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Abstract

A perplexing pattern has been observed in the intervention literature: although impacts on
children’s skills often fade, some interventions still produce long-run impacts on adult outcomes.
Existing developmental theory does not provide a straightforward explanation. This “fadeout-
emergence paradox” spotlights our limited understanding of how early skill gains shape long-run
trajectories. In part one of this paper, we reviewed the literature on childhood interventions and
adult outcomes, including theory, areas of complexity, and sources of confusion. In part two, we
presented a random-effects meta-analysis of randomized controlled trials that measured initial
impacts on child skills and long-run impacts on adult outcomes. We identified 29 interventions
reporting 179 posttest effects and 497 adult effects for 26,076 participants. On average, impacts
on child skills faded in the two years after interventions ended, but programs nonetheless
generated small effects on adult outcomes (.04 SD, 95% PI[.00, .09]). Strikingly, adult impacts
were similar in magnitude to the faded medium-term effects, inconsistent with common
conceptions of the “fadeout-emergence paradox.” We observed some, albeit weak,
correspondence between initial impacts and long-run impacts. Our work illustrates gaps in our
understanding of how children’s skills shape adult outcomes and suggests that developmental
theories should accommodate fadeout followed by long-run impacts.
Keywords: educational RCTs, long-run effects, fadeout, meta-analysis, developmental theory

Public Significance Statement
We found that interventions improve children’s skills at program end, that these improvements
fade considerably over time, but that programs nonetheless generate small, positive impacts on
adult functioning. The extent to which a program initially improved children’s skills showed

weak correspondence with the extent to which it improved adult outcomes.
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Does Fadeout Preclude Long-Run Adult Effects? A Systematic Review and Meta-analysis
of Educational Intervention Randomized Controlled Trials

“Well, everything dies, baby, that's a fact, but maybe everything that dies someday comes back”
— Bruce Springsteen

In 2023, Gray-Lobe and colleagues published an evaluation of the long-run effects of
Boston’s preschool program. The findings were theoretically perplexing: children randomized to
receive a year of preschool had no apparent advantages in elementary school achievement or
behavior but had higher rates of high school graduation and college attendance years later. The
study suggested the possibility of emergence, that education could generate effects on life course
outcomes despite apparent null effects on measures of child skills. Gray-Lobe’s is not the only
educational intervention to find long-run impacts despite no, or fading, impacts on child skills
(e.g., Deming, 2009; Chetty et al., 2011). How could emergence be possible?

Emergent impacts of educational interventions can be understood as a type of ‘sleeper
effect,” which has a long history in psychology. The concept was formally introduced about 75
years ago when Hovland et al. (1949) found that although individuals initially discounted
information provided by untrustworthy sources, some eventually came to accept it, much to the
researchers’ surprise. Perhaps similarly, in human development, “U-shaped” patterns of
development, where “children do worse before they do better” (Gershkoff-Stowe & Thelen,
2004, p. 11), have continually perplexed researchers (Siegler, 2004). Some psychologists have
theorized that continuous underlying processes may manifest as seemingly discontinuous
behavioral expressions across development (e.g., “heterotypic continuity”; Kagan, 1971). Even
Freud (1922) argued that childhood experiences can lead to neuroses that only emerge in
adulthood. Indeed, researchers have long debated whether these apparent sleeper effects reflect
real and robust phenomena or non-replicable patterns affected by methodological issues (e.g.,

Clarke & Clarke, 1981; Cook et al., 1979; Klahr, 1982).
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In the current paper, we attempted to improve the field’s understanding of whether the
findings in Gray-Lobe et al. (2023) are representative of a more general and widespread pattern
in the educational intervention literature, and whether we can predict when interventions will
find long-run impacts based on initial impacts on child skills. In part 1 of the paper, we review
the literature. We begin by detailing developmental theories describing how child skills shape
adult outcomes. We then discuss how these theories have been complicated by intervention
fadeout and theoretical explanations that have been offered as a result. Finally, we discuss why it
remains difficult to draw clear conclusions about long-run effects from the current literature.

In part 2, we report the results from a meta-analysis of the short- (i.e., end of the
intervention), medium- (i.e., six months to two years later), and long-run adult effects of
educational interventions evaluated using randomized designs (i.e., RCTs). We included
programs that targeted children’s skills prior to high school and thus arrived at a diverse sample
of 29 interventions, including evaluations of nurse home visiting, early education, reading
remediation, and substance use prevention. We refer to these programs as “educational” because
they attempted to improve children’s skills. Yet, the programs used theoretical models derived
from various subfields of psychology. Drawing on this sample, we first set out to identify the
basic trajectory of longitudinal intervention impacts and whether the pattern of fadeout followed
by emergence is broadly observed. We then tested whether short-term impacts on child skills
forecasted long-term impacts on adult outcomes.

Part 1: Review
The Case for Foundational Childhood Skills
The idea that prior skill acquisition shapes subsequent skill advancements is a central

assumption of developmental theory (Cunha & Heckman, 2007; Masten & Cicchetti, 2010). In
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the realm of cognitive development, this idea is particularly intuitive. For example, basic
decoding skills are thought to help children to learn more from reading, thereby supporting more
advanced literacy skills (Share, 1995). Prior skills may not only shape subsequent within-domain
functioning but also shape functioning in other domains, a process described as transfer. For
example, behavioral regulation may additionally impact a child’s ability to make literacy
progress (Blair & Raver, 2015). Across longer timescales, it is expected that earlier skills can
alter trajectories in ways that are commensurate with disparate adult outcomes.

Cunha and Heckman’s Technology of Skill Formation (2007) and Masten and Cicchetti’s
Developmental Cascades (2010) are two influential expressions of these ideas. Both theories
establish the expectation that differences in early skills will persist and ultimately shape adult
functioning. Captured in the maxim that “skills beget skills,” economists Cunha and Heckman
argued that stronger earlier skills lead to stronger later skills through mutually reinforcing self-
and cross-productivities within and across domains. They also argued for dynamic
complementarities as a critical mechanism driving skill growth, whereby stronger skills enable
better use of subsequent learning environments. Developmental psychologists Masten and
Cicchetti similarly argued that development occurs through cascades, in which functioning in
one area shapes functioning in the same and other areas through chain-like reactions. The result
of such processes can be likened to the “Matthew Effect,” where ‘the rich get richer’ (Perc,
2014). Although the basic premises of these theories are generally accepted, details remain
debated, such as the network-level processes by which growth occurs (e.g., Mak & Twitchell,
2020; van der Maas, 2024) and the extent to which transfer happens (Barnett & Ceci, 2002).

Still, the basic idea that early skill gains support later skill advancement seems non-

controversial and has found broad support in correlational studies. Indeed, empirical work
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regularly demonstrates that individual differences in skills are stable across time (e.g., Breit et
al., 2024): children with more advanced skills early in life tend to have more advanced skills
later in life. Other influential correlational work has also established convincing links between
child skills and adult competencies (e.g., Jones et al., 2015). Together, correlational findings
have often been taken to suggest that intervening to change children’s skills will result in
sustained benefits and improved adult outcomes. For example, Moffitt et al. (2011) observed that
a measure of childhood self-control was associated with adult health, socioeconomic, and public
safety outcomes and, thus, concluded that interventions targeting self-control might “reduce a
panoply of societal costs, save tax payers money, and promote prosperity” (p. 2693).

As an example of an application of this rationale, consider the Good Behavior Game, a
classroom behavioral management intervention for first graders (Poduska et al., 2008). One
could argue that behavioral problems in children as young as first grade do not yet warrant
intervention. Most children will grow out of it, and those who do not can receive intervention at
later ages. Yet, the skill intervention perspective informed by developmental theories suggests
that early intervention is better, because early behavioral skill deficits will compound with time.
Indeed, the Good Behavior Game was influenced by correlational work showing that measures
of aggressive and shy behaviors in early childhood predict later psychiatric issues and antisocial
behaviors (e.g., Kellam et al., 1980). The program itself targeted teachers’ classroom practices
with the ultimate goal of influencing the development of childhood aggression. The investigators
anticipated that by changing behavioral issues at the time when they become predictive of later
outcomes (i.e., early childhood), they could lock in improved long-term trajectories.

These types of optimistic predictions for interventions targeting children’s skills are

highly prevalent in the literature. In Figure 1, we have attempted to depict plausible long-term
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effect predictions by stylizing several prominent patterns of longitudinal effects that could unfold
following a skill-focused childhood intervention. Necessarily, Figure 1 is an oversimplification,
but the archetypes we present are useful for understanding the predictions in the literature.

The most optimistic patterns in Figure 1—that intervention-driven boosts to child skills
will persist (“Full Persistence”) or grow (“Growing Effects””)—provide the strongest support for
investment in interventions. Such patterns may be possible under strong dynamic
complementarities and cross-productivities. Figure 1 also depicts a more moderate version of
persistence, “Considerable Persistence,” supported by correlational studies showing strong, but
imperfect, stability in skills over time (see Bailey et al., 2018). In all three of these cases, one
would predict that intervention-driven boosts to child skills would be detectable for years in the
future, with initial benefits leading to long-term advantages for child skills and adult functioning.
The Fadeout Problem

In recent years, research has challenged optimistic expectations of long-term skill
advantages following interventions (Bailey et al., 2020). Rigorous evaluations of skill-focused
interventions have often found that although children who received an intervention tend to have
stronger skills than those who did not at the program's end, benefits often fade in the months and
years that follow (Bailey et al., 2020; Hart et al., 2024; Protzko, 2015). Importantly, this apparent
fadeout happens at faster rates than predicted by correlational research (Bailey et al., 2018). The
prominence of fadeout in the intervention literature raises concerns about our ability to generate
persistent intervention effects (Bailey et al., 2024) and the validity of using correlational
estimates to forecast intervention impacts (Brick & Bailey, 2020).

Theory and correlational findings would lead us to expect that if children who did and did

not receive an intervention are no different in the years after the program ends, then we should
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also find no differences in adulthood (e.g., “Full Fadeout” in Figure 1). However, Gray-Lobe’s
(2023) evaluation of Boston pre-k found emergent long-run impacts despite null intermediary
effects on child skills. Indeed, other rigorous evaluations have similarly reported adult impacts
despite no initial effects or medium-term fadeout (“Sleeper Effects” or “Fadeout-Emergence” in
Figure 1). For example, Deming’s (2009) quasi-experimental analysis of Head Start found
fadeout on cognitive skills during childhood, followed by positive effects on high school
graduation, health, and the likelihood of pursuing higher education or work. Chetty et al.’s
(2011) analysis of classroom quality also found long-run impacts on earnings and college
attendance despite fadeout on achievement. Relatedly, Hitt et al. (2018) reported that the short-
run achievement effects of school choice programs were apparently unrelated to their long-term
effects on educational attainment.
Theoretical Accounts of Fadeout and Emergence

Fadeout of initial effects followed by adult impacts, which we refer to as the “fadeout-
emergence paradox,” is not a pattern that developmental theorists or interventionists generally
anticipate. Although the pattern is not strictly “rare” in the education intervention literature, it
has been continually met with some mix of excitement, skepticism, and bewilderment by
observers.! The fadeout-emergence paradox raises questions about how interventions generate
long-run effects if not through persistent impacts on targeted child skills.

Can existing developmental theory reconcile the pattern of fadeout and emergence? At
first blush, the theories reviewed above (Cunha & Heckman, 2007; Masten & Cicchetti, 2010) do
not appear to explicitly predict fadeout, nor do they provide an easy way of understanding how

fading skill impacts could be followed by adult impacts. Indeed, these theories are usually used

! Table S1 provides a list of relevant quotes.
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by scholars to make vague predictions that their intervention will generate persistent effects (see
Table S2). However, like many psychological theories, theories of skill building are flexible,
leaving room for most empirical results to be interpreted as broadly consistent with theory.

Yet, the current explanations on offer for fadeout and emergence still seem to hinge on
the persistence of some kind of skill impact. The most prominent explanation is that programs
must have generated persistent impacts on unmeasured behavioral skills. Drawing on
developmental theory and correlational evidence (e.g., Duckworth et al., 2018; Jones et al., 2015;
Moffitt et al., 2011), some have claimed that interventions are likely to generate adult impacts
due to overlooked and persistent effects on social-emotional or “non-cognitive” skills (Chetty et
al., 2011; Deming, 2009; Heckman et al., 2013; Gray-Lobe et al., 2023). Gray-Lobe et al. (2023)
seem to prefer this explanation when interpreting their emergent impact results (see Table S1).

However, a recent meta-analysis of 86 educational RCTs casts some doubt on this
explanation. Hart et al. (2024) found that posttest impacts on social-emotional skills faded at a
similar rate (~50%) as impacts on cognitive skills at 6-month to 1-year follow-up. Although this
does not rule out the possibility that unmeasured social-emotional skill persistence (or partial
persistence) could produce some of the adult impacts observed in the literature, the results
suggest that, at least in the short term, persistent social-emotional impacts might be as rare as
persistent cognitive impacts. Moreover, other studies have found that measured social-emotional
skills generally account for less than 50% of adult program impacts (Elango et al., 2016; Pages et
al., 2023). More complex mechanisms must be at work.

When searching the theoretical literature for potential explanations, one finds many
possibilities, but few theories lead to predictions that can be rigorously tested. Indeed, many

theories articulate the complexity of development where skills and life outcomes are shaped
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through interactions between the individual and their context (e.g., Bronfenbrenner, 1992; Mak
& Twitchell, 2020; Thelen, 2005; Werner, 1957). Because these theories describe development
as a highly complex process, it does not seem impossible that programs could generate long-run
effects despite fadeout. Like the theories reviewed above (Cunha & Heckman, 2007; Masten &
Cicchetti, 2010), these theories are flexible enough that they could be consistent with nearly any
pattern of effect and, indeed, we cannot think of any theory that explicitly argues against fadeout
as a possibility. However, we are also unaware of any theory that predicts fadeout as a normative
pattern and, in practice, researchers almost never predict fading intervention effects. Whereas
theories have been successfully applied to create programs that initially benefit children in
predictable ways, fadeout and emergence raise concerns about whether research can inform
programs that yield dependable long-run benefits, or whether the longitudinal patterns of
program effects are too theoretically underdetermined (Cronbach, 1969).

As a step toward formalizing a developmental model that explicitly reconciles fadeout in
the medium term with longer-term adult impacts, Bailey et al. (2024) recently proposed the
Large Interconnected Network Theory (LINT). LINT depicts fadeout as a regularity and
articulates how interventions can produce longer-term impacts despite fadeout. LINT argues that
although impacts on any one targeted skill may diminish quickly, intervention impacts on
targeted child skills could influence other child skills, as well as their subsequent contexts,
eventually leading to the formation of a small network-level impact that stabilizes through
ongoing interactions over time. As depicted in Figure 1, interventions could generate impacts on
adult outcomes that are similar in magnitude to the intervention’s medium-term effect on child
skills (“Network-level effects (LINT)” in Figure 1). A simple version of LINT in which skills

affect each other symmetrically in a linear system over many iterations suggests the usefulness of
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a skill-type null hypothesis: because impacts on skills converge to some non-zero level over
time?, it may be difficult to pinpoint which specific intervention-targeted skills will most heavily
shape adult outcomes. This version of LINT could be described as a specific parameterization of
general skill-building models. LINT provides an explicit theoretical accounting for fadeout and
emergence through the kinds of skill-to-skill transfer processes and complex interactions with
context that many existing theories postulate (e.g., Bronfenbrenner, 1992; Cunha & Heckman,
2007; Mak & Twitchell, 2020; Masten & Cicchetti, 2010; Thelen, 2005; Werner, 1957).
The Current Literature on Long-term Effects

In addition to issues with theory articulation, limitations of the intervention evaluation
literature have also set serious roadblocks for forming a robust intervention science. It is
challenging to test causal skill-building processes with a single intervention study because point-
in-time estimates cannot reveal the mechanisms driving long-run effects (Rohrer & Lucas, 2023).
Programs are often “fat-handed” in their targets, plausibly acting on many mechanisms (Eronen,
2020). Moreover, few studies conduct follow-up, and those that do likely include non-
representative samples that produced large and promising initial effects (Watts et al., 2019).

Variation in how researchers report follow-up impacts has also made it difficult to
decipher and synthesize results. Researchers may selectively report outcomes, change which
skills they measure over time based on earlier results, report impacts on different subgroups
across papers, and draw theoretical conclusions based on a fraction of their total findings (Pigott

et al., 2013; von Hippel & Schuetze, 2025; Wagenmakers et al., 2012). If follow-up effects are

2 In the very long term, impacts in a stable linear system (i.e., one where variances are constant across time) will
eventually converge to 0. However, it is possible for impacts to persist at a substantially higher level across the
lifespan, depending on the exact parameter values in the system. Simulations of effects across time in a complex
linear system are shown in Bailey et al. (2024); the code can be used to probe the predictions of models with
different parameter values.
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highly selected by researchers, the same study might be consistent with several of the patterns in
Figure 1. Take, for example, the Perry Preschool Program, an intervention that has exemplified
the fadeout-emergence paradox and has been highly influential in the field. Anderson (2008)
critiqued the inferences drawn from different analyses of the data, flagging inconsistencies in the
modeling approach and the use of gender as a moderator. For example, Anderson’s re-analysis
found weak support for impacts on crime among boys, whereas past work highlighted robust
impacts and argued that such effects drove Perry’s public returns (Schweinhart et al., 2005).

Depending on what outcomes researchers track over time and how they synthesize
evidence across outcomes, they may come to completely different “stories” about an
intervention’s mechanisms. For example, Perry’s posttest impacts on IQ—the primary outcome
of focus when the intervention was developed—famously faded to approximately 0 by third
grade (Schweinhart & Weikart, 1981). Pairing this apparent fadeout with the long-term impacts
on crime mentioned above, for instance, a researcher could easily find support for the fadeout-
emergence paradox trajectory (“Fadeout-Emergence” in Figure 1), whereas aggregating effects
across the full range of outcomes measured at different waves could lead to conclusions that the
results resemble something more like the “Network-level (LINT)” trajectory in Figure 1. Indeed,
although impacts on IQ faded, effects on some social-emotional skills were more persistent
(Heckman et al., 2013; Schweinhart et al., 2005), and impacts on a summary index of adult
outcomes were smaller than effects on criminal activity for males (Anderson, 2008).

Thus, despite the widespread interest and clear importance of intervention evaluations for
psychological theory and public policy, this area of research is limited by issues in both theory
articulation and study design. When researchers delineate specific mechanisms they expect to

drive their intervention’s long-run effects, these theories are generally forgiving, fit a variety of
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observed results, and rarely yield clear falsification tests (Eronen & Bringmann, 2021; Oberauer
& Lewandowsky, 2019). The lack of theoretical clarity is then further reinforced by the design of
long-run intervention studies, where follow-up is pursued only in selected cases, many outcomes
are collected when follow-up is undertaken, and researchers face a plethora of analytic choices
that allow for ever-expanding degrees of freedom. It is thus challenging to decipher what lessons
to draw from any one study’s results, and to know if the field is making progress toward a deeper
understanding of human development or cycling through post hoc explanations of noisy results
that are unlikely to amount to a robust and falsifiable science. A different approach is warranted.
Part 2: Meta-analysis

In the current study, we endeavored to provide a straightforward accounting of the
educational intervention literature using meta-analysis. We attempted to gather all educational
intervention RCTs conducted from infancy to middle school, with impacts evaluated at the end
of the intervention and in adulthood, to improve our understanding of basic patterns, namely: Is
the fadeout-emergence pattern broadly observed across different types of interventions? Do
short- and medium-term effects provide meaningful information about long-run impacts?

To be clear, we did not set out to test highly specific theories or adjudicate among
alternative mechanisms. We also did not hope to generate a definitive meta-analytic estimate of
the long-run effect of educational interventions, nor to identify all interventions that have shown
sleeper effects. Rather, we sought to broadly inform current developmental theories by observing
what is generally true across a diverse set of interventions. From the outset, we knew that the
universe of studies that measured adult follow-up was small and heterogeneous (Watts et al.,

2019). Considering the remarkable influence that some small RCTs with long-run follow-



DOES FADEOUT PRECLUDE LONG-RUN ADULT EFFECTS? 13

up have had on research and policy (e.g., Perry Preschool), our goal was to provide a
comprehensive and accurate synthesis of the state of this important, albeit small, literature.
Method
Data

We created a new meta-analytic sample for this study, following many of the methods in
Authors (XXXX). We provide a brief overview here and more details in the supplement.

Inclusion Determinations. Figure 2 outlines the flow of papers reporting results for
unique studies through our inclusion/exclusion decision-making process. In February 2024, the
first author conducted database searches across PsycINFO, ERIC, and EconlLit, yielding 8,167
papers. Covidence identified 7,201 non-duplicate papers. At least one research assistant and the
first author then independently screened abstracts for adherence to several criteria: (1) reported
long-term follow-up impacts on adult outcomes, (2) used RCT or lottery design, (3) aimed to
improve child or adolescent cognitive and/or social-emotional development, and (4) took place
in the United States (see supplement for discussion). 155 papers passed abstract screening.

Next, the first author reviewed each study’s assessment schedule and intervention timing
to identify final inclusion criteria. Here, we determined two additional criteria: interventions had
to (1) end prior to students’ entry to high school and (2) contain follow-up assessments after age
18 or grade 12. At least one research assistant and the first author independently conducted a
full-text review of the 155 papers. 80 papers reporting results from 28 unique studies passed
(there were many papers per study). We compared the included studies to those included in a
recent meta-analysis of the long-run effects of educational interventions by Hart et al. (2024) that
relied on a different search protocol. We identified four additional studies that met the inclusion

criteria and included these four additional studies at this stage (see supplement for details).
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We then gathered all papers reporting intervention effects for these 32 studies (28+4). For
each paper reporting on these 32 studies (84 papers), two research assistants independently
conducted a series of “forward” and “backward” searches to identify other papers that contained
posttest or follow-up impacts. The research group then worked together to make final inclusion
determinations based on whether the study included posttest and follow-up data. We found that
25 studies with 29 treatment-control-group contrasts generated through random assignment
(henceforth referred to as “interventions”) met the inclusion criteria. Among the 882 papers we
found for these 25 studies, we identified 94 unique papers that reported posttest, 6-month to 2-
year follow-up, and/or adult follow-up effects, which we then double-coded (see supplement).

The sample was challenging to code due to unclear reporting within and across papers.
Some violations of the inclusion criteria were identified after we started coding. In many cases,
problematic study details were inconsistently reported across papers. To our knowledge, two
interventions provided booster sessions in high school, three interventions dropped some
participants (based on cohort, race, preschool attendance), four interventions reported posttest
impacts collected prior to the end of the primary interventions, and two interventions reported
posttest impacts measured with a delay after intervention end. Details on the deviations are
provided in Table S3. We retained these studies in our sample, but probed intervention-specific
issues through robustness checks including leave-one-out models that dropped each intervention.

Coding. All 94 papers were independently double coded by the first and third authors.
Prior to double-coding each paper, coders reached 79% reliability (percentage of non-discrepant
intervention- and effect-size-related codes) on a random sample of 5 papers from the 80
identified following full-text review. Prior to discrepancy checking, 89% of codes were non-

discrepant across the full sample. An independent research assistant identified discrepancies, and
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coders reached consensus in consultation with the doctorate-level authors as needed. For each
study, we coded a broad array of treatment characteristics and study features, detailed in the
posted coding protocol. We coded the posttest, the 6-month to 2-year follow-up, and the adult
impacts, as well as information relevant to each impact (e.g., instrument details).

Effect Size and Standard Error. We then computed standardized effect sizes and
standard errors for each outcome. When effect sizes were reported in standardized units, we used
the researcher-reported statistics. However, when intervention effects were reported in units
other than standard deviations or were unreported, we used the available information and various
approaches to estimate treatment impacts (see Figure S1). We only included main treatment
effects; when subgroup impacts were reported, we computed a weighted average of impacts and
standard errors using subgroup sample sizes. We rescaled all effects so that larger effects
indicated preferred outcomes. When possible, we standardized treatment-control differences
using control-group standard deviations, consistent with the Glass’s delta approach.

Other than in the rare case that a paper provided a standard error that accompanied an
effect size in standard deviation units that did not require conversion, we computed standard

errors using the effect size estimate and sample sizes (Borenstein et al., 2009; p. 27):

SEES z\/ntx"'ncntrl_l_ ES? (1)

NexNentrl 2(Ngx+ Nener)
To deflate the precision of standard errors for effect sizes from cluster-based RCTs, we adjusted
the standard errors by a variance inflation factor that accounted for the average sample size per
cluster and an assumed ICC of 0.10. We did not perform this adjustment if we were able to use
author-reported standard errors from a model with cluster adjustments. We ran checks using
alternative standard errors generated from the authors' reported data (see Figure S2).

Analysis
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Descriptive Patterns of Longitudinal Intervention Impacts. First, we examined the
longitudinal trajectory of intervention impacts across posttest, medium-term follow-up, and long-
run follow-up assessments. Following Hart et al. (2024), medium-term follow-up assessments
were categorized as 6- to 12-month follow-up and 1- to 2-year follow-up for analysis. As shown
in Figure S3, on average, studies measured adult effects four times across adulthood, though as
few as once and as many as eight times. Our models considered adult impacts simultaneously,
regardless of timing. Sensitivity checks found that assessment timing did not impact our results.

We estimated the meta-analytic average of intervention impacts at each assessment wave
(i.e., posttest, 6- to 12-month follow-up, 1- to 2-year follow-up, and adult follow-up) using R.
First, we used the metafor package to fit random-effects meta-analytic models incorporating the
sampling variances of each effect size estimate and study-level random effects (Viechtbauer,
2010). Then, we used the clubsandwich package to implement robust variance estimation with
default CR2 small-sample-size adjustment to obtain cluster-robust standard errors, clustered at
the study level (Pustejovsky, 2023; Pustejovsky & Tipton, 2018). We computed the meta-
analytic average of impacts at each assessment wave using (a) all outcome-level impacts, (b)
intervention-level averages of all outcome-level impacts, (c) intervention-level averages of
impacts for outcomes that were consistently assessed at posttest and medium-term follow-up.

Medium-term Persistence. We next investigated whether posttest impacts persisted 6
months to 2 years following intervention end using methods detailed in Hart et al. (2024). In
short, we first identified cases for which the same construct was assessed consistently using the
same instrument, reporter, and subscale at posttest and at least one follow-up. In two separate
models, we regressed impacts collected at 6- to 12-month follow-up and 1- to 2-year follow-up

on posttest impacts. These models produced two terms: First, the slope term or “conditional
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persistence rate,” which indicated the proportion of posttest impacts that persisted at follow-up,
conditional on the magnitude of the posttest effect (i.e., slope=1 would indicate 100% persistence
of posttest impacts). Second, the intercept term captured the portion of the follow-up effect
unexplained by posttest effects on the same skill. We estimated the models as follows:

ESsirg = Bos + B1ESsipg + Esifg (2)

Bos = Yoo T Uos (3)

Ugs~ N0, T%), &5~ MO, Usirg) 4)
where i represented intervention, s represented study, findicated the follow-up wave (6- to 12-
months or 1- to 2-years), p indicated posttest, and g indicated the construct that was consistently
assessed. The study-level random effects, ug, were assumed to be normally distributed around 0
with between-study variance t2. Sampling errors were assumed to be normally distributed
around 0 with variance vg;r, which was the estimated sampling variance for each effect size
estimate. We adjusted the estimates using robust variance estimation (as described above).

Correspondence between Posttest Impacts and Adult Follow-Up Impacts. To
examine the association between posttest impacts and adult impacts, we used an adapted version
of equations (2) and (3) in which we regressed average intervention-level follow-up impacts on
posttest impacts. If long-run intervention impacts were caused by initial intervention effects on
measured skills (and unmeasured, correlated factors), then we would expect to observe a small
intercept term and a large slope term. If interventions were “black boxes,” then we would expect
to find a large intercept term and a small slope term (Pages et al., 2023).
Both posttest and adult impacts were measured with error. If the error were uncorrelated,

we would expect a larger intercept term and an attenuated slope term. If correlated, then the

slope may be an upward bound for the true correlation. We ran supplemental analyses using
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Gilbert and Himmelsbach’s (2026) method to probe the impact of error on our estimates under
various assumptions. Importantly, the slope may also be biased by omitted variables.
Transparency and Openness Promotion

We followed PRISMA guidelines (Page et al., 2021). However, we did not conduct
formal study-level risk-of-bias assessments. We relied on RCTs to improve the internal validity
of our estimates, and we formally assessed confidence in our findings by examining the precision
and robustness of our estimates across sensitivity and selection bias analyses. We interpreted
two-sided p values less than .05 as statistically significant. The study’s data, syntax, and
codebook will be posted publicly prior to publication. We used R 4.5.1, and primary analyses
relied on metafor 4.8.0 (Viechtbauer, 2010) and clubsandwich 0.6.1 (Pustejovsky & Tipton,
2018). We used ChatGPT to troubleshoot statistical code and to make minor edits to author-
generated text (OpenAl, 2025). This study’s design and analysis were not pre-registered.
Results
Details on the Sample of Educational RCTs that have Measured Child and Adult Effects

Table S3 provides details on each of the 25 studies and 29 intervention groups that
comprised the sample and the supplemental text provides additional description of the studies.
Interventions began as early as 1963 and as late as 2013, lasted 1 month to 8 years (M = 2 years),
and, by design, targeted children as early as in utero and as late as at the end of middle school (M
=7 years old). Samples ranged from 33 to 10,170 children (M = 916). Interventions in our
sample were generally broad in scope: 72% targeted parents, 93% targeted social-emotional
skills, and 48% also targeted cognitive skills. Only 1 intervention targeted just cognitive skills.

Table S4 summarizes our sample of 179 posttest impacts and 497 adult impacts. On

average, each intervention reported 6 posttest impacts (range = 1 to 25) and 28 adult follow-up
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impacts (range = 1 to 60). Adult effects were assessed at 1 to 8 assessment waves (M = 2.72
assessment waves), 14 years after posttest (range = 4 to 49 years after posttest; Figure S3).> The
average posttest impact was .08 SD (p = .06) for social-emotional outcomes (74% of sample) and
.24 8D (p = .006) for cognitive outcomes (26%). Impacts on adult outcomes were generally
between .10 SD and .20 SD (range = .04 SD to .28 SD), split across the domains of substance use
(28%), education (23%), psychological wellbeing (14%), employment (10%), cognitive
functioning (6%), crime (6%), health (4%), social service receipt (1%), and other (10%).
Patterns of Longitudinal Intervention Impacts

Overall, interventions generated initial effects that faded considerably but nonetheless
produced long-run adult impacts (Figure 3; Table S5). The observed pattern did not follow U-
shaped depictions of the fadeout-emergence paradox (e.g., “Fadeout-Emergence” in Figure 1).
Instead, long-run adult effects were similar in magnitude to faded-out medium-term effects.

Across all outcomes, we observed a posttest effect of .15 SD (p = .006) that faded to .10
SD (p = .04) at 6- to 12-month follow-up and .13 SD (p = .02) at 1- to 2-year follow-up, followed
by an adult effect of .11 SD (p <.001). As Figure 3 reflects, we observed heterogeneity across
studies at posttest (t = .24) and follow-up (7 = .11 - .15; Figure S4). Collapsed by intervention,
we observed a posttest effect of .14 SD (p = .003) that faded to .07 SD (p = .07) at 6- to 12-
month follow-up and .06 SD (p = .08) at 1- to 2-year follow-up, followed by an adult impact of
.04 8D (p = .04). As a result of aggregation, there was less between-study variation in effects.

Persistence in the Medium Term

3 The minimum follow-up time elapsed, 4 years from posttest, is to be expected given that, to be included in our
sample, adult follow-up could be measured as early as at the end of high school and interventions had to end prior to
the beginning of high school.
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To examine the rate of posttest persistence in the years after programs ended, we
modeled the proportion of the initial effect that persisted at medium-term follow-up. Only 13
interventions reported impacts on the same outcome at follow-up. We observed a larger posttest
effect of .20 SD (p = .09) among outcomes measured consistently, which faded to .15 SD (p =
.05) at 6- to 12-month follow-up and .08 SD (p = .31) at 1- to 2-year follow-up. The average
adult impact for studies with at least one consistent medium-term follow-up measure was similar
in magnitude to that in the full sample: .10 SD (p = .15). Our regression models suggested that
conditional on the posttest impact magnitude, effects persisted at a rate of about 50% (p =.05) 6
to 12 months after intervention end, and 25% at 1- to 2-year follow-up (p = .10; Table S6).
Forecasting Adult Follow-up Impacts using Posttest Impacts

We next tested whether initial intervention impacts on child outcomes forecasted long-
run impacts on adult outcomes using impacts aggregated to the intervention level (Figure 4;
Table S7, column 1). Our model estimated a statistically non-significant and imprecise
association between posttest and adult impacts of §; = .13 (p = .30). If the observed .13 effect
reflected a real causal impact, it would indicate that for every 1 SD increase in an intervention’s
average posttest effect size, we could expect a .13 SD increase in an intervention’s average adult
effect size. The model also produced a statistically non-significant intercept of .03 SD (p = .09).
Taking the magnitude at face value suggests that a considerable portion of adult impacts (.03/.04
or 75%) were explained by factors not captured by child posttest impacts. However, the estimate
was statistically non-significant and could reflect noise. Of note, in analyses that dropped each
study (Table S8), we observed that the slope decreased from .13 to .04 (p = .68) when we
dropped Perry Preschool and increased to .21 (p = .09) when we dropped Higher Achievement.

Publication Bias and Selective Reporting
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We then examined issues of selective reporting and publication bias. One concern is that
studies with adult effects observed larger-than-typical posttest or medium-term effects (Watts et
al., 2019). However, compared with Hart et al. (2024), posttest impacts in our sample were
actually smaller (Figure S5) and medium-term persistence rates were only slightly stronger.

Funnel plots showed a slight positive skew wherein larger positive effects were reported
more than expected (Figure S6). A PET test indicated that studies with less precise estimates
observed larger effects (Chen & Pustejovsky, 2025; Stanley & Doucouliagos, 2014) at posttest
(B1 = .39, p = .48), 6- to 12-month follow-up (f; = .59, p = .13), 1- to 2-year follow-up (5; = .52,
p =.18), and adult follow-up (f; = .61, p = .02). PET-adjusted estimates (i.e., estimates when
standard errors = 0) were 40 to 90% smaller than our non-adjusted estimates (Table S9).
However, the PET model can underestimate non-zero effects and provides a crude estimate
considering the substantive reasons why smaller studies may produce larger effects.

P-curve analyses did not suggest any major upticks in the number of p-values near the .05
conventional “statistical significance” cut-off (Figure S7; Simonsohn et al., 2015). The analysis
did indicate that power to detect statistical significance was particularly compromised at the
medium-term follow-up waves. Funnel plot and p-curve models using alternative standard errors
estimated lower power for detecting adult effects (Table S10; Figures S8, S9). Selection models
(Pustejovsky et al., 2025; Vevea & Woods, 2005) produced inconsistent results and together
suggested that there did not appear to be egregious evidence of bias (Table S9; i.e.,
underreporting of small, statistically non-significant results). Of note, the PET model, one of the
four selection models, produced an adult impact that was only 9% of the estimated effect.

Additional Analyses
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The supplement details exploratory analyses that we will briefly review here. First, given
similarities between the observed effects in our sample (Figure 3) and the “Network-Level
Effects” theory in Figure 1, we examined simulated estimates based on the LINT theory (Bailey
et al., 2024; Figure S10). The simulated estimates appeared similar to the observed effects.
Critically, however, this study was not designed to test LINT nor to adjudicate across competing
theories, so we interpret this analysis as hypothesis-generating rather than confirmatory.

Second, we fit additional models relying on small subsamples and, thus, caution against
strong interpretation of the results. The association between posttest and adult effects was larger
for cognitive skills than for social-emotional skills, though the difference was noisy and not
statistically significant (Table S11; Figure S11). The correspondence between posttest and adult
effects was smaller for educational adult outcomes than for other outcomes, and the slope for
substance use outcomes was larger than for other outcomes (Table S11). Fully interacted models
produced no statistically significant differences (Table S12). The association between posttest
impacts and impacts on the most consistently reported adult outcome, high school attainment,
was .36 (p = .10; Table S13, Figure S12). For the studies that measured them, medium-term
follow-up effects were highly predictive of adult effects (Table S7, Figure S13). Adult
assessment timing did not moderate the link between posttest and adult effects (Table S14).

We also performed many robustness checks to examine the sensitivity of our findings.
We found that the results largely aligned with our primary findings across the following checks:
alternative weighting and standard errors (Table S10); CHE model (Table S10; Pustejovsky &
Tipton, 2021); controls for assessment/intervention timing (Table S15); dropping: high-attrition
adult outcomes, studies that collected posttest measures before the end of the treatment,

“lifetime” or “ever” measures (Table S16); alternative aggregation of adult effects (Table S16).
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When we dropped effects that were more computationally intensive (e.g., categorical outcomes),
the correspondence between posttest and adult effects increased (f; = .61, p = .06). However,
upon dropping Perry Preschool, the slope decreased (f; = .37, p = .14). The slope was also larger
in a model that linked average posttest impacts to individual adult impacts (f; = .32, p = .02).
Finally, we applied Gilbert and Himmelsbach’s (2026) error adjustments and found that
accounting for error in posttest effects increased our slope term from f; = .13 to ;= .14 (Table
S17). As the assumed correlation between posttest and follow-up error increased, our slope
estimate decreased. Slope terms ranged from f; = .10 to ; = .04 under r = .10 to .30.
Discussion

The mystery of sleeper effects—whether they are real and what they imply—has long
captured the interest of social scientists (Table S1). In recent years, several rigorous educational
intervention evaluations have found patterns that appear to fit the bill: long-run impacts on adult
outcomes despite absent, or fading, intermediary impacts on child skills (e.g., Chetty et al., 2011;
Deming, 2009; Gray-Lobe et al., 2023). These patterns, coupled with increasing evidence for the
ubiquity of medium-term fadeout (Hart et al., 2024), raise important questions about how
interventions affect life course outcomes, if not through persistent impacts on targeted skills.

The current paper first reviewed the literature on the life course effects of childhood
interventions with a focus on theory, areas of complication, and methodological challenges. We
then set out to conduct a broad examination of the longitudinal impacts of RCT-evaluated
educational interventions. We first observed how widespread the fadeout-emergence pattern was.
Necessarily, we were limited to RCTs that followed participants into adulthood, which was a

relatively small and selected sample of 29 programs (Watts et al., 2019). Yet, we reasoned that
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by examining broad patterns of average impacts, our meta-analysis could improve the field’s
understanding of the general state of a literature that has been challenging to consolidate.

We did not find widespread evidence of the “fadeout-emergence paradox.” Instead, we
found that initial effects on child skills faded in the two years after programs ended, and
programs produced statistically significant impacts on adult outcomes, the magnitude of which
(.04 to .11 SD depending on the model) was similar to that of faded-out impacts on child skills.
Adult impacts were similar in magnitude across a wide range of outcomes. Longitudinal program
effects appeared to align with the hypotheses of LINT (Bailey et al., 2024), although the pattern
could align with other theories, and this study did not aim to test competing theories.

Several features of our approach likely contributed to why we did not observe the pattern
of fadeout-emergence as commonly construed, wherein large initial effects fade but are followed
by large adult impacts. By representing all effect sizes in standard deviation units, we avoided
misleading comparisons of impacts in raw units over time. We also computed intervention
impacts on all posttest and adult outcomes, including those that were not explicitly featured by
authors. By analyzing average impacts across outcomes, we avoided overweighting individual
outcomes. Finally, we analyzed main effects rather than subgroup estimates, which may be more
likely to suffer from reporting bias (von Hippel & Schuetze, 2025).

After establishing that programs can generate long-run effects despite medium-term
fadeout, we probed the basic assumption that interventions with greater impacts on child skills
also generate larger effects on adult outcomes. We examined the level of correspondence
between impacts on child skills and long-run impacts on adult outcomes. In line with our
descriptive observations, we found strong correspondence between medium-term impacts and

long-run adult effects among the subsample of studies that reported medium-term follow-up.
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However, we did not find much predictive value for posttest impacts. We observed a positive
(non-statistically significant) association between posttest impacts on child skills and follow-up
impacts in adulthood of f; = .13, but we also observed a .03 SD intercept (non-statistically
significant), suggesting that some portion of the average .04 SD adult impact could be due to
factors unexplained by post-test impacts. The intercept was imprecise, however, so we cannot
estimate the exact portion. The slope was sensitive to the inclusion of two studies, Perry
Preschool and Higher Achievement, and to some selection model adjustments (Table S8, S9).

Exploratory analyses revealed that the association between child skills and adult effects
may vary depending on how they are operationalized. Posttest impacts on cognitive skills were
more predictive of long-run outcomes than social-emotional skills were (§; = .16 versus 51 = -
.06), and we observed greater correspondence between average posttest impacts and impacts on
the adult outcome measured most consistently: high school graduation (£; = .36).

Along with the finding of medium-term fadeout, the small association between posttest
and adult effects suggests that it is highly unlikely that persistence on targeted child skills will
necessarily produce adult outcomes. Skills may beget skills, but in complicated ways consistent
with fadeout. At present, average posttest impacts on child skills do not appear to be a reliable
and robust forecaster of long-run impacts on adult outcomes.

We do not view these results as cause for despair. Imagine that in a decade from now,
with a larger sample of studies, we observe that the ~.10 association between child skills and
adult outcomes is consistent and replicable, leading us to conclude that .10 is the causal long-run
impact of changes to child skills targeted by interventions. Although far from a 1:1 association
between targeted child skills and important adult outcomes, this would suggest that posttest

impacts on child skills contain some meaningful information for forecasting long-run effects.
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Certainly, our reliance on average impacts across studies may not satisfy readers who
hold specific theories about why certain interventions might have stronger effects than others in
the long term. We agree that complex combinations between skills and contexts may dictate
impact persistence, and our analyses cannot capture this complexity. Indeed, our exploratory
moderation analyses suggested that the overall association between posttest and adult effects
could mask heterogeneity in addition to being limited by issues of statistical power and
measurement error. However, related meta-analytic work has found that short-term persistence
rates were largely unrelated to intervention characteristics (Watts et al., 2025). We encourage
researchers who hold specific theories to test these with a priori predictions and experiments.

We were surprised to observe a stronger link between medium-term follow-up impacts
and adult follow-up effects—ranging from 0 to .94 depending on our approach (average ; =
.42)—although our estimates relied on a small subsample and were imprecise. The associations
indicated some promise for using medium-term follow-up effects to proxy program’s network-
level impact, which may correspond strongly with adult effects (see also Gilraine & Pope, 2021).
Research is needed to determine when, if at all, medium-term follow-ups predict adult impacts.
Limitations and Recommendations for Future Research

Our experience creating the meta-analytic sample for this study revealed issues in the
intervention evaluation literature that limited our results and warrant discussion.

First, we urge researchers to use administrative data to examine the long-run adult effects
of existing RCTs regardless of posttest impact magnitude or medium-term fadeout. Reflective of
the state of the field, our study was limited by a small sample of studies with relatively small
sample sizes. More studies are necessary to examine heterogeneity; indeed, we could not

adequately test study-, participant-, and outcome-related variation in the patterns we observed.
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Second, we encourage researchers to measure the same outcomes across studies and
assessment waves. It is possible that our operationalization of initial and long-run intervention
impacts, which relied on intervention-level averages of all impacts, did not accurately capture
“true” effects for a variety of idiosyncratic reasons such as over- or under-aligned to intervention
content (Alvarez-Vargas et al., 2023) and selective measurement based on earlier results (Bailey
et al., 2020). Establishing a standardized set of outcomes that intervention researchers
consistently measure across studies and waves, regardless of intervention targets, may be fruitful.

Third, we call upon researchers to report all effects consistently and straightforwardly.
Our results may be biased by problematic practices, including a) reporting subgroup effects in
lieu of main effects, b) using inconsistent methods to compute impacts, and c) selectively
reporting results in the socially preferred direction. We attempted to overcome these issues
through our coding and analysis approach, but it is unlikely that our method overcame all biases.

Fourth, we recommend that researchers match the specificity of their analyses and
conclusions to that of their hypotheses. Theoretical underdetermination is an issue that interacts
unfavorably with inconsistent measurement and reporting, distorting our understanding of
longitudinal intervention impacts. Researchers’ theories of change can become increasingly
distant from reality when anchored to potentially spurious results (e.g., subgroup estimates,
selectively reported estimates). If researchers do not have specific theories about which adult
outcomes their intervention will affect, it may be preferable to pre-register primary models that
pool across measures. At a minimum, we recommend that researchers formalize research
questions and analytic plans internally prior to analysis, as we did in the current meta-analysis.

Fifth, for researchers interested in causal skill-building processes, we advocate using

observational methods only as part of a much richer research approach that capitalizes on



DOES FADEOUT PRECLUDE LONG-RUN ADULT EFFECTS? 28

exogenous variation in child skills and, whenever possible, probes the alignment between models
fit to observational and (quasi-)experimental data. As detailed by Bailey et al. (2024),
developmental theory suffers from an over-reliance on correlational evidence and an under-
reliance on causal intervention evaluations. The disconnect between the inferences drawn from
correlational studies and the causal findings from experiments demonstrates that correlational
estimates can be misleading (Bailey et al., 2018; Rohrer & Lucas, 2023).

Finally, we emphasize that our data reflect the limitations of the current literature. Indeed,
our sample was small, resulting in imprecise estimates. Although limited, our dataset reflects the
current state of the field. We hope this work will provide researchers with a clearer picture of the
current empirical basis for our theories on the long-term effects of educational programs
targeting children's capabilities and sets the stage for future work on this topic.

Conclusion

The current study endeavored to synthesize the longitudinal effects of RCT-evaluated
educational interventions targeting children’s skills. We found that educational interventions
generated initial effects on child skills, these effects faded in the medium term, and programs
nonetheless generated long-run impacts on adult outcomes. Adult impacts were generally similar
in magnitude to faded-out medium-term effects. We observed some correspondence between
initial intervention impacts on child skills and long-run impacts on adult outcomes, though our
estimates were imprecise. There remains great opportunity for our field to continue to study how
interventions shape life course trajectories. Theories that predict strong persistence of impacts on
targeted child skills seem unlikely. We need more long-run evaluations of existing RCTs to
make progress. Continued investigation can hone our understanding of development and improve

the likelihood that interventions live up to their promise.
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Figure 1
Theoretical Trajectories of Intervention Impacts
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Notes: This figure depicts hypothetical trajectories of intervention impacts across time inspired
by developmental theory. Note that the auto-regressive associations among child-outcome
impacts across time and the cross-lagged associations linking child-outcome impacts to adult-
outcome impacts are entirely hypothetical; developmental theories very rarely specify the
predicted magnitude of these links.
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Figure 2
Flow of Papers and Studies into the Meta-Analytic Sample

8,167 papers identified through
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- Could not locate paper/not empirical report (3)
- Notan RCT (1)
- RCT but does not target child skills (2)
- RCT to change child skills but no adult follow-up (10)
- RCT to change child skills with adult follow-up, but does
not end prior to HS entry (56)

155 papers passed abstract review
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28 unique studies (80 reports) met criteria
32 studies passed full text review

943 papers identified* 4 additional studies added that were known to meet inclusion
criteria but were not identified through our search

7 studies excluded:
- Not in the United States (1)
- Notan RCT (2)
- RCT to change child skills but no adult follow-up (1)
- RCT to change child skills with adult follow-up, but
does not end prior to HS entry (1)
25 studies with 29 intervention - RCT to change child skills with adult follow-up and
groups included ends prior to HS entry, but no posttest impacts (2)
94 unique papers double-coded of
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882 total identified**

Usable impacts:
179 posttest impacts
94 6- to 12-mo follow-up impacts
67 1- to 2-yr follow-up impacts
497 adult impacts

Notes: *For one study, we discontinued the search for additional papers after determining that
the study was conducted outside the United States. **We identified 882 papers by summing the
number of papers identified for each study. Because some papers reported results for multiple
studies, they could appear more than once in this total. We ultimately coded 94 unique papers,
corresponding to 101 potentially non-unique papers (i.e., 101 is the total when papers reporting
results for multiple studies were counted once per study, as opposed to once across studies).
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Figure 3
Trajectories of Average Effects for Each Intervention
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Notes: Each line reflects one intervention. The coordinates reflect the intervention-level average
impact for outcomes reported at the respective assessment wave. Coordinates are weighted by
the posttest inverse sampling variances. The black line depicts the meta-analytic averages at each
assessment wave, estimated using inverse sampling variance weighting, a random effect for
study, and cluster-robust standard errors (with clustering at the study level). The black error bars
reflect 95% cluster-robust confidence intervals. The gray shaded region reflects the 95%
prediction intervals. For context, the red line with a spike at 6- to 12-month follow-up represents
the Abecedarian study for which impacts on only one measure contributed (a measure of
“conservation” using a Piaget-inspired task). See Table S5, Panel B for estimates.
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Figure 4
Posttest Impacts Predicting Adult Impacts
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Notes: This figure plots the average posttest effect size and the average adult follow-up effect for
each intervention (n = 29). Coordinates are weighted by the follow-up inverse sampling
variances. The black line depicts the estimated intercept (Bo) and slope (B1) generated with
weights for the follow-up inverse sampling variances, a random effect for study, and cluster-
robust standard errors (with clustering at the study level). The gray line depicts the intercept and
slope estimated using the same methods but with the Perry Preschool Intervention dropped. To
reduce clutter, for studies with two intervention groups, the coordinate label without parentheses
reflects the group that is not otherwise listed on the figure. See Table S3 for full intervention
names associated with the label abbreviations.

*p <.05, ¥ p< .01, *** p<.001
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Additional Methodological Details

Protocol

The protocol that guided the inclusion-exclusion process and coding will be posted
publicly prior to publication.
Inclusion/Exclusion
Search Terms and Process

We determined the following search terms through an iterative process in which we
tested various criteria for whether they led to the inclusion of studies that we knew should be
included. We used the following search terms (AB = abstract; TI = title):

PsycINFO via EBSCO on 2/14/24

AB (adult* OR earn* OR economic OR achievement OR "high school graduation" OR
college OR enroll* OR educational) AND AB (student* OR child* OR adolesc* OR
infant®* OR youth* OR grader* OR school*) AND ((AB(longitudinal OR long-term OR
long-run OR follow-up) OR TI(longitudinal OR long-term OR long-run OR follow-up))
OR (TI(adult* OR earn* OR economic OR achievement OR "high school graduation"
OR college OR enroll* OR educational) AND TI(randomly OR “randomized controlled
trial” OR “randomized control trial” OR experiment OR experimental OR randomized
OR lotter* OR effect*))) AND (AB(randomly OR “randomized controlled trial” OR
“randomized control trial” OR experiment OR experimental OR randomized OR lotter*)
OR TI(randomly OR “randomized controlled trial” OR “randomized control trial” OR
experiment OR experimental OR randomized OR lotter*)) NOT AB(meta-analysis OR
"systematic review" OR “nutrition” OR “natural experiment” OR “essays on” OR “lead
exposure” OR chemotherapy OR cancer OR patients OR blood OR medical OR cardiac)
NOT TI(meta-analysis OR "systematic review" OR “nutrition” OR “natural experiment”
OR “essays on” OR “lead exposure” OR chemotherapy OR cancer OR patients OR blood
OR medical OR cardiac)

Additional filters: Human population, English language, exclude dissertations
Results: 4,294

ERIC via EBSCO on 2/14/24

AB (adult* OR earn* OR economic OR achievement OR "high school graduation" OR
college OR enroll* OR educational) AND AB (student* OR child* OR adolesc* OR
infant®* OR youth* OR grader* OR school*) AND ((AB(longitudinal OR long-term OR
long-run OR follow-up) OR TI(longitudinal OR long-term OR long-run OR follow-up))
OR (TI(adult* OR earn* OR economic OR achievement OR "high school graduation"
OR college OR enroll* OR educational) AND TI(randomly OR “randomized controlled
trial” OR “randomized control trial” OR experiment OR experimental OR randomized
OR lotter* OR effect*))) AND (AB(randomly OR “randomized controlled trial” OR
“randomized control trial” OR experiment OR experimental OR randomized OR lotter*)
OR TI(randomly OR “randomized controlled trial” OR “randomized control trial” OR
experiment OR experimental OR randomized OR lotter*)) NOT AB(meta-analysis OR
"systematic review" OR “nutrition” OR “natural experiment” OR “essays on” OR “lead
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exposure” OR chemotherapy OR cancer OR patients OR blood OR medical OR cardiac)
NOT TI(meta-analysis OR "systematic review" OR “nutrition” OR “natural experiment”
OR “essays on” OR “lead exposure” OR chemotherapy OR cancer OR patients OR blood
OR medical OR cardiac)

Additional filters: English language
Results: 3,701

EconLit via EBSCO on 2/14/24

AB (adult* OR earn* OR economic OR achievement OR "high school graduation" OR
college OR enroll* OR educational) AND AB (student* OR child* OR adolesc* OR
infant* OR youth* OR grader* OR school*) AND ((AB(longitudinal OR long-term OR
long-run OR follow-up) OR TI(longitudinal OR long-term OR long-run OR follow-up))
OR (TI(adult* OR earn* OR economic OR achievement OR "high school graduation"
OR college OR enroll* OR educational) AND TI(randomly OR “randomized controlled
trial” OR “randomized control trial” OR experiment OR experimental OR randomized
OR lotter* OR effect*))) AND (AB(randomly OR “randomized controlled trial” OR
“randomized control trial” OR experiment OR experimental OR randomized OR lotter*)
OR TI(randomly OR “randomized controlled trial” OR “randomized control trial” OR
experiment OR experimental OR randomized OR lotter*)) NOT AB(meta-analysis OR
"systematic review" OR “nutrition” OR “natural experiment” OR “essays on” OR “lead
exposure” OR chemotherapy OR cancer OR patients OR blood OR medical OR cardiac)
NOT TI(meta-analysis OR "systematic review" OR “nutrition” OR “natural experiment”
OR “essays on” OR “lead exposure” OR chemotherapy OR cancer OR patients OR blood
OR medical OR cardiac)

Additional filters: Northern America (geographic region)
Results: 172

Restriction to Studies that Took Place in the United States

We decided to limit our search to interventions that took place inside the United States
for several reasons. First, to our knowledge, the fadeout-emergence paradox has primarily been
discussed in the context of U.S.-based interventions. Second, we anticipated that there would
only be a small number of studies, if any, that met our criteria and were conducted outside of the
United States (based on the findings of a recent meta-analysis by Hart et al., 2024). Third, we
anticipated that the dynamics of fadeout, persistence, and emergence may vary across settings,
particularly those with limited educational resources.
Abstract Review

Independent screeners reached consensus on all discrepancies. Peer-reviewed
manuscripts, working papers, preprints, and government reports were included. At this stage, but
not subsequent stages of the inclusion process, dissertations were excluded to reduce the review
burden and given the low likelihood (given grant reporting requirements) that the only paper
reporting adult follow-up effects for an intervention would be a dissertation.
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Full-Text Review

We defined the two final inclusion criteria—that the intervention must end prior to high
school and that adult outcomes must be measured after grade 12/age 18—after an informal
assessment of the 155 papers screened at the full-text-review stage. We reviewed the papers with
the intention of identifying criteria that would ensure that follow-up outcomes passed muster as
measures of “adult” outcomes assessed in the “long-run,” while also maintaining a sufficient
number of studies for meta-analysis. Importantly, our informal review of the studies did not
involve examining intervention effects, methodology, or any other details that could affect our
results. We were focused, instead, on identifying criteria that had strong construct validity and
allowed the inclusion of a sizable number of studies.

There were three interventions that we knew would meet our inclusion criteria that were
included in our original MERF meta-analytic sample but were not identified through our
screening process: the Infant Health and Development Program (McCormick et al., 2006), the
Nurse Home Visitation Program (Eckenrode et al., 2010), and Project Care (Campbell et al.,
2008). One additional study, Early Home Visiting (Conti et al., 2024), was identified through the
subsequent forwards/backwards search process. Thus, while we are confident that we identified
the vast majority of studies that met our criteria, that we did not find all known studies through
our database search process raises the possibility that we may not have found a/l studies that met
our criteria.

Backwards/Forwards Search Process

Our backwards and forwards search process entailed both searching within papers for
additional papers on the intervention of focus and searching outside of papers (i.e., via Google
Scholar). The search procedure is documented in detail in the protocol.

Choosing Papers to Code

When identifying papers to code, our priority was to choose a collection of papers that
reported all posttest effects (i.e., end of treatment), medium-term follow-up effects occurring 6
months to 2 years after posttest, and adult follow-up impacts (i.e., collected after age 18 or grade
12) for each study. Although impacts were reported in traditional effect size units in many cases,
we also included papers containing descriptive statistics (e.g., means and standard deviations)
and model-based parameters (e.g., correlation coefficient, f-statistic) that we could then use to
calculate an effect size in standard deviation units. When there were multiple papers that
provided estimates on the same outcome, we chose to code the paper that provided the “best”
effect (i.e., estimated on the larger sample size and with adjustments for issues like baseline
imbalance, attrition, and clustered randomization).

Effect Size and Standard Error Computations

Figure S1 details how effect sizes were computed based on the reported information.
When possible, we converted the author-reported statistics (e.g., odds ratio, predicted change in
probability, hazard ratio) to Cohen’s-d-like effects in standard deviation units. When only
descriptive data (i.e., means, proportions) were reported, we used this information to calculate an
estimate of the treatment-control difference. For descriptive dichotomous data, this entailed

computing log odds ratios which we then scaled by g To standardize continuous treatment-

control differences, we used the control-group standard deviations when available. If the control-
group standard deviation was not available, we used other model-based parameters (e.g., F-
statistic, confidence intervals, p-values) to estimate a standard deviation of the mean difference.
Valence. We adjusted each effect size so that all effects were scaled such that larger
effect size indicated “better” or more desirable outcomes. We did this by multiplying each effect
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by an indication of whether the valence was positive (1) or negative (-1). We coded in a way that
accounted for the measure’s valence and whether the study-authors rescaled effects and/or
descriptive outcomes. In coding valence, we opted to take each study on its own terms and at
face value rather than ensuring that each outcome had a consistent valence code across studies.
For example, if achievement of an associate’s degree seemed to represent a desirable outcome in
one study and a negative outcome in a different study, we coded valence as implied by the study
authors. For some outcomes, the valence of an outcome was unclear. When it was not possible
for us to form a reasonable inference about whether the outcome was considered a negative or
positive outcome, we excluded the outcome.

Subsample Results. Our models only include estimates of main treatment effects. In the
case that main treatment effects were reported, we coded these. In the case that only subgroup
estimates were reported, and estimates were provided for all subgroups that together comprised
the sample, we estimated main effects by computing a sample-size weighted average of the
effect sizes for each group. Likewise, when computing the accompanying standard error, we
generated a weighted average of the subgroup estimates.

Pre-test adjustments. As depicted in Figure S1, there were several cases in which we
used author-reported statistics (e.g., f~statistics, p-values, standard errors, confidence intervals) to
back out an estimated standard error which was then converted to an estimated standard
deviation and subsequently used to standardize treatment and control group differences. In some
cases, these statistics were estimated with controls for pre-test measures for a similar outcome,
leading to increased precision. Following Hart et al. (2024), to ensure that this precision did not
lead to an overestimation of intervention impacts, we divided the estimated standard error
generated using the author-reported statistic by .87 for cases in which the author-reported
statistic was estimated with a control for a pre-test measure similar to that of the outcome. The
.87 represents the square root of 1 minus R?, assuming a correlation between pre-test and
posttest/follow-up assessments of .50. In many cases, our estimated effect sizes were
subsequently used to calculate standard errors. We re-adjusted the standard errors associated
with these effect sizes by multiplying them by .87.

Cluster adjustments. We adjusted all standard errors from studies using clustering by an
intervention-specific VIF using the intervention-specific sample size (average posttest sample
size for each intervention) and the number of clustering units, assuming an ICC of .10. For cases
in which we used an author-reported standard error and the authors reported having already
adjusted for clustering, we did not apply the cluster adjustment. Note that we did not do any
computations to account for the fact that some effect sizes were computed using author-reported
parameters (e.g., standard errors, p-values, confidence intervals) that contained cluster
adjustments. When computing cluster-adjusted standard errors for our alternative standard errors,
computed through more complex methods detailed in Figure S2, we did not perform the ICC
adjustment if we estimated the standard errors using reported parameters (e.g., confidence
intervals, p-values) that came from models that reportedly adjusted for clustered randomization.

Additional Details on the Dataset
What Kinds of Programs are in the Sample?
A diverse collection of educational programs has achieved the feat of measuring adult
impacts. Here, we broadly categorize them.
Early Care and Education (ECE)
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The first category comprises ECE studies, which were the first educational RCTs to
measure impacts into adulthood, beginning in the 1960s. Programs like Perry and Abecedarian,
in addition to the Early Training Project and Project Care, examined the impact of early
classroom-based care for preschool-aged children, often coupled with additional family and
health services. The Chicago School Readiness Project examined the effects of a specific
curriculum in Head Start centers, marking the only early-childhood curricular intervention that
measured adult impacts. A second set of programs—the Infant Health and Development
Program, and two Nurse Home Visiting evaluations—targeted younger children, and centered
home visiting (with center-based care in some cases).

Elementary-Level

In the elementary years, there were four curricular intervention evaluations that measured
adult effects. Two interventions were focused on the development of academic skills, one
involving reading remediation and the other instructional approaches for special education. Two
other studies evaluated the effects of the Good Behavior Game, described earlier. Additionally,
the Project Star experiment focused on class size and the Multimodal Treatment Study of ADHD
entailed an evaluation of behavioral and pharmacological treatments (per our inclusion criteria,
we focused only on the behavioral condition).

Middle School Transitions

Three programs focused on middle school as a critical transition. Two involved lottery
evaluations of charter middle schools, including Knowledge Is Power Program (KIPP) and a
national synthesis of 33 lotteries. A third program, Higher Achievement, involved intensive
afterschool and summer programming for precocious students.

Middle School Positive Youth Development

The final programmatic category included positive youth development programs to
promote prosociality and prevent problematic behaviors (e.g., substance use) in middle school.
The programs in this category largely focused on supporting students to develop coping
strategies and life skills. Often these programs also targeted parents. The programs included
Project Family, two evaluations of Project Alliance, Capable Families and Youth Strengthening
Families Program, PROSPER, and Staying Connected, many of which relied on similar, if not
the same, underlying curricula. Two programs focused on specific populations, with intervention
content tailored accordingly: New Beginnings, for students with divorced parents, and Strong
African American Families, for Black students.

Additional Details on Primary Models

Aligned Outcome Models

In these models, we computed meta-analytic averages at each assessment wave only
taking into account the interventions that measured at least one outcome consistently (using the
same measure) at posttest and 6- to 12-month follow-up. For each intervention, we computed
intervention-level averages at each assessment wave. Each posttest and 6- to 12-month follow-up
intervention-level average only incorporated estimates from the outcomes that were consistently
assessed at both waves. Each intervention-level average at 1- to 2-years follow-up included
estimates from the outcomes that continued to be consistently assessed at this follow-up wave.
Each intervention-level average at adult follow-up incorporated all adult outcomes that were
assessed. In the case that there were multiple intervention impacts collected for the same
outcome using the same measure within either the 6- to 12-month or 1- to 2-year follow-up
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windows (e.g., 6- and 9-month follow-up assessments), we computed an average for use in our
analyses.
Correspondence between Posttest Impacts and Adult Follow-Up Impacts

There was no obvious way to link specific posttest measures to adult measures as we did
with our aligned group approach. Indeed, on average, studies in our sample reported impacts on
6 child outcomes at posttest and 16 adult outcomes at follow-up yielding a multiplicity of child-
skill-adult-outcome combinations.

Thus, in our primary model we relied on intervention-level averages. We acknowledge
that researchers have highly sophisticated theories about the specific child skills that may affect
specific adult outcomes. We do not doubt that, in many cases, these theories may accurately
reflect the complexity of developmental processes. However, these theories are often vaguely
articulated in published materials and, when articulated, it can be very challenging to gauge
whether theories were based on post hoc or a priori reasoning. To overcome these concerns and
given how little we understand about the mechanisms that shape long-run intervention impacts,
extracting beyond study specificities by examining intervention-level averages was essential to
the objectives of this study.

With that said, a possible critique of this approach is that we are ‘comparing the
incomparable’ by examining average posttest and adult follow-up impacts from such a diverse,
and relatively small (k < 30) collection of studies that each have their own specific theories of
change. We agree that our approach does not incorporate study-specific nuance. However, we
believe that examining average effects from a diverse set of studies is preferable to highly
specified models, because it allows us to test the most basic assumption driving intervention
work: that initial impacts on child skills relate to long-run intervention impacts on adult
outcomes.

Random Effects

Four studies contained two randomly assigned treatment groups that were compared to
the same control group (“treatment-control contrasts” or “interventions”; indeed, there were 25
studies and 29 interventions in our sample.) To account for these shared control groups, we opted
to include study-level, rather than intervention-level, random effects.

Additional Details on Exploratory Analyses

LINT Simulation

Figure S10 depicts a simulated trajectory of intervention impacts based on LINT (Bailey
et al., 2024). The simulated estimates came from two models in which we assumed that
hypothetical interventions generated impacts on 4 skills measured at posttest. Auto-regressive
paths on these skills were assumed to be .50 and cross-lagged paths between skills were assumed
to be .10. The lower bound of the adult estimates (.02 SD) indicates the hypothesized adult
impact under the assumption that a 1 unit increase in child skills caused a .20 unit increase in
adult outcomes. The upper bound of the adult estimates (.05 SD) indicates the hypothesized adult
impact under the assumption that a 1 unit increase to child skills caused a .30 unit increase in
adult outcomes and that the intervention affected 4 non-measured outcomes in addition to the 4
measured skills.
Differences by Outcome Type

We then tested the extent to which the observed associations varied by posttest and adult
outcome types (see Table S11). Indeed, it may be the case that some child skills are more
causally influential in shaping some adult outcomes. Given the limitations of sample size and



SUPPLEMENT: DOES FADEOUT PRECLUDE LONG-RUN ADULT EFFECTS? 8

inconsistent assessment of child and adult outcomes across interventions, we examined outcome-
related differences across broad outcome categories. We first examined whether cognitive versus
social-emotional impacts were differentially predictive of average adult impacts (see Figure
S11).

Next, we examined the correspondence between average posttest impacts and adult
outcomes aggregated by the adult outcome categories with the most data coverage. In a
subsequent step, we examined whether there were interactive and differential associations among
cognitive versus social-emotional posttest impacts in predicting adult impacts in the three most
represented adult outcome categories: educational outcomes, psychological wellbeing outcomes,
and substance-related outcomes (see Table S12).

High-Occurrence Adult Outcome: High School Attainment

We then examined the association between average posttest impacts and the adult
outcome that was reported most consistently across interventions: high school attainment (see
Table S13 and Figure S12). Our sample contained 12 interventions that reported impacts on high
school attainment. In the case that an intervention reported impacts on a high school completion
outcome at multiple assessment waves, we went with the earliest assessment to increase cross-
study harmony. As such, all estimates used in this analysis were collected when participants were
18 to 22 years old.

Medium-Term Follow-Up Impacts as Forecasters

Additionally, we examined the extent to which follow-up impacts measured at 6- to 12-
month follow-up and 1- to 2-year follow-up forecasted adult impacts. We also limited the
analysis to the subsample of “aligned” outcomes that were assessed consistently at posttest and
medium-term follow-up to be able to make a direct comparison of differences in the associations
with adult follow-up effects using the same sample. The results from these models are presented
in Table S7 and Figure S13. We only had medium-term impacts from 18 interventions at 6- to
12-months follow-up and from only 13 interventions at 1- to 2-years follow-up.

Moderation by Adult Assessment Timing

Finally, we explored whether posttest impacts on child skills were better forecasters of
more proximal adult impacts (see Table S14). Indeed, there was a great deal of variation in when
adult effects were assessed, from when participants just entered adulthood to middle age.

Additional Details on Robustness Checks

Leave-One-Out Models

We ran models where we dropped each study to examine how study-level idiosyncrasies
(such as those described in Table S3) may have biased our results (see Table S8).
Alternative Weighting and Correlated-and-Hierarchical Model

We then tested whether our results were robust to the use of alternative weighting
approaches and the use of an alternative modeling approach: the Correlated-and-Hierarchical
Effects Model (Table S10; Pustejovsky & Tipton, 2021), which accounts for within-study
dependencies. Because the exact within-study dependencies among outcomes were unknown, we
assumed that effects were correlated at r = .60 for the CHE model. Since we implemented CHE
only as the working model and then clustered our standard errors using RVE, this approach was
robust to misspecification of this exact dependence structure and value of the correlation. We
opted to treat CHE as a robustness-check model given that our primary analyses had relatively
few dependencies. Recall, we examined intervention-level averages from 29 interventions nested
within 25 studies. To maximize consistency across our primary models and supplemental
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models, we opted to rely on the same—relatively parsimonious—primary model, at the expense of
some models containing additional-and-unaccounted-for dependencies (e.g., the adult assessment
timing model had multiple adult estimates from the same study).

Age and Timing Controls

Participant age at intervention implementation and at adult follow-up, and the time that
elapsed between posttest and adult follow-up assessments, varied considerably across
interventions in our sample. To address this, we ran our primary analytic model predicting
follow-up impacts using posttest impacts with controls for three time-related variables: (a) the
number of months elapsed between posttest and adult assessment, (b) participant age at adult
assessment, and (c) participant age at intervention implementation as indexed by whether the
intervention targeted children 7 years or younger or children older than 7 years (Table S15).
Attrition

For some adult outcomes there was considerable attrition. We computed the proportion of
participants that contributed data for each adult outcome by dividing the total adult sample size
for each outcome by the maximum sample size observed at posttest for the same intervention.
After dropping outcomes for which retention was lower than 80% at follow-up (20% of
outcomes), we then recomputed the intervention-level average adult impact and re-ran our
primary model predicting adult impacts using posttest impacts (Table S16).
Pre-End-of-Treatment Posttests

As detailed in Table S1, there are some studies for which the posttest assessment was not
a “true” posttest. Indeed, there were some cases where a study otherwise met our criteria, but
there was no end-of-treatment assessment and, instead, a pre-end-of-treatment, intermediary
assessment. We included these studies in our sample, but ran a model (see Table S16) that
dropped studies with pre-end-of-treatment posttests.

Alternative Aggregation of Adult Effects to Address “Duplicate” Issue

When coding the posttest and medium-term follow-up effects, we were careful to ensure
that we only coded one instantiation of the same measure at a particular time point. For example,
if the full score and subscale scores for a particular measure were all reported at posttest, we
opted to code the full score, and not the subscale scores. Thus, for each assessment wave, we
only had one estimate per measure.

When coding adult effects, however, accounting for and avoiding duplicates was less
straightforward. In many cases, effects were reported for various facets of one larger adult
outcome. For example, “any educational attainment” “four year college attainment” and “two
year college attainment” might all be reported. It was challenging to know in these cases what
was the “best” and most comprehensive outcome to code. Thus, we opted to code all adult
outcomes across all assessment waves, regardless of this issue. As a step to avoid our
intervention-level adult impact averages being predominated by any one domain that had an
outsized number of measures, we ran a supplemental model in which we computed the
intervention-level average adult effect by first estimating the intervention-level average by
construct domain (e.g., educational attainment, substance use, health) and then averaging these
construct-level estimates (see Table S16).

Lifetime Measures

Another complicated issue was how to handle adult effects that were not time-limited.
Consider, for example, a substance-use prevention intervention that measured drug use at
posttest and measured “lifetime” drug use at follow-up. This adult effect could very well pick up
on intervention-driven posttest differences. We attempted to indicate when a measure was a
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“lifetime” or “ever” measure when coding, though it was often challenging to make these
distinctions. Nonetheless, we ran a model (see Table S16) that dropped the outcomes that we
coded as “lifetime” or “ever.” We know that this is an imperfect test because of the challenge of
coding this distinction, and that we did not go to the lengths of determining for what studies and
outcomes the “lifetime” status was a problem (e.g., the aforementioned drug use measure would
not be an issue in the case of a preschool intervention, but would be an issue in the case of a
substance use intervention).

Estimated Effects

As Figure S1 suggests, we employed a variety of approaches to estimating effect sizes.
Some approaches relied heavily on estimation and computation. We ran a model (see Table S16)
in which we dropped effects that were particularly heavily “estimated.” These included: 1)
impacts on dichotomous outcomes (e.g., odds ratios), 2) impacts that relied on an #-, f-, or p-
statistic, and 3) impacts that relied on predicted changes in probability.

Alternative Specification: Individual Outcome-level Adult Impacts

To further probe whether outcome-level heterogeneity in adult outcomes was reduced
after accounting for posttest impact magnitude, we then examined an alternative specification in
which we linked each intervention-level average posttest impact to each individual outcome-
level adult impact (Table S16). Importantly, this model contained challenging-to-account-for
dependencies because intervention-level average posttest effects were represented multiple
times, for each outcome-level adult effect.

Correlated Measurement Error

Error in posttest effects could bias our slope estimate down and correlated measurement
error in posttest and adult effects could bias our slope estimate up. Gilbert and Himmelsbach
(2026) recently proposed a new method that adjusts for measurement error in the predictor and
allows for the estimation of the meta-regression intercept and slope terms under various
assumptions about the extent to which measurement error in posttest and follow-up effects is
correlated. The method employs Stan and several priors that are detailed in Gilbert and
Himmelsbach’s paper. We applied the method using our own base meta-regression model
(random effects meta-regression with random effect for study and inverse variance weights).
Like the authors, we ran the model under the assumption of r =0, .10, .20, .30, .40, .50, .60, .70,
.80, and .90. Results from the Stan models are presented in Table S17.

Atr =0, we can observe that the slope increases from .13 in our primary model to .14 in
the adjusted model, suggesting slight disattenuation. We then examined estimated slope and
intercept terms under different assumptions about the correlation between error in posttest and
adult follow-up effects. First, we attempted to determine a reasonable back-of-the-envelope
estimate of the average correlation between posttest and adult effects in our sample. We turned to
two meta-analyses to form priors. First, a meta-analysis by Robson et al. (2020) examined the
association between childhood social-emotional skills (specifically self-regulation) and a range
of adult outcomes including substance use, mental health, and educational attainment. They
found correlations between childhood social-emotional skills and adult outcomes that ranged
from .05 to .22 (unweighted average = .14). Second, a meta-analysis by Strenze (2007) examined
the association between measures of intelligence and academic performance and adult
educational attainment, income, and occupation. They observed associations ranging from .11 to
46 (unweighted average = .33).

In our sample, 78% of the posttest effect sizes were social-emotional outcomes.
Weighting the average estimate from Robson et al.’s self-regulation meta-analysis by .78 and the
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average estimate from Strenze’s cognitive meta-analysis by .22, we arrived at an average
correlation of r = .18. Of note, 35% of the effects in our sample were estimated with controls for
baseline covariates. Assuming the use of baseline controls eliminates correlated error (which is
probably a strong assumption), we might expect a correlation closer to r =.12 (.18*(1-.35)).
Taken together, perhaps a correlation around r = .10 is a reasonable lower-bound estimate for the
average correlated error and perhaps something closer to r = .30 would be a reasonable upper
bound. A correlation of .10 corresponds with a slope estimate of .10, 77% of the estimate from
our preferred model. A correlation of r = .30 corresponds with a slope estimate of .04, 30% of the
estimate from our preferred model. Thus, the model indicates that the slope term may be lower
than that produced by our preferred model under some specifications, but reasonable
assumptions about the correlation between posttest and adult effects lead us to expect that the
slope estimate should still be positive and greater than zero (although, not necessarily statistically
different than zero).

It is worth noting a few caveats when interpreting the results from the Gilbert and
Himmelsbach (2026) model. First, the model was originally employed to examine bias in cases
when posttest and follow-up effects were measured using the same assessment over time. In our
case, posttest measures of child skills are generally quite different from follow-up measures of
adult outcomes. We anticipate that correlated measurement error should be less of an issue when
measures change across assessment waves. Second, the model does not allow for heterogeneity
in the assumed correlated error across studies and this may be problematic because error may be
more correlated in some studies than others. Indeed, the child posttest outcomes and adult
follow-up outcomes assessed across studies varied considerably and, as a result, there are likely
some measures with error terms that are more correlated across time than others. Finally, some
estimates were computed with controls for baseline covariates (35% of effects in our sample),
whereas others were not. Adjustments for baseline controls should also significantly reduce
concerns about correlated measurement error.
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Table S1

References Describing the Puzzle of the Fadeout-Emergence “Paradox”

Reference

Quote

Dizikes, 2023

Farley, 2022

Chetty et al.,
2011

O’Donnell, 2010

Barnum, 2017

"It’s not the case that we have an increase in test scores and it corresponds with
an increase in college-going,” Pathak says. “That’s very intriguing."

“If I had to speculate what’s behind these long-term effects for college, this is our
leading hypothesis,” Pathak says of the reduction in behavioral problems.

“There’s a lot more that needs to be done on this. It’s an intriguing finding.
Others have highlighted these sorts of so-called noncognitive sleeper effects of
education, and I’ve been quite skeptical about it. But now our own findings
suggest there may be something to that story.”

“There is an ongoing debate in early childhood about the phenomenon that test
score impacts fade out, but effects re-emerge for adult outcomes,” Parag Pathak, a
professor in the economics department at the Massachusetts Institute of
Technology and one of the authors of the controlled randomized trials in Boston,
told us in an email. “This is sometimes called ‘sleeper effects.” As a general rule,
it is not a good idea to make decisions about effectiveness of education
interventions only based on short-run outcomes.

“We usually think that short-run academic outcomes are related to longer-term
outcomes, but a growing body of literature argues that there are non-cognitive
effects of education that are not easily measured via standardized assessments,”
Pathak said. “This is an active scholarly debate. My own view is that there is
considerable uncertainty on both sides and we need more well controlled studies
before any definitive statements can be made.”

"Studies in the broader literature usually find patterns like this: An excellent
teacher or class can have a large effect on test scores in this year or the next, but
most of the benefits have faded away within two or three years. The natural
conclusion was, of course, that these effects must be only temporary and are
unlikely to make a difference in the long run. We were surprised, then, to find a
strong relationship re-emerge between kindergarten classroom quality and adult
wage earnings!"

“What’s really surprising about our study,” Chetty says, “is that [the advantage]
comes back in adulthood.”

[DEMINGT] “I found that even though the impacts of Head Start faded out, there
were long-run impacts on the things that we really care about, like high school
graduation, college attendance, self-reported health, and then labor force
participation, so whether you were working. The interesting thing about it was
that it was actually the African-American kids and lower-income kids — kids
whose mothers had lower academic achievement — they experienced the biggest
benefits from Head Start and they had the most fade-out. It actually seemed like
fade-out was somehow predicting longer impacts.”



SUPPLEMENT: DOES FADEOUT PRECLUDE LONG-RUN ADULT EFFECTS? 13

Gopnik, 2021

[INTERVIEWER] “In the opposite of the way that you would expect?”

[DEMING] “My lesson from that is I don’t think we really know why test scores
fade out, but in this case, I don’t really care, because test scores are only useful to
the extent that they correspond to something in a kid’s life that we care about
directly.”

[DEMINGT] “The bottom-line question is whether Head Start helps kids in the
long run, and the answer is yes. My study is not the only one that finds that.”
“Does preschool help children become more successful adults? Twenty-five years
ago, I thought that there wouldn’t be a straightforward answer to this question—
development is just too complicated and hard to study. I was completely wrong.
A clever and compelling study by the economists Guthrie Gray-Lobe, Parag
Pathak and Christopher Walters has just appeared as a National Bureau of
Economic Research working paper, and the answer is clearly ‘yes.” But the
results also raise fascinating questions about how early experience influences
later life. In defense of my earlier view, development is, in fact, complicated and
hard to study. How can we tell that there aren’t other differences between
children who go to preschool and those who don’t? There are so many different
kinds of preschool programs, so many different measures of success and so many
other things that happen to children as they grow up. Wouldn’t early effects just
wash out later on?

“Some of these problems have been reflected in policy debates. Early studies of
big public programs, particularly Head Start, found that children’s grades and test
scores improved at first, but the effects faded out in elementary school. On the
other hand, some more controlled and longer-term studies found that children
who attended preschool were healthier and wealthier many years later. But these
studies looked at experimental, relatively small interventions, like the Perry
Preschool Program in Ypsilanti, Mich. In the new study, the researchers looked at
both the short- and the long-term effects of a big public preschool program, and
they took advantage of a remarkable natural experiment. In 1997, Boston decided
to offer free universal preschool, but since there were more applicants than
places, they used a lottery to decide who would get in. The result was the
equivalent of a randomized, controlled trial—the scientific gold standard for
determining cause and effect. The researchers analyzed the school records of over
4,000 students and compared children who had randomly won the lottery to those
who hadn’t. Most of the children were Black or Hispanic, and most were poor
enough to be eligible for free lunch. The results are striking, and they actually
make sense of the conflicting earlier results. As in the Head Start studies, the
Boston preschools didn’t influence short-term measures of school success,
particularly standardized test scores in elementary and middle school. But, as in
the Perry Preschool studies, there were long-term effects on other kinds of
measures.
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Von Hippel et al.,
2025

Slavin, 2017

Lehrer, 2010

Petrilli, 2018

"You’d have thought, as I once did, that preschool would have immediate effects
on elementary school performance, influence high-

school and so on, with each step leading to the next. Instead, we seem to see
‘sleeper’ effects on things like motivation and perseverance."

“Where do these ‘sleeper effects’ in adulthood come from? No one really knows.
Scholars used to talk vaguely about ‘non-cognitive skills’ that aren’t measured by
reading and math tests. Yet the Early Head Start Research and Evaluation
Program measured a variety of social and emotional outcomes—including
attentiveness, distractibility, peer relationships, ‘externalizing’ behaviors (acting
out), and ‘internalizing’ behaviors (such as withdrawal or anxiety)—and found
just as much fadeout as it did for the academic measures. At age five, the children
in the Early Head Start group were doing better than the control-group children
on many social and emotional outcomes, but by 5th grade the control group had
caught up. Head Start Impact Study data show similar patterns, where short-term
social-emotional benefits do not persist beyond the first year or two.”

"Long-term effects of effective programs are often seen, but how can there be
long-term effects if there are no short-term effects on the way? Sleeper effects are
so rare that many early childhood researchers have serious doubts about the
validity of the long-term Perry Preschool findings."

"How does preschool work its magic? Interestingly, the Perry Preschool didn't
lead to a lasting boost in IQ scores. While kids exposed to preschool got an initial
bump in general intelligence, this dissipated by second grade. Instead, preschool
seemed to improve performance on a variety of ‘non-cognitive’ abilities, such as
self-control, persistence and grit. "

"We all hope that our preferred education reforms, at least the most ambitious
ones, will ‘change the trajectories of children’s lives.” That’s particularly true for
children growing up in poverty, who typically face depressing odds of success if
they attend mediocre schools. They may drop out before finishing high school, or
they might graduate but with minimal skills. Either way, they’re unlikely to
complete postsecondary education or training or master the ‘success sequence,’
and are thus likely to work low-wage jobs and not enjoy the fruits of upward
mobility. Many will struggle to form an intact family, and their children will
grow up poor and then repeat the cycle. It’s a bleak picture...

“For all children, we hope that fantastic schools will benefit them in other long-
term ways that are important but harder to measure: encouraging them to become
active, informed citizens; identifying strengths and interests that they might put to
good use in a career; and helping them become people of good character.

“So, yes, long-term outcomes are extremely important, especially for children for
whom positive outcomes are far from assured...

“As the AEI authors write, it would be deeply disappointing if major reforms of
schools and schooling moved the needle on test scores but didn’t have a lasting
impact on kids’ lives...
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Brooks-Gunn,
2003

Ansari, 2019

“Of course, it would be unfair to apply such a high standard to small, incremental
changes, like adopting a better textbook or extending the school day. Nobody
would expect tiny tweaks to have profound impacts, such as transforming a future
high school dropout into a college graduate. But if they help lots of students
become marginally more literate or numerate, they are still worth doing.

“For major, expensive, disruptive reforms, however, stronger long-term outcomes
are not too much to ask. And of course the most effective reformers are already
aware of this. Consider KIPP, which has been obsessed from day one not just
about student achievement but also at getting its KIPPsters to and through
college, consistently tracking its numbers and refining its model. Which has
properly led the organization to look at much more than just short-term test
scores as indicators of whether their students are on track. Much of today’s
interest in non-cognitive skills grew out of this work."

Title: Do You Believe in Magic?: What We Can Expect from Early Childhood
Intervention Programs

“The large effects seen at the end of early education are not due to magic; they
are based on what is known about young children’s development, and the
conditions and circumstances that promote or impede it. The ingredients of high
quality early education are not magic, either, and may be repeated across centers,
settings, populations, and regions of the country. To expect effects to be sustained
throughout childhood and adolescence, at their initial high levels, in the absence
of continued high quality schooling, however, is to believe in magic”

“Finally, the sleeper-effects phenomena states that educational benefits of
preschool may emerge later in the life course even in the absence of initial
programmatic benefits (Clarke & Clarke, 1981). Although there has not been
much empirical evidence for sleeper effects with classic evaluations of early
childhood programs (Campbell et al., 2012; Schweinhart, 2006), which have
documented fairly consistent impacts for children throughout the life course that
carry forward (i.e., no break in the benefits of preschool), there has been growing
recognition of the sleeper effects model in the developmental literature.”
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Table S2
References Interpreting and Applying Skill-Building Theories
Reference Quote
Besser et al., “Instead, in line with the principle of self-productivity (Cunha & Heckman, 2007),
2025 which follows the idea that skills acquired in one period persist into future periods,
and that skills are self-reinforcing, we assume that the initial boost that the children
experience as a result of the teachers’ participation in the training will persist over
the course of the year between posttest and follow-up testing.”
Garber et al., “Economic theories of building human capital (Cunha & Heckman, 2007, 2008
2026 suggest a similar concept that ‘skill begets skill.” ECE programs lay the foundation

of skills on which children can continue to build skills during formal schooling. This
theory suggests that ECE programs would not only give children an advantage early
in elementary school, but that the effects of ECE programs would grow over time.
However, continued growth of positive outcomes is often not the case in studies of
ECE programs today (Abvenoli, 2019; ACF, 2012; Burchinal et al., 2024; Camilli et
al., 2010; Lipsey et al., 2018).”

Bai et al., 2020 “Our framework is based on a dynamic model of skill formation (Cunha &
Heckman, 2007; Cunha & Heckman, 2008). A child’s skill is acquired through a
multistage process. Inputs at each stage produce outputs at the next stage. Some
skills may be more productively learned at some stages than other stages, and some
investments may be more productive at some stages than at other stages. Skills
acquired in one stage can persevere and afford learning of new skills at future
stages. Cunha and Heckman (2007, 2008) call this perspective “skill begets skill”
because basic skills are required to learn more advanced skills, such that trajectories
of differences between initial-skill learners and non-learners will diverge over time.
Initial intervention effects will not fade out but rather will grow.

“Because skills developed in one period can persist and afford greater learning at
future periods (Cunha & Heckman, 2007; Cunha & Heckman, 2008), we
hypothesize persistent positive program effects for both SS and MF in their middle-
school education outcomes.”

King et al., 2023  “When viewed through the conceptual lens of developmental cascades, early
competence can generate further well-being, such that positive functioning spreads
to other domains over time (Masten & Cicchetti, 2010; Masten & Tellegen, 2012).
Generally, however, our intent-to treat analyses did not reveal cascading positive
effects of the foster care intervention. Instead, with the exception of externalizing
problems, for which we observed a sleeper effect consistent with previous analyses
in subsets of these data (Humphreys et al., 2015, Wade et al., 2023), we found that
the benefits of foster care were similar throughout development.”

Padilla-Walker et  “We expected that over several years, engagement in prosocial behavior would

al., 2020 initiate a positive developmental cascade of personal characteristics (hope,
persistence, gratitude, and self-esteem), which would subsequently protect against
the extent to which adolescents experience depressive and anxiety symptoms. These
postulates are consistent with past research (Masten et al., 2005; Obradovi¢ et al.,
2009) and the Developmental Cascades framework (Masten & Cicchetti, 2010),
which suggest that frequently it is involvement in or experience with one factor
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(e.g., prosocial behavior) that initiates a positive cascade (e.g., healthy character
traits), which in turn affects later adjustment (e.g., decreased depressive and anxiety
symptoms). Therefore, overall competence in two domains (i.e., behaviors, personal
characteristics) should beget competence in another (i.e., a reduction in internalizing
symptoms (Lerner et al., 2015; Masten & Cicchetti, 2010, p. 492).”

Wolchik et al., “A central scientific goal of developmental psychopathology is to unravel the

2025 developmental pathways that lead to positive and negative adaptation outcomes
(e.g., Cicchetti & Sroufe, 2000). One approach to studying these pathways is to
model cascading effects, or the progressive associations among various domains of
functioning over time (Masten & Cicchetti, 2010; Rutter & Sroufe, 2000). In these
models, change in a particular area of functioning is viewed as initiating a domino
effect of consequences, impacting both the initial area of adaptation and other areas
of adaptation in subsequent developmental stages (Sameroff, 2000). Studies with the
New Beginnings Program data set found support for cascade effects models in
which program-induced improvements in positive parenting led to decreases in
offspring’s internalizing and externalizing problems in late childhood/early
adolescence, which then led to lower mental health and substance use problems and
higher work, academic, and peer competencies in adolescence, which in turn led to
more adaptive functioning in emerging adulthood (Wolchik et al., 2016; 2021).”

Morawska et al.,  “Early self-regulatory processes provide a continually evolving framework, with

2019 more advanced self-regulatory processes building on mechanisms that develop
earlier and thus gradually creating more sophisticated behavior as children mature
(Eisenberg et al. 2010; Masten and Cicchetti 2010; Williams and Berthelsen 2017).
For example, better self-regulatory capacity provides a framework for children to
engage more effectively with teachers and peers in the early learning context, which
in turn contributes to improved academic outcomes, fostering a virtuous cycle for
continued improvement (Eisenberg et al. 2010; Williams and Berthelsen 2017).”

Zhang et al., 2023  “Because of the importance of understanding an intervention’s targets that are
responsible for its positive effects (Glenn et al., 2015), intervention studies with
long-term follow-ups of youth provide an opportunity to investigate the
developmental cascading pathways (Masten & Cicchetti, 2010) through which the
targeted behaviors that were modified by the intervention can lead to a chain of
positive effects across domains or systems over the course of development.”
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Study ~

Start

Post ES AdultES Avg Duration

Age

Soc-

Reporting distinctions

Treatment year (SE) (SE) n (mos) (mos) Parents emo Cog Standout intervention features (Notable differences or idiosyncrasies)
. s e “rptitns el We combined the 3-year and 2-year groups
Early Training . ’ . given that some papers reported effects for
: attitudes” of children from
Project (ETP) . s the groups together. In some cases, we
extremely disadvantaged families in . .
0.47 -0.15 . reached different conclusions about program
1963 56 30 42 X X X preparation for elementary school "
(Anderson, (0.33) (0.39) impacts than the authors because we
] entry through summer preschool .
2008; Klaus & roerammine and vear-round home combined across subgroups, whereas the
Gray, 1968) prog gancey authors often focused on moderation by
visiting.
gender.
Perry
Preschool i
; . In some cases we reached different
Project Improve the cognitive development . .
) . conclusions about program impacts than the
of children with low IQ scores from .
0.99 0.42 . o authors because we combined across
(Elango etal., 1964 100 20 42 X X X extremely disadvantaged families
- , (0.21) (0.23) . subgroups, whereas the authors often focused
2015; Garcia prior to school entry through center- on moderation by sender
& Heckman, based care and home visiting. ve '
2023; Weikart
et al., 1970)
Abecedarian o .
Preschool We focused on randomization to the initial
Proiect early childhood intervention (rather than re-
) Improve the cognitive development randomization to elementary intervention)
(Campbell & of children from “high-risk” given that this was the treatment of focus in
Ramep 1990- 1974 0.43 0.36 89 60 0 « « families prior to school entry adult follow-up papers. In some cases we
Elan }(I)’ ot al ’ (0.21) (0.25) through intensive center-based care,  reached different conclusions about program
201 53 Garci; medical services, and nutrition impacts than the authors because we
& He,ckman support. combined across subgroups, whereas the
2023; Pages é ¢ authors often focused on moderation by
al.. 2022) g
Nurse Home We used the pregnancy and infancy group as
Visitation Reduce child developmental our treatment group O.f focus. The pregnancy-
Program 021 011 prenat problems in families with young only group was not included ‘t.)ecause there
(NHVP) 1979 (0.15) (0.14) 193 28 al X X unmarried, and/or low-SES mothers are no posttest measures of child skills. The

(Eckenrode et
al., 2010; Olds

through nurse home visiting
targeting maternal wellbeing,

authors reported a deviation from “pure”
random assignment: exclusion of 46 “non-
white” participants.
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Standout intervention features

Age

Parents

parenting (e.g., maltreatment), and
economic self-sufficiency.

19

Reporting distinctions
(Notable differences or idiosyncrasies)

Start
(SE) n

Study ~
(SE)

Post ES AdultES Avg Duration
(mos) (mos)

In some cases we reached different
conclusions about early intervention effects

Treatment year

et al., 1986,
1994)

Project
Carolina
Approach to
Responsive
Education
(CARE) ~

Center-based -0.23 0.32

plus Family 1270 (0.50)  (0.48) > %6
Education

Group

(Campbell et
al., 2008,
2013)
Project
Carolina
Approach to
Responsive
Education
(CARE) ~
Family 1979 7030 008, 9%
Education (0.43) (0.41)
Group

(Campbell et
al., 2008,

2013)

Longitudinal
Comparison
Project -0.05
(Mediated 1700 (0.16)
Learning)

('8 '1082) 164 20

58

Improve the cognitive development

than the authors because the authors often
disregarded the elementary-portion of the

Improve the cognitive development
of children from “high-risk”
families through intensive center- intervention in their discussion of these
based care, parent coaching that
emphasizes problem-solving skills
and engagement in developmentally  intervention. Additionally, in some cases, we
supportive caregiving behaviors, as
well as high-quality elementary
combined across subgroups, whereas the

specific effects, whereas we treat end-of-
third-grade impacts as the end of the

reached different conclusions about program
impacts than the authors because we

schooling through third grade.
authors often focused on moderation by
gender.

Our conclusions were very similar to those of
the authors for this treatment arm, given that
the treatment generally produced non-
statistically significant impacts regardless of
moderation or estimation approach (which
were used in this group much like in the

center-based plus family education group,
described above).

of children from “high-risk”
families through parent coaching
that emphasizes problem-solving
skills and engagement in
developmentally supportive
caregiving behaviors, as well as
high-quality elementary schooling
through third grade.
Improve learning outcomes of This intervention compared two
children who qualify for special interventions: Mediated Learning and Direct
education through child-led and Instruction. We treated Mediated Learning as
scaffolded learning opportunities the “treatment” group and Direct Instruction
within the classroom to develop and as the “control” group given that Mediated
apply domain-general cognitive and Learning appeared to be the more novel
social skills (in contrast with program. The authors noted that the average
academically oriented instruction). time students spent in the intervention was
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Study ~
Treatment

(Cole et al.,
1993; Jenkins
et al., 2006)

Infant Health
and
Development

Program
(IHDP)

(Hill et al.,
2003; IHDP,
1990;
McCormick et
al., 2006)

Project Star

(Chetty et al.,
2010;
Dynarski et al.,
2013; Kreuger,
1999;
Muenning et
al., 2011,
Schanzenbach,
2006; Wilde et
al., 2011)

Start
year

Post ES AdultES Avg

(SE)

(SE)

n

Duration
(mos)

Age
(mos)

Parents

Soc-

€mo

Cog

Standout intervention features

Reporting distinctions
(Notable differences or idiosyncrasies)

1985

1985

0.39
(0.07)

0.06
(0.04)

0.00
(0.12)

0.03
(0.02)

101
6

407
3

36

44

65

Prevent behavioral, cognitive and
health problems among low-
birthweight premature infants

through center-based care, home
visiting, and parenting support

groups.

Improve student performance
through increased teacher-student
ratios in early elementary school.

1.65 years (presumably school years), and
that the modal time spent was 1 year. The
authors also noted that “posttest” assessment
occurred 8 months after pre-test
(approximately 1 school year on average).
We included the author-defined “posttests”
even though these appear to have been
collected prior to intervention end for some
participants. At least for the posttest analyses,
the authors reported a deviation from “pure”
random assignment: exclusion of participants
who had previously attended preschool
(excluded 7 is not reported).

We reached different conclusions about
program impacts than the authors because we
combined across subgroups, whereas the
authors often focused on moderation by
birthweight.

In some cases we reached different
conclusions about early intervention effects
than the authors because we regarded the
end-of-third grade impacts (when
intervention formally ended) as the end of the
intervention. Estimates were generated using
regular classrooms as the control group or
using the regular classrooms plus regular
classrooms with aides as the control group.
We included impacts generated from both
control group specifications. We reached
different conclusions about program impacts
than the authors because we included the
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Study ~ Start PostES AdultES Avg Duration  Age Parents Soc- Co Standout intervention features Reporting distinctions
Treatment year (SE) (SE) n (mos) (mos) emo & (Notable differences or idiosyncrasies)
social-emotional outcomes measured at
posttest in addition to test scores.
Impacts are for the Good Behavior Game
group. The Mastery Learning group was not
included because no adult impacts were
presented. Across assessment waves, we
reached different conclusions about program
impacts than the authors because we
combined across subgroups, whereas the
authors often reported effects by moderators
Good including cohort and gender. Importantly, the
Beh(;(\)lior Prevent psvchopathology and posttest assessments that we identified
Game 2 an tisociarl’ ‘geha\gors thr%}lllgh a appeared to have several internal validity
(GBG 2) universal classroom-based issues. First, we could only locate impacts for
0.24 0.19 . Cohort 1 and not Cohort 2. (For the adult
1986 289 20 72 X behavioral management program .
(0.22) (0.15) . . 3 follow-up, impacts were reported for both
(Dolan et al., designed to prevent disruptive . . X
1993: Kellan behaviors via peer-group cohorts, which we combined for analysis.)
’ ’ . Second, impacts were only reported for those
2008; Poduska reinforcement and reward system. o ; "
tal., 2008) within Cohort 1 who stayed in the (?ondltlon
ctal, for at least a year; hence, posttest impacts
approximate TOT versus ITT estimates.
Third, we could not locate “true” end-of-
treatment posttest data for this intervention.
Thus, we used impacts from the assessment
wave closest to the end of the intervention
which were collected 8 months into the
intervention, a year before true intervention
end.
Early Home Improve pregnancy outcomes and
}\,i losgrl:ri ;:i?l?ezvtiroflglelnﬁjge \Elllt;élsrll(g Impacts are for the Pregnancy and Postnatal
(EHVP) services that provided detailed G S LS [ UL T W
0.08 0.09 prenat . included because there are no posttest
1991 671 27 X X health and wellbeing support across . .
; (0.08) (0.09) al X . measures of child skills. When adult
(Conti et al., pregnancy, education on caring for
2024; the health and development of outcomes were BRI SP Ry
Donelan- young children, and support with EETHCENGEDG DO G
McCall et al.,

life planning and problem solving.
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Study ~ Start PostES AdultES Avg Duration  Age Soc- . . Reporting distinctions
Treatrillent year (SE) (SE) n ¢ (mos) (m%)s) Parents emo Cog Standout intervention features (Notable di]%’erenges or idiosyncrasies)
2021; Kitzman
etal., 1997,
2019; Olds et
al., 2014)
Multimodal
Treatment
Study of
ADHD (MTA)
Improve symptoms of children with
(H;Ch;glg ;1 ct ADHD through multipronged Impacts are for the Behavioral Treatment
iy ’ behavioral intervention including an  group. We excluded the medication only and
Jensen et al., 0.06 -0.08 . . . C .
2007- 1992 (0.13) (0.14) 245 14 101 X X intensive therapeutlp summer camp, medlce}non plus behavioral groups because
Langber’g of tf.:a.cher consulta.tlon and parept they did not fit our cqnceptual}zatlon of an
al.. 2010: training by therapllst, and part-time educational intervention.
MTA, 1999, para-educator in classrooms.
2004;
Swanson et al.,
2017; Wells et
al., 2006)
New
Beginnings ~
Mother-only
and dual-
component Prevent negative effects of divorce
groups on children (e.g., substance use and
social-emotional problems) through ~ Some papers reported impacts in the context
(Mahrer et al., 1992 0.05 0.13 240 3 124 « « sessions targeting child coping of complex SEM models. As such, in some
2014; Rhodes (0.14) (0.14) strategies, positive parenting cases we had to estimate effects from
etal., 2019; behaviors, and mothers’ descriptive information.
Sigal et al., management of conflict.
2012; Vélez et
al., 2011,
Wolchick et
al., 2013,

2021)
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Study ~
Treatment

Good
Behavior
Game (GBG)~
Classroom

(Bradshaw et
al., 2009;
Ialongo et al.,
1999; Musci et
al., 2018;
Wang et al.,
2012;
Saunders,
2007)
Good
Behavior
Game (GBG)~
Family

(Bradshaw et
al., 2009;
Ialongo et al.,
1999; Musci et
al., 2018;
Saunders et al.,
2007; Wang et
al., 2012)
Project Family
~ Preparing for
the Drug-Free
Years Group

(Mason et al.,
2003, 2007,
2009; Park et
al., 2000;
Spoth et

Start PostES AdultES Avg Duration  Age Parents Soc- Co Standout intervention features Reporting distinctions
year (SE) (SE) n (mos) (mos) emo & (Notable differences or idiosyncrasies)
Prevent psychopathology and In some cases we reached different
antisocial behaviors through a conclusions about program impacts than the
universal classroom-based enriched authors because we combined across
1993 0.07 0.29 403 ] 74 X X curriculum and behavioral subgroups, whereas the authors often
(0.21) (0.16) management program designed to reported effects by moderators including
prevent disruptive behaviors through gender. We estimated some impacts from
peer-group reinforcement and papers that were not focused specifically on
reward system. identifying intervention impacts.
Prevent psvchopathology and In some cases we reached different
antisocizl}t])ehag/iors th%(})]u h conclusions about program impacts than the
T [ trengtghen authors because we combined across
1993 ~0.03 0.18 403 8 75 X X X parent-teacher partnerships and SILGOTEE), TR f autholrs oftep
(0.21) (0.16) arents’ eneagement in at-home reported effects by moderators including
Ps gag . gender. We estimated some impacts from
enrichment to support academic and .
ehshorail deve e papers that were not focused specifically on
' identifying intervention impacts.
Reduce the risk of early substance :"herér;t;rl\;:;tloonn\;vzrigoer?tt}llrréﬁeci)tool:ilf;
use initiation through a universal apPr Y oy
roeram to strenethen parent-child estimation, posttest effects were collected 6
prog [0 streng e‘ pareit-cat to 9 months after program end (6 and 9
1993 0.06 0.23 363 1 136 X X relationships, parents' understanding reported in different papers) thus posttest
(0.15) (0.16) of risk factors that shape substance p pap P

use, and parents' strategies for
supporting youths' positive
behaviors.

assessments were delayed. We estimated
some impacts from papers that were not
focused specifically on identifying
intervention impacts.
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Study ~ Start PostES AdultES Avg Duration  Age Soc- . . Reporting distinctions
Treatment year (SE) (SE) n (mos) (mos) Parents emo Cog Standout intervention features (Notable differences or idiosyncrasies)
al., 2006,
2008a, 2009a)
Project Family
Strengthening The intervention was estimated to be
o Prevent substance use and other .
Families 3 approximately two months but, by our
problem behaviors through a e
Group : estimation, posttest effects were collected 6
universal program for parents and
. . to 9 months after program end (6 and 9
0.12 0.39 children to strengthen their .
(Spoth et al., 1993 374 2 136 X X . . . e . reported in different papers) thus posttest
(0.15) (0.16) relationships, children's life skills .
1999, 2002, . . assessments were delayed. We estimated
and substance resistance strategies, .
2006, 2008a, and parents' strategies for SUDPOrtin some impacts from papers that were not
2008b, 2009a, P ouths' bosi ti%/ o behaVi(I))rI; & focused specifically on identifying
2009b, 2013; y p ’ intervention impacts.
Trudeau et al.,
2012)
Project While the authors stated in many papers that
Alliance #1 Prevent adolescent problem the intervention ended prior to high school,
behaviors through a universal they note at least once that Family Check-Up
(Gardner et al., ecological intervention for parents  was offered in high school. We treated eighth
2008; Panza, with multiple levels including light-  grade as posttest nonetheless. We estimated
2019; Van 1997 0.03 0.00 829 20 147 X X touch family resource center, parent-  all impacts from correlation matrices reported
Ryzin et al., (0.07) (0.07) focused intervention that appraises in papers that either used complex SEM
2013; Van child-level risks and advises on models or were not specifically focused on
Ryzin & appropriate responsive parenting identifying intervention impacts, hence
Dishion, 2012; behaviors, as well as referrals for differences in the statistical significance and
Zhang et al., additional intervention. magnitude of author-reported effects versus
2024) our effects.
Reading Improve reading skills of students
Remediation with poor word-learning skills
0.53 0.24 through daily, individualized, one- T
(Blachman et 1998 (0.25) (0.27) 69 8 93 on-one tutoring in “phonologic and IO GRS
al., 2004, orthographic connections in words
2014) and text-based reading.”
Capable Prevent early substance use In some cases we reached different
Families and 1999 0.10 0.17 137 16 148 initiation through universal program  conclusions about early intervention effects
Youth (0.15) (0.18) 2
Strengthening

for parents and children to
strengthen parent-child

than the authors because we treated the end
of eighth grade (post-booster sessions) as the
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Standout intervention features

Soc- Cog

25

Reporting distinctions
(Notable differences or idiosyncrasies)
end of intervention, whereas the authors

Study ~
Treatment

Start
year

Post ES AdultES Avg Duration

(mos)

Parents
emo
relationships, children's life skills

and substance resistance strategies,

treated the end of seventh grade as the end of
the intervention. While not reported
consistently across papers, the authors did

Families
Program

(Spoth et al.,
2002, 2005,
2006, 2008,

2013; Trudeau

et al., 2003,
2016)

PROSPER
Family- and
School-
focused
Intervention

(Redmond et
al., 2009;
Spoth et al.,
2011, 2013,
2017, 2022)
Chicago

School
Readiness

Project

(CSRP)

(Raver et al.,
2009, 2011;
Watts et al.,

2023)

(SE)  (SE)  n
0.07 0.05
2003 012y (028)
0.50 0.06
2005 18y (0.19)

101
70

463

and parents' strategies for supporting
youths' positive behaviors.

Prevent substance use and problem

behaviors through community-level

universal intervention systems for
parents and children to strengthen

note that there were additional booster
sessions for a subset of students in the
treatment groups in eleventh grade. We
treated eighth grade as posttest nonetheless.
We combined the Parents & Youth plus Life
Skills Training group and Life Skills
Training group because some papers reported
effects for the groups together. We estimated
some impacts from papers that were not
focused specifically on identifying
intervention impacts.

In some cases we reached different
conclusions about early intervention effects
than the authors because we treated the end
of eighth grade (post-booster sessions) as the

X parent-child relationships, children's
life skills and substance resistance
strategies and parents' strategies for

supporting youths' positive
behaviors.

136 X

Improve school readiness,
particularly emotional and
behavioral adjustment, among
children from disadvantaged
52 families through training program to
improve Head Start teachers'
capacities to manage behavioral
dysregulation including one-on-one
support for teachers from mental
health consultants.

end of intervention, whereas the authors
reported and discussed effects assessed at
earlier waves.

No major distinctions.
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Study ~
Treatment

Charter
Middle
Schools

(Clark et al.,
2015; NCEE,
2019)

Higher
Achievement

(Herrera et al.,
2013; Garcia
et al, 2020)

Knowledge is
Power
Program
(KIPP)

(Coen et al.,
2019; Demers
etal., 2023;
Tuttle et al.,
2013)

Project
Alliance #2

(Danzo et al.,
2020; Fosco et
al., 2013,
2016;
Stormshak,
2018)

Start PostES AdultES Avg Duration  Age Cog Standout intervention features Reporting distinctions
year (SE) (SE) n (mos) (mos) (Notable differences or idiosyncrasies)
Improve middle school students’
-0.06 0.03 203 learning through charter schools T
2006004y (004 0 30 138 X with freedom and flexibility to IO GRS
innovate.
In some cases we reached different
Set motivated students from under- conclusions about early intervention effects
resourced schools on a college- than the authors because the authors focused
going trajectory through afterschool ~ on intermediary treatment effects estimated
2007 0.29 -0.01 719 4 118 X and summer programming that while the intervention was still ongoing,
(0.08) (0.07) supports academic achievement, whereas we only focus on posttest effects. Of
social-emotional skill development, note, we did not include the high school
and application to high-quality high attendance-related outcomes in our sample
schools. because they did not meet our criteria for
cognitive or social-emotional outcomes.
Improve academic achievement, and
ultimately high school graduation “True” posttest data collected after
and college attendance, for students  intervention end was not provided. Thus, we
0.14 0.05 from famiilies with 10v§/ incomes considered the Terranova assessments, which
2009 (0' 06) (0' 06) 590 38 126 X through a high-expectations charter ~ were the assessments closest to the end of the
’ ’ school that seeks to increase intervention, as posttest impacts. These were
children and families' engagement collected 14 months before the end of
(i.e., time and effort) in the treatment, on average.
educational process.
Prevent adolescent problem
beha.v10r.s through a universal We estimated all impacts from correlation
ecological intervention for parents ) . .
) . . L matrices reported in papers that either used
with multiple levels including light-
. complex SEM models or were not
2013 0.03 0.09 488 32 132 touch family resource center, parent- specifically focused on identifying
(0.09) (0.14) focused intervention that appraises

child-level risks and advises on
appropriate responsive parenting
behaviors, as well as referrals for
additional intervention.

intervention impacts, hence differences in the
statistical significance and magnitude of
author-reported effects versus our effects.
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Study ~ Start PostES AdultES Avg Duration  Age Parents Soc- Co Standout intervention features Reporting distinctions
Treatment year (SE) (SE) n (mos) (mos) emo & (Notable differences or idiosyncrasies)
Stavin Prevent middle schoolers
Conng’c tegd _ engagement in risky behaviors
through program for parents and . .
Parent and . . In some cases we reach different conclusions
Adolescent Earl Al s Eie Eimly about program impacts than the authors
olesce y -0.13 0.00 protective factors (e.g., prog P
Administered  2000s 224 2 164 X X S . . because we combined across subgroups,
- (0.19) (0.19) communication, bonding, child whereas the authors often focused on
R engagement, reduced conflict) so moderation by race
al ggzeo()}; © that the family system promotes Y '
'2’ 015) ’ positive socialization (delivered in
person).
Stavin Prevent middle schoolers
Conng’c tegd _ engagement in risky behaviors
Self- through program for parents and In some cases we reached different
d e tered children to strengthen family conclusions about program impacts than the
v?itlrln'znlls Zen Early -0.12 0.05 protective factors (e.g., authors becausg wg combirlfed across
CIePAONE 50005 ) ’ 213 2 164 X X communication, bonding, child
support * (0.19) (0.20) engagement, reduced conflict) so subgroups, whereas the authors often
(Haggerty that the family system promotes reported effects b}; E:;rzlé)derators including
lggZe()O}; © positive socialization (self- ’
a 2’ 015) ’ administered with remote
oversight).
Prevent substance use and conduct
Strong African roblems among Black students
g . p . g .
Amery;an Late th?ough SR il P arent and{or We estimated some impacts from papers that
Families 90s- child to strengthen family protective were not focused specifically on identifyin
(SAAF) > -0.07 0.20 factors (e.g., communication, racial . ocused sp Y ying
Early 641 8 134 X X SO . intervention impacts. Posttest effects were
(0.34) (0.33) socialization strategies, d Iv by foll d
(Brody et al UL expectations) and children’s life presented separately by follow-up data
N * g . ) availability; we combined estimates.
2020; Miller et skills (including response strategies ’
al., 2014) to racist encounters, planning skills,
peer pressure resistance).
Average 1991 0.14 0.04 916 26 85 72% 93%  52%
g 0.04)  (0.01) ° ° °

Notes: “Avg. n” reflects the average total sample size at posttest for each intervention, averaged across all coded outcomes. Duration in months reflects duration from intervention start to end (e.g., an intervention
that operated from the beginning of first grade until the end of second grade would be 20 months). The “Parents” “Soc-emo” and “Cog” columns indicate whether each of these factors were targeted by the
treatment. “Soc-emo” refers to social-emotional skills. “Cog” refers to cognitive skills. *For some interventions, it was not possible to deduce the exact year that the intervention started; the years that are indicated
are our best guess of when the intervention started. The posttest and adult effect sizes and standard errors presented for each intervention are unweighted averages for outcomes measured at the respective assessment
wave. The average effect sizes presented at the bottom of the table are from Table S5, Panel B.



SUPPLEMENT: DOES FADEOUT PRECLUDE LONG-RUN ADULT EFFECTS? 28

Figure S1
Effect Size Calculation Decision Flow

** Note: boxes outined in red indicate|
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Notes: This decision flow chart must be viewed on a computer at high magnification. Please contact the authors for a readable print version.



SUPPLEMENT: DOES FADEOUT PRECLUDE LONG-RUN ADULT EFFECTS? 29

Figure S2
Alternative Standard Errors Calculation Decision Flow

( ] Effect Size
** Note: boxes outlined in red indicate
cases where the "pre-test

adjustment" was used (see

discussion in supplement text).
PP ) We calculated using descriptives

Author-reported

** Note: boxes outlined in blue 1 [ 1

Odds ratio/risk

ratiof adjusted risk
ratio/hazard ratio

indicate cases in which the “cluster
adjustments” may or may not have Continuous outcomes In SD units
been applied (see discussion in (.g., cohen's d)

supplement text).
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Notes: This decision flow chart must be viewed on a computer at high magnification. Please contact the authors for a readable print version.
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Table S4
Descriptive Information on Posttest and Adult Impacts

Mean (SE) 95% Prediction Interval Studies Interventions Outcomes

1) (2) A3) “4) 5)
Posttest outcomes 0.15 (0.05)** [-0.35, 0.65] 25 29 179
Cognitive 0.24 (0.07)** [-0.36, 0.83] 16 18 47
Social-emotional 0.08 (0.04) [-0.26, 0.43] 17 21 132
Adult Outcomes 0.11 (0.03)*** [-0.13, 0.35] 25 29 497
Substance use 0.11 (0.04)* [-0.18, 0.41] 13 16 137
Education 0.14 (0.04)** [-0.18, 0.46] 16 18 112
Psychological 0.09 (0.03)* [-0.12, 0.29] 15 17 72
Other 0.04 (0.03) [-0.19, 0.26] 16 18 48
Employment 0.18 (0.08) [-0.27, 0.63] 8 9 43
Cognitive 0.28 (0.14) [-0.68, 1.23] 7 7 30
Crime 0.18 (0.07) [-0.26, 0.61] 5 5 28
Health 0.10 (0.09) [-0.44, 0.65] 8 9 21
Social services 0.14 (0.13) [-0.67, 0.96] 4 4 6

Notes: This table provides information on the outcomes that compose the posttest and adult impacts in
our sample. All meta-analytic averages were estimated using inverse sampling variance weighting, a
random effect for study, and cluster-robust standard errors (with clustering at the study level).

*p <.05, ¥ p< .01, *** p<.001
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Table S5
Average Intervention Effects Across Assessment Waves
Posttest 6-12mo follow-up 1-2yr follow-up Adult follow-up

1) 2) A3) “4)
Panel A: All Outcomes
Mean (SE) 0.15 (0.05)** 0.10 (0.05)* 0.13 (0.05)* 0.11 (0.03)***
95% Prediction interval [-0.35, 0.65] [-0.24, 0.45] [-0.18, 0.44] [-0.13, 0.35]
Tstudy 0.24 0.15 0.13 0.11
P 72 51 34 69
Obs (study/int/outcomes) 25/29/179 15/18/94 10/13/67 25/29/497
Panel B: Intervention-Level Averages for All Outcomes
Mean (SE) 0.14 (0.04)** 0.07 (0.03) 0.06 (0.01) 0.04 (0.01)*
95% Prediction interval [-0.18, 0.46] [-0.05, 0.19] [-0.02, 0.14] [0.00, 0.09]
Tstudy 0.15 0.04 0.00 0.00
P 67 37 0 0
Obs (study/int/outcomes) 25/29/29 15/18/18 10/13/13 25/29/29
Panel C: Intervention-Level Averages for Aligned Outcomes
Mean (SE) 0.20 (0.11) 0.15 (0.06)* 0.08 (0.07) 0.10 (0.06)
95% Prediction interval [-0.58, 0.99] [-0.29, 0.58] [-0.30, 0.46] [-0.13, 0.32]
Tstudy 0.33 0.18 0.11 0.07
P 70 48 29 0
Obs (study/int/outcomes) 10/13/57 10/13/57 5/8/24 10/13/13

Notes: All meta-analytic averages were estimated using inverse sampling variance weighting, a random effect for study, and cluster-robust
standard errors (with clustering at the study level). Negative I? statistics were rounded to zero. “Aligned groups” were cases where the same
intervention assessed the same construct using the same measure at posttest, 6- to 12-month follow-up, and potentially 1- to 2-year follow-up.
*p <.05, ¥ p< .01, *** p<.001
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Figure S3
Intervention-Level Assessment Timelines
Project Alliance #2 ——————o—o—
Project Alliance #1 -
Staying Connected ~ Self-administered —o——o—
Staying Connected ~ Parent & Adolescent —————o—
Higher Achievement —
PROSPER ——————o—
Capable Families and Youth Strengthening Families Program oo
Charter Middle Schools —————
Knowledge is Power Program
Project Family ~ Strengthening Families —o——o—o—
Project Family ~ Drug-Free Years —————o—so
Strong African American Families
New Beginnings .
Multimodal Treatment Study of ADHD eoo—————————————
Project STAR —o
Reading Remediation -

Project CARE ~ Home Visiting
Project CARE ~ Center & Home Visiting
Good Behavior Game 1 ~ Family ——————————o

Good Behavior Game 1 ~ Classroom ——————————+o
Good Behavior Game 2
Longitudinal Comparison Project
Early Training Project -

Perry oo

Abecedarian oo~
Chicago School Readiness Project
Infant Health and Development Project —
Nurse Home Visitation Program o
Early Home Visting

I I I I I I I I I I I
0 5 10 15 20 25 30 35 40 45 50

Age at Assessment (in years)

Notes: Each line portrays the assessments collected for each intervention in the sample. Red coordinates
reflect posttest assessments. Orange coordinates reflect medium-term follow-up assessments occurring 6
to 12 months after intervention end. Blue coordinates reflect adult follow-up assessments collected as
early as when participants graduated high school/turned 18 years old.

I
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Figure S4
Trajectories of Average Effects for Each Intervention with Outcome Level Effects Displayed
1.8
1.6
14+

1.2+

Effect Size

T T T T
Posttest 6-12mo  1-2 yr Adult

Time Since Posttest

Notes: Each line reflects intervention-level averages across time, with coordinates weighted by
the posttest inverse sampling variances. The coordinates that are not connected to the lines
reflect the individual impacts that contributed to the intervention-level averages with weighting
by the concurrent inverse sampling variance. The black line depicts the meta-analytic averages at
each assessment wave, estimated in R using inverse sampling variance weighting, a random
effect for study, and cluster-robust standard errors (with clustering at the study level). The black
error bars reflect 95% cluster-robust confidence intervals. The gray shaded region reflects the
95% prediction intervals. For visualization purposes, four effects that were less than -.80 SD
were removed from this figure.
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Table S6
Conditional Persistence Rates for Aligned Outcomes
6- to 12-month follow-up 1- to 2-year follow-up
@) 2

Intercept 0.05 (0.03) 0.04 (0.006)
Posttest 0.51 (0.13)* 0.26 (0.08)
Tstudy 0.07 0.06
P 0 16
Obs (study/int/outcomes) 10/13/57 5/8/24

Notes: This table presents the association between posttest and medium-term follow-up impacts at 6- to
12-months and 1- to 2-year follow-up. Only “aligned groups” in which the same construct was assessed
using the same assessment over time were included. Both models were executed using follow-up inverse

sampling variance weighting, a random effect for study, and cluster-robust standard errors (with
clustering at the study level).

*p <.05, ** p<.01, *** p <.001
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Table S7
Adult Follow-Up Impacts Predicted by Posttest and Medium-term Follow-Up Impacts
Has 6- to 12-month data Has 1- to 2-year data
All All outcomes Aligned All All Aligned All All Aligned
outcomes & IntRE outcomes outcomes outcomes outcomes outcomes outcomes outcomes
() 2 (€)] “4) (6] (6) )] (6] (©)]
Intercept 0.03 (0.01)  0.03 (0.01) 0.08 (0.06) 0.07 (0.04)  0.06 (0.04) 0.10 (0.06) 0.01 (0.04) 0.07 (0.05) 0.10 (0.09)
Posttest 0.13(0.12)  0.13(0.12) 0.14 (0.21) 0.34 (0.07)* 0.24 (0.17)
6- to 12-month
follow-up 0.27 (0.09) 0.00 (0.32)
1- to 2-year *
follow-up 0.94 (0.22) 0.71 (0.34)
T 0.00 0.00 0.08 0.06 0.06 0.08 0.04 0.09 0.13
r 0 0 0 0 0 0 0 16 0
Obs . 25/29 25/29 10/13 15/18 15/18 10/13 10/13 10/13 5/8
(study/int)

Notes: This table presents estimates from regression models predicting adult follow-up impacts (intervention-level averages) using posttest and
medium-term follow-up impacts. All models except for that presented in Column 2 were executed using inverse sampling variance weighting, a
random effect for study, and cluster-robust standard errors (with clustering at the study level). Column 2 indicates the associations among posttest
and adult follow-up impacts in the full sample using an intervention-level random effect (as opposed to a study-level random effect), inverse
variance weighting, and cluster-robust standard errors (at the study level). Columns 1, 4, and 5 indicate estimates from models predicting
intervention-level-average adult impacts by intervention-level-average posttest, 6- to 12-month follow-up, and 1- to 2-year follow-up impacts,
respectively. Columns 5 and 8 report predictions from posttest to adult follow-up using only data from the interventions that had 6- to 12-month or
1- to 2-year data, respectively. Columns 3, 6, and 9 report the associations among posttest and medium-term follow-up impacts and adult impacts
using only “aligned groups” in which the outcomes and instruments were consistent across posttest and medium-term follow-up waves. Negative I*
statistics were rounded to zero.

*p <.05, ** p<.01, *** p <.001
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Table S8
Adult Follow-Up Impacts Predicted by Posttest Impacts with Each Study Dropped

Dropped Study Slope Intercept
Abecedarian 0.11 (0.12) 0.04 (0.01)
Capable Families and Youth Strengthening Families Program 0.13 (0.12) 0.03 (0.01)
Chicago School Readiness Project 0.14 (0.13) 0.03 (0.01)
Early Home Visiting 0.13 (0.11) 0.03 (0.01)
Early Training Project 0.14 (0.12) 0.03 (0.01)
Good Behavior Game 2 0.12 (0.12) 0.03 (0.01)
Good Behavior Game 0.14 (0.11) 0.03 (0.01)
Higher Achievement 0.21 (0.10) 0.03 (0.02)
Infant Health and Development Program 0.17 (0.13) 0.03 (0.01)
Knowledge is Power Program 0.13 (0.12) 0.03 (0.01)
Longitudinal Comparison Project 0.13 (0.12) 0.04 (0.01)
Multimodal Treatment Study of ADHD 0.13 (0.12) 0.04 (0.01)
New Beginnings 0.13 (0.11) 0.03 (0.01)
Nurse Home Visitation program 0.12 (0.12) 0.03 (0.01)
PROSPER 0.13 (0.12) 0.03 (0.01)
Perry 0.04 (0.10) 0.04 (0.01)
Project Alliance #1 0.13 (0.12) 0.04 (0.02)
Project Alliance #2 0.13 (0.11) 0.03 (0.01)
Project CARE 0.13 (0.12) 0.03 (0.01)
Project Family 0.14 (0.11) 0.03 (0.01)
Project Star 0.12 (0.12) 0.05 (0.02)
Reading Remediation 0.12 (0.12) 0.04 (0.01)
Staying Connected 0.13 (0.12) 0.03 (0.01)
Strong African American Families 0.13 (0.12) 0.03 (0.01)
Charter Middle Schools 0.13 (0.14) 0.03 (0.02)

Notes: This table presents estimates from regression models predicting adult follow-up impacts
using posttest impacts, both at the intervention-average level. In each model, a different study was
dropped. All models were estimated using inverse sampling variance weighting, a random effect
for study, and cluster-robust standard errors (with clustering at the study level).

*p <.05, ** p <.01, *** p <.001
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Figure S5
Using Our Estimates to Forecast the Long-Run Effects of Other Interventions

1

Adult Follow-up Effect Size

-4 -2 0 2 4 .6 .8 1
Posttest Effect Size

Notes: The black coordinates represent the average posttest and adult follow-up impact for each
intervention in our sample (n = 29 intervention groups). The black solid line reflects the association
between average posttest and adult follow-up effects in our sample. The black dashed line indicates the
meta-analytic average of adult impacts (.04 SD). The red coordinates reflect intervention-level posttest
averages from the MERF sample for which adult follow-up impacts were not measured and/or reported (n
= 95 intervention groups). As such, the corresponding adult follow-up effect sizes reflect imputed values,
estimated using the regression-based intercept and slope computed with our data. The red dashed line
indicates the meta-analytic average of these imputed values (.06 SD; posttest standard errors were used as
weights). All coordinates are weighted by the inverse sampling variances. (For observed adult impacts
from our sample, the adult impact variances are used. For imputed adult impacts from the MERF sample,
weighting relies on the variances of the posttest effects.) To maintain the same axes as other figures, this
figure drops 7 interventions from the MERF sample that had average posttest impacts that were greater
than 1.
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Figure S6

Funnel Plots for Posttest, Medium-Term Follow-Up, and Adult Follow-Up Impacts
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Notes: Each coordinate reflects one effect size for one outcome. Gray lines represent 95% confidence
intervals. Note that the standard error scale is much larger than that for posttest and medium-term follow-

up impacts.
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Figure S7
P-curves for Posttest, Medium-Term Follow-Up, and Adult Follow-Up Impacts
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Power estimate: 98%, C1(95%,99%
~~~~~~~ Null of no effect
83% Tests for right-skewness: Pru <.0001, Pyar <.0001
\ ===~ Null of 33% power
\ Tests for flatness: pryi >.9999, Pray >.9999, p 9999
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Note: The observed p-curve includes 35 statistically significant (p < .05) results, of which 31 are p < .025.

There were 144 additional results entered but excluded from p-curve because they were p > .05.

1- to 2-year Impacts
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Note: The observed p-curve includes 16 statistically significant (p < .05) results, of which 10 are p < .025.

There were 51 additional results entered but excluded from p-curve because they were p > .05.
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6- to 12-month Impacts

- ——— Observed p-curve
Power estimate: 57%, C1(30%,78
------- Null of no effect
Tests for right-skewness: Prus <.0001, Pyay =.0002
— = == Null of 33% power
Tests for flatness: Pru = 9255, Pray = 8781, p 9999
53%
I T T T 1
.01 .02 .03 .04 .05
p-value

Note: The observed p-curve includes 19 statistically significant (p < .05) results, of which 15 are p < .025.
There were 75 additional results entered but excluded from p-curve because they were p > .05.

Adult Impacts

- ——— Observed p-curve
Power estimate: 84%, CI(77%,89%)

Null of no effect

Tests for right-skewness: Prus < .0001, Py <.0001
— = == Null of 33% power
Tests for flatness: Pryi >.9999, Pras >.9999, pg 9999

52%

.03
p-value

.01 .02

Note: The observed p-curve includes 92 statistically significant (p < .05) results, of which 69 are p < .025.
There were 404 additional results entered but excluded from p-curve because they were p > .05.

Notes: Each figure presents the p-curve for p-values of the outcomes contributing effects at each
assessment wave. Figures were created on p-curve.com (Simonsohn, Nelson, & Simmons, 2015).
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Table S9
Selection Models

Assessment Wave Original Est [95% CI]  Adjusted Est [95% CI] Adjusted Est / Original Est

(@) 2) 3)

Panel A: Stanley & Doucouliagos (2014) PET Model
Posttest 0.1510.05, 0.26] 0.09 [-0.06, 0.24] 60%
6- to 12-mo Follow-up 0.10[0.01, 0.20] 0.02 [-0.06, 0.10] 20%
1- to 2-year Follow-up 0.130.02, 0.23] 0.03 [-0.03, 0.09] 23%
Adult Follow-up 0.11[0.06, 0.17] 0.01 [-0.03, 0.05] 9%
Panel B: Vevea & Woods (2005) Selection Model
Posttest 0.1510.05, 0.26] 0.12[0.08, 0.16] 80%
6- to 12-mo Follow-up 0.100.01, 0.20] 0.1210.07, 0.17] 120%
1- to 2-year Follow-up 0.1310.02, 0.23] 0.13[0.09, 0.17] 100%
Adult Follow-up 0.11[0.06, 0.17] 0.11[0.09, 0.13] 100%
Panel C: Pustejovsky, Joshi, & Citkowicz (2025) Selection Model (2 steps)
Posttest 0.1510.05, 0.26] 0.22 10.06, 0.38] 147%
6- to 12-mo Follow-up 0.100.01, 0.20] 0.02 [-0.03, 0.22] 20%
1- to 2-year Follow-up 0.1310.02, 0.23] 0.03 [-0.01, 0.07] 23%
Adult Follow-up 0.11[0.06, 0.17] 0.15[0.03, 0.29] 136%
Panel D: Pustejovsky, Joshi, & Citkowicz (2025) Selection Model (9 steps)
Posttest 0.1510.05, 0.26] 0.28 [-0.45, 0.48] 187%
6- to 12-mo Follow-up 0.100.01, 0.20] 0.17 [-0.04, 0.46] 170%
1- to 2-year Follow-up 0.1310.02, 0.23] -0.00 [-0.29, 0.12] 0%
Adult Follow-up 0.110.06, 0.17] 0.06 [-0.18, 0.29] 55%

Note. Panel A reports the original effect sizes and adjusted effect sizes from the PET model which controls for
the effect sizes’ accompanying standard error (Stanley & Doucouliagos, 2014). As such, the adjusted estimates
reflect anticipated intervention impacts when effect sizes are perfectly precise (i.e., zero). Panel B reports
original and adjusted effect sizes estimated using a weight-function model with cut-points and weights as
detailed in Vevea and Woods (2005). Weights were set as follows to reflect patterns of selective reporting if p-
values dictated publishing: effects associated with a p < 0.01 were set to have a weight of 1 (an assumption that
100% of effects of this statistical significance are published if selection biases are at play), p <.05 is setto .9, p
<.50is setto .70, and p <1 is set to .50. Panel C reports original and adjusted estimates using an alternative
weight function that accounts for dependencies in the data developed by Pustejovsky, Joshi, and Citkowicz
(2025). The model estimated the adjusted effect as well as the likelihood that findings with p > .025 to p <.50
and p > .50 to p < 1 would be reported relative to p <.025. The model was estimated with 1,000 bootstraps
(bootstrap = “two-stage”). Panel D reports estimates using a 9-step version of the Pustejovsky et al. selection
model with steps at .025, .05, .10, .20, .30, .40, .50, .70, and .90.
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Figure S8

Funnel Plots Using Alternative Standard Errors
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Notes: Each coordinate reflects one effect size for one outcome. Gray lines represent 95% confidence
intervals. Note that the standard error scale is much larger than that for posttest and medium-term follow-
up impacts. Standard errors reflect alternative standard errors computed through more complex methods

(see Figure S2).
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Figure S9
P-curves Using Alternative Standard Errors
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6- to 12-month Impacts
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Note: The observed p-curve includes 19 statistically significant (p < .05) results, of which 15 are p < .025.
There were 75 additional results entered but excluded from p-curve because they were p > .05.

Adult Impacts
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Note: The observed p-curve includes 52 statistically significant (p < .05) results, of which 30 are p < .025.
There were 445 additional results entered but excluded from p-curve because they were p > .05.

Notes: Each figure presents the p-curve for p-values of the outcomes contributing effects at each
assessment wave. P-values were estimated using the alternative standard errors computed through more
complex techniques. Figures were created on p-curve.com (Simonsohn, Nelson, & Simmons, 2015). We
used alternative standard errors computed through more complex methods (see Figure S2).
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Table S10
Primary Results Using Alternative Weighting Approaches and the Correlated-and-Hierarchical Model
Averages Predicting
Posttest 6- to 12-month 1- to 2-year Adult adult impacts
(1) follow-up follow-up ) (5)
2) 3)
Panel A: No Weights
Intercept 0.13 (0.06)* 0.13 (0.006) 0.12 (0.04)* 0.11 (0.03)** 0.09 (0.03)*
Posttest 0.15 (0.12)
Tstudy 0.15 0.04 0.00 0.00 0.00
r 67 37 0 0 0
Obs (study / int) 25/29 15/18 10/13 25729 25729
Panel B: Alternative SE Calculations
Intercept 0.13 (0.04)** 0.07 (0.03) 0.06 (0.01) 0.04 (0.01)* 0.03 (0.01)
Posttest 0.13 (0.13)
Tstudy 0.14 0.04 0.00 0.00 0.00
r 66 37 0 0 0
Obs (study / int) 25/29 15/18 10/13 25729 25729
Panel C: Sample Size Weighting
Intercept 0.16 (0.05)**  0.14 (0.06)* 0.11 (0.03)* 0.10 (0.02)*** 0.07 (0.02)**
Posttest 0.21 (0.11)
Tstudy 0.24 0.23 0.09 0.10 0.10
r 94 88 84 82 82
Obs (study / int) 25/29 15/18 10/13 25729 25729
Panel D: Correlated-and-Hierarchical Effects Model
Intercept 0.14 (0.04)**  0.09 (0.03)* 0.10 (0.03)* 0.06 (0.02)** 0.03 (0.01)
Posttest 0.16 (0.11)
Tp / Ty 0.14/0.17 0.00/0.17 0.00/0.11 0.00/0.21 0.00/0.00
P 78 66 52 85 0
Obs (study / int / outcome)  25/29/179 15/18/94 10/13/67 25/29 /497 25/29

Panel E: Avg. Posttest Linked with Each Adult Outcome (Correlated-and-Hierarchical Effects Model)

Intercept 0.15 (0.05)** 0.06 (0.02)** 0.03 (0.01)*
Posttest 0.32 (0.09)*
Ty / Ty 0.19/0.00 0.00/0.21 0.00/0.20

P 0 85 85

Obs (study / int / outcome)  25/29 /497 25/29 /497 25/29/497

Notes: This table presents the meta-analytic averages at posttest, medium-term follow-up, and adult impacts and the association
between posttest and adult impacts using three different weighting approaches. Models were estimated using inverse sampling
variance weighting, a random effect for study, and cluster-robust standard errors (with clustering at the study level). Negative I?
statistics were rounded to zero. Panel A presents estimates computed without weighting. Panel B reports estimates from models
using alternative standard errors that were computed with more intensive calculations (see Figure S2 for details). Panel C
presents estimates from a model in which sample-size weights were used (i.e., for columns 1, 2, and 3 concurrent intervention-
level average sample sizes were used, in column 4 the intervention-level average of sample sizes for adult impacts was used).
Panel D presents estimates from the CHE model (Pustejovsky & Tipton, 2022). Columns 1, 2, 3, and 4 were estimated with
outcome level data and column 4 was estimated with intervention-level averages. We estimated between (7;) and within (z,,)
study variances. Effects from the same study were assumed to correlate at r = .60. Panel E presents estimates from the CHE
model (with r = .60) in which intervention-level average posttest impacts were matched with outcome-level adult impacts. As
such, there were only 29 unique intervention-level post-test values linked with 497 outcome-level adult effects.

*p <.05, ** p<.01, *** p<.001
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Figure S10
LINT Simulation and Trajectories of Effects for Interventions with Aligned Medium-term
Impacts

14 s Observed

m forecasted

Effect Size
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T T T T
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Time Since Posttest

Notes: Each line reflects one intervention that measured the same measure and construct at
posttest and at least one medium-term follow-up assessment wave. The posttest, 6- to 12-month
and 1- to 2-year follow-up coordinates (shaded in gray) reflect the intervention-level average of
the intervention impacts that were estimated consistently across assessment waves. The adult
coordinate reflects the average of the intervention’s impact on all outcomes measured in
adulthood. Coordinates are weighted by the posttest inverse sampling variances. The red line
depicts the meta-analytic averages at each assessment wave, estimated using inverse sampling
variance weighting, a random effect for study, and cluster-robust standard errors (with clustering
at the study level). The blue line depicts the forecasted meta-analytic averages at each
assessment wave (see text for more details). See Table S5, Panel C for estimates.

*p <.05, ** p<.01, *** p <.001
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Table S11

45

Outcome-Type Differences in Meta-Analytic Averages and the Associations Between Posttest and Adult

Impacts using Intervention-level Averages

Averages by Outcome Types

Predicting Adult Impacts

All O}ltcorne .type Al O}ltcorne .type
1) Interaction 3) Interaction
@) @)

Panel A: Posttest impacts (social-emotional versus cognitive)
Intercept 0.14 (0.04)** 0.09 (0.05) 0.04 (0.01)* 0.07 (0.03)
Cog (vs. Soc) outcome 0.10 (0.07) -0.03 (0.02)
Posttest 0.05 (0.07) -0.06 (0.13)
Posttest x Cog 0.22 (0.18)
Tstudy 0.14 0.14 0.02 0.04
P 71 71 0 0
Obs (study/int/outcomes) 25/29/39 25/29/39 25/29/39 25/29/39
Panel B: Adult impacts by outcome category
Intercept 0.08 (0.02)** 0.06 (0.04) 0.05 (0.02)* 0.02 (0.04)
Posttest 0.23 (0.12) 0.29 (0.13)
Educational outcome 0.06 (0.03) 0.08 (0.03)
Psychological outcome 0.02 (0.06) 0.01 (0.07)
Substance use outcome 0.02 (0.06) 0.01 (0.06)
Posttest x Educational -0.20 (0.11)
Posttest x Psychological 0.00 (0.11)
Posttest x Substance 0.12 (0.18)
Tstudy 0.07 0.08 0.07 0.08
P 17 14 10 8
Obs (study/int/outcomes) 25/29/171 25/29/171 25/29/171 25/29/171

Notes: All estimates reported in the table were estimated using inverse sampling variance weighting, a
random effect for study, and cluster-robust standard errors (with clustering at the study level). Panel A
examines the association between social-emotional versus cognitive posttest impacts and adult impacts.
Social-emotional and cognitive intervention-level averages were computed using all of the available
cognitive and social-emotional measures and then matched with the intervention-level average of adult
impacts. Column 1 presents the meta-analytic average of social-emotional and cognitive posttests.
Column 2 indicates how posttest impacts varied by outcome type. Columns 3 and 4 show the association
between posttest and adult impacts and how this varies by outcome type. Panel B examines how the
association between posttest and adult impacts varies by adult outcome type. Columns 1 and 2 indicate
adult averages whereas Columns 3 and 4 show the regression model with and without outcome category
interactions. Negative I* statistics were rounded to zero.

*p <.05, ** p <.01, *** p <.001
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Figure S11
Posttest Social-Emotional and Cognitive Impacts Predicting Adult Impacts
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Notes: “NS” = Statistically non-significant. This figure plots the average cognitive (black) and social-
emotional (red) posttest effect size for each intervention and the corresponding intervention-level average
adult impact. Coordinates were weighted by the follow-up inverse sampling variances. The lines depict
the estimated intercepts (Bo) and slopes (B1) for cognitive and social-emotional posttest impacts estimated
in R using follow-up inverse sampling variance weighting, a random effect for study, and cluster-robust
standard errors (with clustering at the study level). See Table S11 for estimates.

*p <.05, ** p<.01, *** p <.001
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Table S12
Outcome-Type Differences in the Association between Post-test and Adult Effects
Educational Substance Psychological
1) (2) 3)

Intercept 0.11 (0.04) * 0.06 (0.05) 0.08 (0.04)
Cog (vs. Soc) outcome -0.04 (0.03) 0.00 (0.03) -0.09 (0.06)
Posttest -0.11 (0.08) 0.53 (0.24) -0.31 (0.42)
Posttest x Cog 0.28 (0.18) -0.17 (0.27) 0.60 (0.46)
Totudy 0.10 0.11 0.06
P 35 10 0
Obs (study/int/outcomes) 16/18/27 13/16/21 14/16/23

Notes: This table reports estimates of the differential associations among intervention-level average
posttest cognitive and social-emotional impacts and intervention-level average adult impacts on the
following adult outcome categories: educational, psychological wellbeing, and substance-related. All
estimates were estimated using follow-up inverse sampling variance weighting, a random effect for study,

and cluster-robust standard errors (with clustering at the study level). Negative I statistics were rounded
to zero.

*p <.05, ** p <.01, *** p <.001
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Table S13
Intervention-Level Average Posttest Impacts Predicting High School Attainment
High School Predicting High
Posttest Average  Attainment Average School Attainment
)] 2 3)

Intercept 0.30 (0.09)* 0.11 (0.05) 0.04 (0.07)
Posttest 0.36 (0.16)
Tstudy 0.23 0.11 0.11
r 61 12 12
Obs (study/int) 10/12 10/12 10/12

Notes: This table presents estimates from regression models predicting adult follow-up impacts on high
school attainment using intervention-level average posttest effects. Twelve interventions contributed
high school attainment impact estimates; in the case that an intervention measured this outcome
multiple times, the earliest assessment was used to increase cross-intervention harmony (for all
interventions, this outcome was assessed when participants were 18 to 22 years old). Estimates were
generated using inverse sampling variance weighting, a random effect for study, and cluster-robust
standard errors (with clustering at the study level). Negative I” statistics were rounded to zero.

*p <.05, ** p<.01, *** p <.001
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Figure S12

Posttest Impacts Predicting High School Graduation
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Notes: “NS” = Statistically non-significant. This figure plots the average posttest effect size and the
follow-up effect on high school graduation. For interventions that reported impacts on this outcome at
multiple adult assessment waves, we used the earliest reporting to further increase comparability across
studies. Coordinates are weighted by the follow-up inverse sampling variances. The line depicts the
estimated intercept (Bo) and slope (B/) estimated in R using follow-up inverse sampling variance
weighting, a random effect for study, and cluster-robust standard errors (with clustering at the study
level). To reduce clutter, for studies with two intervention groups, the coordinate label without
parentheses reflects the group that is not otherwise listed on the figure. See Table S3 for full intervention
names associated with the label abbreviations and Table S13 for estimates.
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Figure S13
Posttest and Medium-Term Follow-Up Impacts Predicting Adult Impacts
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Notes: Figure A plots the association between the intervention-level average posttest impact and adult
impact. Figures B and C depict the association between intervention-level average effects at medium-term
follow-up assessments (6- to 12-month follow-up and 1- to 2-year follow-up) and in adulthood. Each
coordinate represents one study and was weighted by the inverse sampling variances. The black line
depicts the estimated intercept (Bo) and slope (B1) using intervention-level averages at posttest and
follow-up. The gray lines depict the estimated intercept and slope using aligned groups (i.e., the same
construct and measure across time and models). The green lines indicate the estimated intercept and slope
using intervention-level averages within the sample of studies that had 6- to 12-month follow-up data.
The blue lines indicate the estimated intercept and slope using intervention-level averages within the
sample of studies that had 1- to 2-year follow-up data. All models were executed in R using inverse
sampling variance weighting, a random effect for study, and cluster-robust standard errors (with
clustering at the study level). See Table S7 for estimates.
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Table S14
Intervention-Level Average Posttest Impacts Predicting Intervention-Level Average Adult Impacts at
Each Adult Follow-up Assessment Wave

Averages Predicting Adult Impacts

Posttest Adult Baseline Main Effect Interaction

(1) @) () (4) (5)
Intercept 0.15 (0.05)**  0.12 (0.03)*** 0.09 (0.03)* 0.07 (0.03)* 0.08 (0.03)*
Posttest 0.25(0.12) 0.33 (0.16) 0.26 (0.15)
Adult Age -0.01 (0.00) -0.01 (0.00)
Posttest x Age 0.01 (0.01)

Tstudy 0.23 0.12 0.11 0.12 0.11

P 54 79 78 75 75
Obs (study/int)  25/29/79 25/29/179 25/29/179 25/29/179 25/29/179

Notes: This table presents estimates from regression models examining the associations among intervention-level
average posttest impacts and intervention-level average adult impacts, aggregated at each adult follow-up
assessment wave. “Adult age” is a continuous indicator for adult age at follow-up, centered at the mean of the
distribution. Estimates were generated using inverse sampling variance weighting (by follow-up effects in Column
3), a random effect for study, and cluster-robust standard errors (with clustering at the study level). Negative I*
statistics were rounded to zero.

*p <.05, ** p<.01, *** p <.001
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Table S15
Examining Assessment-Timing-Related Concerns in the Primary Models
Adult Averages Predicting Adult Impacts
Months  Assess Age ECE Months  Assess Age ECE
(1) 2 3) “) ) (6)
0.03 0.10 0.04 0.03 0.09 0.04
Intercept (0.05) (0.11) (0.02) (0.05) (0.11) (0.02)
0.13 0.13 0.13
Posttest (0.14) (0.13) (0.13)
Months from Posttest 0.00 0.00
at Assessment (0.00) (0.00)
0.00 0.00
Adult Age (0.00) (0.00)
ECE vs. Non-ECE 0.01 0.00
Intervention (0.04) (0.04)
Tstudy 0.03 0.00 0.02 0.02 0.00 0.01
P 0 0 0 0 0 0
Obs (study / int) 25/29 25/29 25/29 25/29 25/29 25/29

Notes: “ECE” = Early Childhood Education. This table presents the meta-analytic average of adult impacts
and the association between posttest and medium-term follow-up impacts with controls for three age-/time-
related variables. Models were estimated using inverse sampling variance weighting, a random effect for
study, and cluster-robust standard errors (with clustering at the study level). The first variable that we
controlled for was the months that elapsed between posttest and adult assessment. The second variable that
we controlled for was adult age at adult follow-up. And the third variable indicated whether the intervention
was an ECE intervention (i.e., targeted children 7 years or younger) or not. Negative I statistics were
rounded to zero.

*p <.05, ** p <.01, *** p <.001
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Table S16
Probing Study and Data Irregularities
Averages Predicting
Posttest 6- to 12-month 1- to 2-year Adult adult impacts
(1) follow-up follow-up ) ()
2) 3)
Panel A: High-Attrition Adult Outcomes Dropped
Intercept 0.14 (0.04)** 0.05 (0.02) 0.04 (0.02)
Posttest 0.17 (0.13)
Tstudy 0.15 0.00 0.00
P 63 0 0
Obs (study / int) 20/24 20/24 20/24
Panel B: Posttests Collected Before End of Treatment Dropped
Intercept 0.16 (0.05)** 0.06 (0.02) 0.05 (0.03)
Posttest 0.10 (0.16)
Tstudy 0.16 0.03 0.03
r 61 0 0
Obs (study / int) 21/25 21/25 21/25
Panel C: Alternative Domain-Level Aggregation
Intercept 0.04 (0.02) 0.03 (0.02)
Posttest 0.14 (0.13)
Tstudy 0.03 0.03
P 0 0
Obs (study / int) 25/29 25/29
Panel D: “Lifetime”/“Ever” Measures Dropped
Intercept 0.14 (0.04)** 0.07 (0.03) 0.06 (0.02) 0.04 (0.01)* 0.04 (0.01)*
Posttest 0.11 (0.12)
Tstudy 0.15 0.04 0.00 0.00 0.00
P 67 38 0 0 0
Obs (study / int) 25/29 15/18 10/13 25729 25/29
Panel E: “High-Estimation” Effects Dropped
Intercept 0.13 (0.04)** 0.06 (0.03) 0.05 (0.01)* 0.05 (0.02) -0.01 (0.02)
Posttest 0.61 (0.19)/\
Tstudy 0.13 0.03 0.00 0.03 0.00
r 64 40 0 0 0
Obs (study / int) 24 /27 14/17 9/12 19/22 18/20

Notes: This table presents the results from several models probing study and data irregularities. The meta-analytic
averages at posttest, medium-term follow-up, and adult impacts and the association between posttest and adult impacts is
provided, as appropriate for the specific robustness check. Models were estimated using inverse sampling variance
weighting, a random effect for study, and cluster-robust standard errors (with clustering at the study level). Panel A
presents the models with high-attrition (> 20 %) adult outcomes dropped. Panel B presents the estimates having dropped
studies that did not have true end-of-treatment impacts (i.e., “posttest” was computed when the treatment was still
ongoing). Panel C presents the estimates having formed the intervention-level averages for adult outcomes by averaging
outcome-domain averages (versus averaging all outcomes regardless of domain). Panel D drops outcomes that were
coded as being “lifetime” or “ever” measures. Panel E drops outcomes that required a great deal of computation when
estimating the effect size. * The Perry Preschool datapoint had an outsized impact on this slope. After dropping Perry, the
slope estimate was 0.37 (0.21) and the intercept estimate was 0.01 (0.03). Negative I statistics were rounded to zero.

*p <.05, ** p<.01, *** p<.001
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Table S17
Associations between Intervention-level Average Posttest Impacts and Adult Impacts Under Various
Assumptions about Correlated Error

r Term Coef. (SE) 95% CI
0.00 Intercept 0.04 (0.03) [-0.01, 0.11]
0.00 Slope 0.14 (0.21) [-0.28, 0.57]
0.10 Intercept 0.05 (0.03) [-0.01, 0.11]
0.10 Slope 0.10 (0.21) [-0.34, 0.51]
0.20 Intercept 0.05 (0.03) [0.00, 0.12]
0.20 Slope 0.07 (0.21) [-0.38, 0.48]
0.30 Intercept 0.05 (0.03) [0.00, 0.12]
0.30 Slope 0.04 (0.21) [-0.39, 0.45]
0.40 Intercept 0.06 (0.03) [0.00, 0.13]
0.40 Slope 0.00 (0.21) [-0.44, 0.40]
0.50 Intercept 0.06 (0.03) [0.01, 0.13]
0.50 Slope -0.03 (0.21) [-0.48, 0.36]
0.60 Intercept 0.06 (0.03) [0.01, 0.13]
0.60 Slope -0.06 (0.21) [-0.52, 0.31]
0.70 Intercept 0.07 (0.03) [0.01, 0.13]
0.70 Slope -0.09 (0.20) [-0.54, 0.27]
0.80 Intercept 0.07 (0.03) [0.02, 0.14]
0.80 Slope -0.12 (0.20) [-0.56, 0.24]
0.90 Intercept 0.07 (0.03) [0.02, 0.15]
0.90 Slope -0.16 (0.20) [-0.61, 0.20]

Notes: This table relies on the methods described in Gilbert & Himmelsbach (2026).
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