp_bioeveryday zp_hrwork1 zp_age1 dp_black1 ///
dp_livpartner1 dp_married1 dsavings1 dp_fulltime1 dp_unemployed1 dp_high1 ///
dp_somecol1 dp_colgrad1 zef1 zec1 zatt1 zposemo1 zletnam1 zmath1 zppvt1 zext_p1 ///
zint_p1 zext_teach1 zint_teach1 dt_ba1 zt_age1 zt_k61 zt_jobdem1 zt_jobcntrl1 ///
zt_behman1 zc_climate1 zc_quality1 zc_classsize1 zc_noadults1 

use DataFiles/T11_Analysis_MultiIm.dta, clear
**** continous IVs have already been STD in this data file 01/17/22

**********************
**********************
* S1: Baseline Table *
**********************
**********************
global des_red dfemale age_r dblack dhisp dmulti incneed1 childcount1 ///

df_stamps1 df_lunch1 dp_bioeveryday dp_married dsavings1 ef1 math1 ppvt1 ///
ext_p1 int_p1 t_age1 t_k61 t_jobdem1 t_behman1 c_quality1

global zOutcome zAngGoDPrime_R_t11 zSadGoDPrime_R_t11 zAngHitRate_t11adj ///
zSadHitRate_t11adj zhemxdpcor_t11 zhf_diff_t11 zrsInt_t11_r zrsSubstance_t11_r ///
zrsCritical_t11_r zrsSocio_t11_r zrsExtrac_t11_r zbibrCog_t11_r zbibrBeh_t11_r ///
enrolled is4year_TE zSAT zcollegeprep

est clear
foreach var in $des_red {

mi estimate, post: mean `var' 
est store m`var'1

mi estimate, post: mean `var' if followup==1
est store m`var'2
}

esttab * using Output/TableS1.csv, b(2) main(b) not replace label nogaps compress nostar

global des_red_continuous zage_r zincneed1 zchildcount1 zef1 zmath1 zppvt1 ///
zext_p1 zint_p1 zt_age1 zt_k61 zt_jobdem1 zt_behman1 zc_quality1

global des_red_binary dfemale dblack dhisp dmulti df_stamps1 df_lunch1 ///dsavings1
dp_bioeveryday dp_married 

est clear
foreach var in $des_red_continuous {

*Standardized B and SE's for Table (for continuous variable)
mi estimate, post: mixed `var' followup block2-block9 ||sitesht: , mle
est store m`var'1

}

foreach var in $des_red_binary {
*B and SE's for Table (for binary variable)
*** change to mle 01/18/22
mi estimate, post: mixed `var' followup block2-block9 ||sitesht: , mle //reml dsavings 
est store m`var'2
}
mi estimate, post: mixed dsavings1 followup block2-block9 ||sitesht: , mle //reml dsavings 
est store m`var'3

esttab * using Output/TableS1_beta_se.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace



***************************
***************************
* S2: Correlations Table *
***************************
***************************
use DataFiles/T11_Analysis.dta, clear
global Outcome AngGoDPrime_R_t11 SadGoDPrime_R_t11 AngHitRate_t11adj ///

SadHitRate_t11adj hemxdpcor_t11 hf_diff_t11 rsInt_t11_r rsSubstance_t11_r ///
rsCritical_t11_r rsSocio_t11_r rsExtrac_t11_r bibrCog_t11_r bibrBeh_t11_r ///
enrolled is4year_TE SAT collegeprep

pwcorr $Outcome if followup==1

***************************
***************************
* S3: Full Baseline Table *
***************************
***************************
use DataFiles/T11_Analysis_MultiIm.dta, clear
global des_full dfemale age_r dblack dhisp dmulti incneed1 childcount1 ///

famsize1 yrs_home1 dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 ///
df_lunch1 dssi1 df_support1 dimmigrant1 dp_biosome1 dp_bioeveryday ///
p_hrwork1 p_age1 dp_black1 dp_hisp1 dp_livpartner1 dp_married1 ///
dsavings1 dp_fulltime1 dp_unemployed1 dp_high1 dp_somecol1 dp_colgrad1 ///
ef1 ec1 att1 posemo1 letnam1 math1 ppvt1 ext_p1 int_p1 ext_teach1 ///
int_teach1 dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 

keep if followup==1
mi update

est clear
foreach var in $des_full {

mi estimate, post: mean `var' if tx==1
est store m`var'1

mi estimate, post: mean `var' if tx==0
est store m`var'2
}

esttab * using Output/TableS3.csv, b(2) main(b) not replace label nogaps compress nostar

* reg without cluster (meeting w/ Tyler 10/21/21)
mi estimate, post: reg tx block2-block9 $des_full, robust 
mi test $des_full

global des_full_continuous zage_r zincneed1 zchildcount1 ///
zfamsize1 zyrs_home1 zp_hrwork1 zp_age1  ///
zef1 zec1 zatt1 zposemo1 zletnam1 zmath1 zppvt1 zext_p1 zint_p1 zext_teach1 ///
zint_teach1  zt_age1 zt_k61 zt_jobdem1 zt_jobcntrl1 zt_behman1 ///
zc_climate1 zc_quality1 zc_classsize1 zc_noadults1 

global des_full_binary dfemale dblack dhisp dtanf1 dmulti dwic1 df_stamps1 ///
dmedicaid1 dgov_home1 df_lunch1 dssi1 df_support1 dimmigrant1 dp_biosome1 ///
dp_bioeveryday dp_black1 dp_hisp1 dp_livpartner1 dp_married1 dsavings1 ///(not work for reml)
dp_fulltime1 dp_unemployed1 dp_high1 dp_somecol1 dp_colgrad1 dt_ba1

est clear
foreach var in $des_full_continuous {

*Standardized B and SE's for Table (for continuous variable)
mi estimate, post: mixed `var' tx block2-block9 ||sitesht: , mle
est store m`var'1
}

foreach var in $des_full_binary {
*B and SE's for Table (for binary variable)
mi estimate, post: mixed `var' tx block2-block9 ||sitesht: , mle //mle no df_stamps1 
est store m`var'2
}

esttab * using Output/TableS3_beta_se.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace



***********************
***********************
* S4: Attrition Table *
***********************
***********************

*** changed to mle 01/18/22
use DataFiles/T11_Analysis_MultiIm.dta, clear
est clear 
foreach var in $zOutcome {

mi passive: gen d`var' = 0 if `var'==.
mi passive: replace d`var' = 1 if `var'!=.

mi estimate, post: mixed d`var' tx block2-block9 ||sitesht: , mle
est store m`var'1

}
esttab * using Output/TableS4.csv, b(2) aux(se) r2 nogaps ///

star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

**************************
**************************
* S5: CSRP Impacts Table *
**************************
**************************

************************************************
** Multiple Imputation (Only Impute Baseline) **
************************************************
use DataFiles/T11_Analysis_MultiIm.dta, clear

*** note this estimate uses REML in table. 

/* S5: CSRP Impacts Table M1 */
* Imbalanced Controls *
keep if followup==1
mi update
*** dropped teacher age and added parent full time employed due to change in sig 01/18/22
global baseline_imbalance dfemale age_r dblack dsavings1 dp_fulltime1 ef1 t_k61 ///
t_jobdem1 t_behman1 c_climate1 c_quality1 

est clear 
foreach var in $zOutcome {

mi estimate, post: mixed `var' tx nms_cond_t11 block2-block9 $baseline_imbalance ||sitesht: , reml
est store m`var'1
}

esttab * using Output/TableS5_Imb.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

********************************************
** Mean Imputation (Only Impute Baseline) **
********************************************
use DataFiles/T11_Analysis.dta, clear
keep if followup==1
global meanimput_baseline dfemale age_r dblack incneed1 childcount1 ///dhisp dmulti 

famsize1 yrs_home1 dtanf1 dwic1 df_stamps1 dmedicaid1 dgov_home1 ///
df_lunch1 dssi1 df_support1 dimmigrant1 dp_biosome1 dp_bioeveryday ///
p_hrwork1 p_age1 dp_black1 dp_livpartner1 dp_married1 ///dp_hisp1
dsavings1 dp_fulltime1 dp_unemployed1 dp_high1 dp_somecol1 dp_colgrad1 ///
ef1 ec1 att1 posemo1 letnam1 math1 ppvt1 ext_p1 int_p1 ext_teach1 ///
int_teach1 dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 

* Creating Missing Dummy Variables for $meanimput_baseline *
foreach var in $meanimput_baseline {

gen mi_`var' = .
replace mi_`var' = 1 if `var'==.
replace mi_`var' = 0 if `var'!=.

}
sum $meanimput_baseline 
*no missing on these vars, 



su mi_dfemale- mi_incneed1 mi_famsize1 mi_dp_unemployed1 mi_dt_ba1-mi_c_noadults1
drop mi_dfemale- mi_incneed1 mi_famsize1 mi_dp_unemployed1 mi_dt_ba1-mi_c_noadults1
global mi_dummy mi_*

sum $mi_dummy

* Imputing the Mean Value for Missing Cases *
foreach var in $meanimput_baseline {

sum `var'
replace `var' = r(mean) if `var'==.
}

 
/* S5: CSRP Impacts Table M2 */
est clear
foreach var in $zOutcome {

mixed `var' tx nms_cond_t11 block2-block9 $meanimput_baseline $mi_dummy ||sitesht: , reml
est store m`var'1
}

esttab * using Output/TableS5_MeanIm.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

/* S5: CSRP Impacts Table M3 */
* Sandwich *
est clear 
foreach var in $zOutcome {

reg_sandwich `var' tx nms_cond_t11 block2-block9 $meanimput_baseline $mi_dummy, cluster(sitesht) 
est store m`var'1
}

esttab * using Output/TableS5_Sandwich.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

**** double check in output that block 2 - 9 is in the model

**************************************************
** Multiple Imputation (Impute 3 Level HLM Cov) New imputed data set on 04/06 **
**************************************************
use DataFiles/T11_Analysis.dta, clear

*** removed dhisp dmulti per conversation on 01/06/22

*** changed to local 01/17/22
local baseline_hlm_dir ef1 ec1 att1 ///

dfemale dblack spshspk famsize1 siglptnr hc_risk ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

local baseline_hlm_beh ext_p1 int_p1 ext_teach1 int_teach1 ///
dfemale dblack spshspk famsize1 siglptnr hc_risk ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

local baseline_hlm_ach ppvt1 letnam1 math1 ///
dfemale dblack spshspk famsize1 siglptnr hc_risk ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

global zOutcome_dir zAngGoDPrime_R_t11 zSadGoDPrime_R_t11 zAngHitRate_t11adj ///
zSadHitRate_t11adj zhemxdpcor_t11 zhf_diff_t11 //dir

global zOutcome_beh zrsInt_t11_r zrsSubstance_t11_r zrsCritical_t11_r ///
zrsSocio_t11_r zrsExtrac_t11_r zbibrCog_t11_r zbibrBeh_t11_r //beh

global zOutcome_ach enrolled is4year_TE zSAT zcollegeprep //ach

misstable sum `baseline_hlm_dir' `baseline_hlm_beh' `baseline_hlm_ach' 

global miss ef1 ec1 att1 siglptnr ext_p1 int_p1 ext_teach1 int_teach1 ///
ppvt1 letnam1 math1 hc_risk



 
global nonmiss dfemale dblack spshspk famsize1 dt_ba1 t_age1 t_k61 ///

t_jobdem1 t_jobcntrl1 t_behman1 c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

mi set flong
mi register imputed $miss
mi register regular CSRP_MID $nonmiss 
mi describe
mi xtset, clear

mi impute mvn $miss = $nonmiss, add(25) rseed (10092021) 

*** STD imputed vars 01/17/22
foreach var in $miss {

mi passive: egen z`var' = std(`var')
}

**** new global with zVars after imputation
global baseline_hlm_dir zef1 zec1 zatt1 ///

dfemale dblack spshspk famsize1 siglptnr zhc_risk ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

global baseline_hlm_beh zext_p1 zint_p1 zext_teach1 zint_teach1 ///
dfemale dblack spshspk famsize1 siglptnr zhc_risk ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

global baseline_hlm_ach zppvt1 zletnam1 zmath1 ///
dfemale dblack spshspk famsize1 siglptnr zhc_risk ///
dt_ba1 t_age1 t_k61 t_jobdem1 t_jobcntrl1 t_behman1 ///
c_climate1 c_quality1 c_classsize1 c_noadults1 ///
s_noworkers1 s_nochild1 s_propba1 s_propcol1 s_propfamemp1 s_proptanf1 

/* S5: CSRP Impacts Table M4 */
* 3 Level HLM *

save DataFiles/T11_Analysis_MultiIm_HLM.dta, replace

keep if followup==1
mi update
est clear 
foreach var in $zOutcome_dir {

mi estimate, post: mixed `var' tx $baseline_hlm_dir ||sitesht: ||cls_idr: , mle 
est store m`var'1
}

foreach var in $zOutcome_beh {
mi estimate, post: mixed `var' tx $baseline_hlm_beh ||sitesht: ||cls_idr: , mle
est store m`var'2
}

foreach var in $zOutcome_ach {
mi estimate, post: mixed `var' tx $baseline_hlm_ach ||sitesht: ||cls_idr: , mle 
est store m`var'3
}

esttab * using Output/TableS5_3hlm.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

/* S5: CSRP Impacts Table M5 */
* raw units
use DataFiles/T11_Analysis_MultiIm.dta, clear
keep if followup==1
mi update

destring sitesht, replace
est clear 
foreach var in $Outcome {

* changed to MLE 01/13/22
mi estimate, post:  mixed `var' tx nms_cond_t11 block2-block9 $baseline ||sitesht: , mle
est store m`var'1
}

esttab * using Output/TableS5_raw.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace



est clear 

*****************
*****************
* S6: Int Table *
*****************
*****************
use DataFiles/T11_Analysis_MultiIm.dta, clear
keep if followup==1
mi update
* gen int *

** gender
tab dfemale
mi passive: gen female_tx=dfemale*tx
** black
tab dblack
mi passive: gen black_tx=dblack*tx

* new poverty interaction 01/13/22
mi passive: gen poverty = 0
mi passive: replace poverty = 1 if incneed1 < 0.50
mi passive: gen poverty_tx = poverty*tx

** EF *** added Mi passive 01/13/22
mi passive: gen ef_tx=zef1*tx

global subgroup female_tx black_tx poverty_tx ef_tx 

**** all continuous IVs are now post imputation std versions  01/17/22
**** change to imbalanced baseline 01/18/22
global baseline_noef dfemale zage_r dblack dsavings1 dp_fulltime1 zt_k61 ///
zt_jobdem1 zt_behman1 zc_climate1 zc_quality1 

est clear 
foreach var in $zOutcome {

qui mi estimate, post: mixed `var' tx nms_cond_t11 block2-block9 $subgroup $baseline_noef poverty zef1 
||sitesht: , mle

mi test female_tx black_tx poverty_tx ef_tx 
est store m`var'1
}

esttab * using Output/TableS6.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

**************************
* S7: Int Table - cohort *
**************************
* gen int *
*** change to imbalanced baseline 01/18/22
** cohort
tab cohort
mi passive: gen cohort_tx=cohort*tx

est clear 
foreach var in $zOutcome {

mi estimate, post:  mixed `var' tx cohort cohort_tx nms_cond_t11 block2-block9 $baseline_imbalance ||
sitesht: , mle

est store m`var'1
}

esttab * using Output/TableS7.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

********************************
********************************
* S8: School Performance Table *
********************************
********************************
* gen int before imputation *
** comp_perf
** change to reduced global baseline 01/18/22
mi passive: gen comp_perfint=zcomp_perf*tx



est clear 
foreach var in $zOutcome {

mi estimate, post: mixed `var' tx nms_cond_t11 zcomp_perf comp_perfint block2-block9 
$baseline_imbalance ||sitesht: , mle

est store m`var'1
}

esttab * using Output/TableS8.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

************************
************************
* S9: GM Impacts Table *
************************
************************
* No Controls & Full Controls *
/* S9: GM Impacts Table M1&M2 */
global zOutcome_red zAngGoDPrime_R_t11 zSadGoDPrime_R_t11 zAngHitRate_t11adj ///

zSadHitRate_t11adj zhemxdpcor_t11 zhf_diff_t11 zrsInt_t11_r zrsSubstance_t11_r ///
    zrsExtrac_t11_r zbibrCog_t11_r zbibrBeh_t11_r  ///

enrolled is4year_TE zSAT zcollegeprep 

est clear 
foreach var in $zOutcome_red {

mi estimate, post: mixed `var' t10t11tx tx block2-block9 ||sitesht: , reml 
est store m`var'1
mi estimate, post: mixed `var' t10t11tx tx block2-block9 $baseline ||sitesht: , reml 
est store m`var'2

}
quietly esttab * using Output/TableS9.csv, b(2) aux(se) r2 nogaps ///

star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

*************************************************************************
** Multiple Imputation (Impute Jill Cov) New imputed data set on 04/06 **
*************************************************************************
use DataFiles/T11_Analysis.dta, clear

local baseline_j dfemale age_r dblack incneed1 c_num_10 p_age1 dp_black ///
dp_high1 dp_single_10 wrk_hrs_r_10 ///demos 
hf_mixed10 hf_diff10 grades_10_r sa_trait_mean_6 ///cog_skills
pfl_int_10 pfl_bel_10 pfl_trst_mn_10 //mindset

misstable sum `baseline_j' 

global miss c_num_10 p_age1 dp_black1 dp_high1 dp_single_10 wrk_hrs_r_10 ///
hf_mixed10 hf_diff10 grades_10_r sa_trait_mean_6 pfl_int_10 pfl_bel_10 pfl_trst_mn_10

global nonmiss dfemale age_r dblack incneed1

mi set flong
mi register imputed $miss
mi register regular CSRP_MID $nonmiss 
mi describe
mi xtset, clear

mi impute mvn $miss = $nonmiss, add(25) rseed (10092021) 
*** STD imputed vars 01/17/22
foreach var in $miss {

mi passive: egen z`var' = std(`var')
}

save DataFiles/T11_Analysis_MultiIm_Jill.dta, replace

*** new global with zVars 01/17/22
global baseline_j dfemale age_r dblack incneed1 c_num_10 p_age1 dp_black ///

dp_high1 dp_single_10 wrk_hrs_r_10 ///demos 
hf_mixed10 hf_diff10 grades_10_r sa_trait_mean_6 ///cog_skills
pfl_int_10 pfl_bel_10 pfl_trst_mn_10 //mindset

/* S9: GM Impacts Table M3 */
keep if followup==1
mi update
destring sitesht, replace



est clear
foreach var in $zOutcome_red {

mi estimate, post: reg `var' t10t11tx tx i.sitesht $baseline_j, cluster(sitesht) //Jill'model
est store m`var'1
}

quietly esttab * using Output/TableS9_J.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

*********************
*********************
* S10: Tx Int Table *
*********************
*********************
use DataFiles/T11_Analysis_MultiIm.dta, clear
keep if followup==1
mi update

mi passive: gen tx_inter=tx*t10t11tx

est clear 
foreach var in $zOutcome  {

qui mi estimate, post: mixed `var' tx t10t11tx tx_inter block2-block9 $baseline_imbalance ||sitesht: , 
mle

est store m`var'1
}

quietly esttab * using Output/TableS10.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace

*************************
*************************
* S11: Int Table - SAT *
*************************
*************************
est clear 
* gen int *
** age1
mi passive: gen age_tx=zage1*tx

*** reduced to imbalanced baseline 
global baseline_noage dfemale dblack dsavings1 dp_fulltime1 zef1 zt_k61 ///
zt_jobdem1 zt_behman1 zc_climate1 zc_quality1 

foreach var in $zOutcome_ach {
mi estimate, post: mixed `var' tx nms_cond_t11 block2-block9 age_tx $baseline_noage zage1 ||sitesht: , 

mle
est store m`var'1
}

esttab * using Output/TableS11.csv, b(2) aux(se) r2 nogaps ///
star(+ 0.10 * 0.05 ** 0.01 *** 0.001) label replace
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