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In the present study, we investigated the relative impact of age- versus schooling-related growth in school
readiness skills using four modeling approaches that leverage natural variation in longitudinal data collected
within the preschool year. Our goal was to demonstrate the applicability of different analytic techniques that
do not rely on assumptions inherent in commonly applied methods (e.g., the school entrance cutoff method,
regression discontinuity design) that selection into subsequent grades is based on birthdate alone and that the
quality of experiences between grades are not responsible for differences in outcomes. Notably, these alterna-
tive methods also do not require data collected across multiple grades. Participants included 316 children
(M,ge = 54.77 months; 47.15% male) who mostly identified as White (64%) or Latinx (20%). A little over
half of the sample attended Head Start preschools (54.75%). Four modeling techniques that leverage data col-
lected at two timepoints in preschool were used to examine schooling effects on children’s preliteracy, emer-
gent math, and executive function (EF) skills. Results replicate evidence from previous research using
traditional methods. Specifically, findings across all models demonstrate a schooling effect on preliteracy skills
during the preschool year, above and beyond maturation, but not on emergent math or EF. We discuss the
advantages and disadvantages of each analytical tool for researchers who are interested in answering questions
about the effects of schooling with diverse data collection strategies, as well as broader implications for the in-
tegrity of educational and developmental science.

Keywords: schooling effects, schooling-related growth, school readiness, longitudinal data analysis,

quasi-experimental designs

School readiness skills such as early literacy, math, and executive
functions (EF; including attention, working memory, and inhibitory
control), play a critical role in preparing children for formal schooling
(Blair & Razza, 2007; Duncan et al., 2007; McClelland et al., 2014).
These skills undergo tremendous development during early childhood
(McClelland et al., 2015; Shonkoff & Phillips, 2000), but researchers
have a tenuous understanding of the ways early childhood educational
contexts scaffold the development of school readiness skills beyond
maturational growth (Bailey et al., 2017). To address this issue, an
emerging body of research has explored the unique contribution of
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school experiences on children’s school readiness (i.e., “schooling
effects”), relying primarily on the school entrance cutoff method and
regression discontinuity designs (see Morrison et al., 2019, for a
review). Results from such studies indicate an added benefit of school-
ing for preliteracy skills, but the evidence is less consistent with respect
to emergent math and EF (Burrage et al., 2008; Kim & Morrison,
2018; Skibbe et al., 2011, 2013). Further, key assumptions made by a
majority of past schooling effects research are that differences between
the skills of children in higher versus lower grades directly reflect the
amount of time spent in school, which is only the case when assign-
ment to subsequent grades is based on birthdate alone (e.g., no other
extraneous selection factors) and the quality of experiences across
grades are not qualitatively distinct. In the present study, we discuss
and apply four alternative statistical approaches that leverage longitudi-
nal data and the natural variation of child ages within any single grade
(i.e., preschool) to explore schooling-related growth in ways that ex-
plicitly overcome these shortcomings. These alternatives complement
existing approaches to modeling schooling effects and expand
researchers’ ability to examine schooling effects using additional data
collection strategies.

Definition and Etiology of School Readiness Skills

School readiness refers to the skills and knowledge that contrib-
ute to children’s learning and outcomes in school settings (Sabol
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& Pianta, 2017). Of the many school readiness skills, preliteracy,
emergent math, and EF are the most salient indicators of later
school success (Claessens et al., 2009) and form the basis of most
research on the topic. Significant variability in these skills exists
before children enter kindergarten (Magnuson et al., 2004; NICHD
Early Child Care Research Network, 2002). One explanation being
that early learning environments are largely responsible for the de-
velopment of such skills. For instance, experimental data from
randomized controlled trials (RCTs) has provided strong support
for the effects of preschool on early academic skills (e.g., Puma et
al.,, 2010). However, disentangling age- and schooling-related
growth poses several methodological challenges when considering
data obtained from nonexperimental designs. When researchers
compare children across grades (e.g., preschool vs. kindergarten),
any observed differences reflect the combined effects of age and
schooling. These collinear metrics of time make it difficult to esti-
mate the unique effects of each. Adding to this complication,
experiences and development interact such that the age at which
children enter school may matter for how well they can take
advantage of certain learning experiences (Li et al., 2013). In other
words, maturation is necessary for learning, and early learning
experiences matter for maturation (Bentin et al., 1991). Teasing
apart these developmental processes requires the use of innovative
methodological approaches that can estimate discrete school and
age effects across outcomes. Although researchers have utilized
quasi-experimental designs to examine schooling effects with non-
experimental data, many of these common methods have their
own limitations, which we describe in the following sections.

Traditional Approaches to Examining Schooling Effects
School Entrance Cutoff Method

Extant schooling effects research has typically relied on study
designs that match children on as many factors as possible (e.g.,
family demographics) while also finding groups who have spent
appreciably different amounts of time in early educational con-
texts. Perhaps the most prominent of these designs is the school
cutoff method. The school entrance cutoff method is a “natural
experiment” that takes advantage of arbitrary cutoff dates which
determine when children of almost identical ages can begin formal
schooling (Morrison et al., 1995). For example, if the state cutoff
date for kindergarten entry is August 1st, all children who reach
age five before August 1st will begin kindergarten that year, while
those born after that date must wait an additional year before
enrolling. Using the school entrance cutoff method, researchers
can constrain their sample to compare children born close to the
cutoff date (e.g., within 3 months), but whose birthdates fall on ei-
ther side of the cutoff; thereby, rendering different schooling expe-
riences. This comparison allows researchers to examine how 1
year of schooling affects children’s development relatively inde-
pendent of age.

Studies utilizing the school entrance cutoff method comprise a
growing body of literature demonstrating the role of educational
experiences for enhancing school readiness skills. For instance,
gains in early literacy skills are consistently attributed to the
effects of schooling in the early elementary grades (Christian et
al., 2000; Crone & Whitehurst, 1999; Cunningham & Carroll,
2011; Kim et al.,, 2021; Morrison et al., 1995). Moreover,

schooling effects for literacy, and to a slightly lesser extent emer-
gent math skills, have been documented into first grade (Bisanz et
al., 1995; Christian et al., 2000; Morrison et al., 1997). The few
studies that have examined schooling effects on EF have generated
mixed findings, which seem to largely depend on the age of the
children under examination and the nature of the EF task in ques-
tion (Brod et al., 2017; Burrage et al., 2008; McCrea et al., 1999).

In general, the school entrance cutoff method provides a meth-
odologically elegant means for controlling age to assess schooling
effects and has been widely applied to examine schooling effects
on diverse outcomes with data collected across school grades.
However, it is not without limitations. This model restricts the usa-
ble sample to a fraction of available data and must be extended if a
researcher wishes to also assess age-related development. More-
over, interpretation of the school entrance cutoff method rests on
assumptions that the allocation of children to birthdates is random
and grade level is determined by age only (Cahan & Cohen,
1989). Violation of these assumptions, particularly within the con-
text of a small sample size, could result in selection bias.

Propensity Score Matching

To overcome limitations of the school entrance cutoff method,
some researchers have applied propensity score matching to create
comparable groups based on certain background characteristics
(Morrison et al., 1995; Skibbe et al., 2011). For instance, one study
used propensity score matching to equate children across schooling
experiences and control for variables such as parent education and
parent age that may account for selection into preschool (Skibbe et
al., 2011). Results suggested that an extra year of preschool
improved early literacy, but did not enhance EF skills (Skibbe et
al., 2011). Propensity score matching has also been applied in stud-
ies examining the effects of full-day versus half-day preschool pro-
grams. For example, Leow and Wen (2017) demonstrated that
differences in academic skills were not explained by the frequency
at which children attended Head Start, even after equating children
on demographic characteristics. However, a major limitation of pro-
pensity score matching when using nonexperimental data is that the
effectiveness of the matching is heavily reliant on the availability
and identification of observed covariates used to create equivalent
groups (Newgard et al., 2004). In the context of testing schooling
effects, omission of relevant unobserved covariates could lead to bi-
ased estimates for the statistical comparisons between children with
more or less schooling experience.

Regression Discontinuity

Regression discontinuity is another popular approach to disen-
tangling age and schooling effects that also takes advantage of the
school entrance cutoff date (e.g., Gormley et al., 2008; Weiland &
Yoshikawa, 2013). In this model, the effect of age is reflected in
the slope of within-grade regressions by age, and the effect of
schooling is reflected in the discontinuity between the two regres-
sion lines representing differences in grades (Cahan & Cohen,
1989). Children nearest to the school entrance cutoff are typically
eliminated from consideration to create a cleaner comparison of
children with varying levels of schooling. One study using this
method found evidence for both age- and schooling-related growth
on phonological awareness, with the schooling effect being four
times larger than the age effect (Bentin et al., 1991). A regression
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discontinuity design in another study revealed schooling effects
for various early literacy skills during the transition to school
(Kim & Morrison, 2018). The regression discontinuity design has
the advantage of allowing researchers to use a greater proportion
of their sample and it can be flexibly applied in a variety of con-
texts, including longitudinal data analysis. However, this method
assumes that model features, such as the covariates that estimate
treatment effects, are appropriately specified. Not accounting for
all variables that affect the assignment to preschool or kindergar-
ten, such as differential attrition, can result in upwardly biased
effects (Lipsey et al., 2015).

Alternative Methods for Modeling Schooling Effects

The pattern of results from previous work utilizing the school
entrance cutoff method, propensity score matching, and regression
discontinuity designs provides strong support for schooling effects
on language and literacy, and more conflicting evidence for the
effects of schooling on math and EF skills. Despite the robustness
of findings across these three methods, even after adjusting for
observed covariates, they may still contain bias due to the nature
of the counterfactual condition (Zhai et al., 2014). In other words,
researchers may reasonably conclude that there are effects of time
in school on children’s development, when in fact, a number of
confounding factors may be responsible for these findings (e.g.,
the quality of educational experiences). For example, one study
demonstrated that the home learning environment improves from
when children are 36-months to 54-months as kindergarten entry
approaches (Son & Morrison, 2010), suggesting extraneous factors
that differ between cohorts may explain observed schooling
effects. Indeed, nonrandom assignment poses a major threat to the
internal validity of such techniques, thereby potentially misrepre-
senting the effect of schooling (Lipsey et al., 2015). Further, these
models may require the reduction of sample size to children whose
birthdates fall around the cutoff date, which can exacerbate issues
of biased estimates. Limitations related to the nature of the coun-
terfactual can be overcome by using theoretically informed models
that take advantage of multiple time metrics in longitudinal data
collected across the same school year (e.g., as discussed by
Werner, 1957; see also, Lerner et al., 2009).

Developmental scientists and education researchers have dem-
onstrated several plausible methods that are appropriate for obtain-
ing independent estimates for the influence of age, time, and
cohort (e.g., Baltes et al., 1970; Schaie, 1972). The most straight-
forward approach is to utilize multilevel regression modeling to
investigate linear time effects at the within-child level independent
of linear age effects at the between-child level (Curran & Bauer,
2011; Hoffman & Stawski, 2009). There is also the option to com-
pare the intercept at school entry and the slope after school entry
to determine whether there is a significant difference between
these parameters that can be attributed to time in school (e.g., a
form of discontinuity; Werner, 1957). Finally, one could compare
a 6-month age difference at school entry against observed differen-
ces in child skills between the date of school entry and a date 6
months later by capitalizing on natural variation in children’s
birthdates. For instance, Goulet et al. (1974) discovered age and
schooling- effects on vocabulary in preschool-aged children when
examining intellectual functioning among children with similar

ages and different amounts of schooling experience using longitu-
dinal analysis.

Although the aforementioned methods present their own unique
set of limitations, importantly, these strategies do not rely on
assumptions that experiences are equivalent across grades, that
covariates have been appropriately specified to estimate treatment
effects in quasi-experimental designs, or that assignment to grades
is based on birthdates alone. Therefore, they provide an additional
means for separating the effects of age and time in school, and
when examined together with the estimates from previous
research, contribute to a more conclusive body of evidence on the
effects of schooling. To our knowledge, this is the first systematic
application of such alternative methods that leverage heterogeneity
in children’s ages within the same grade and dataset to examine
schooling effects across a variety of outcomes. Such analysis is
critical for demonstrating the validity of these less commonly
applied alternatives for researchers who wish to overcome short-
comings of previous research and evaluate schooling effects with
diverse data collection strategies.

Present Study

In the present study, we implement a series of complementary
analyses for examining schooling effects to demonstrate alterna-
tive options to more traditional approaches that overcome issues
related to nonrandom assignment into subsequent grades and the
quality of schooling experiences in the comparison condition. We
estimate four models that take advantage of variations in child-
ren’s birthdates and the dates of assessment completion using two
timepoints of data collected within a single preschool year. We
start by demonstrating a basic regression approach in which age at
time of assessment and time in school are specified as independent
predictors of school readiness. Next, we test the equality of the
time in school and age at school entry slopes in spline-like regres-
sion models. In our third approach, we randomly select one obser-
vation per participant in the fall or spring and examine age at time
of assessment and time in school as predictors. Our last model
uses coarsened exact matching to select a subset of fall and spring
observations and perform pairwise comparisons between fall and
spring outcomes. These four models overcome the inherent
within-person collinearity that arises when chronological age and
time in school are modeled simultaneously and allow researchers
to compare outcomes when classroom experiences are otherwise
similar within the same grade. We discuss the strengths and weak-
nesses of each methodological approach and argue that imple-
menting such analyses offer a more holistic picture of the effects
of schooling on key school readiness indicators than any single
methodological tool on its own.

Method

Participants

Data came from 435 children who resided in the Pacific North-
west region of the United States and were participating in a study
focused on developing a measure of EF skills. Children were
recruited from Head Start and community-based preschools in the
fall of 2011. To facilitate the matching-based analyses described
below, we removed any cases that did not have complete data for
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the direct assessments (n = 10), who had extreme estimated ages
at preschool entry (n = 12), whose classroom ID was missing (n =
1), and those who did not participate in both waves of the study or
whose fall observation occurred more than 4 months after the be-
ginning of the school year (n = 96).

The final analytic sample included 316 children who were
between the ages of 48 and 61 months old at the beginning of the
preschool year (Mg = 54.77 months, SD = 3.52 months). Chil-
dren were nearly balanced on gender (47.15% male). Just over
half of the participants were from families with low incomes, as
indicated by their enrollment in Head Start preschool programs
(54.75%). The sample was mostly White (64%) and Latinx (20%),
which is representative of the broader region. The remainder of
the sample identified as multiracial (11%), Asian/Pacific Islander
(2%), Middle Eastern (<1%), African American (<1%), and other
races/ethnicities (1%). Sixteen percent of the children were classi-
fied as English-language learners (ELLs) because they spoke
Spanish as their primary language.

Chi-square tests did not indicate any significant differences
between the original sample and the analytic sample on Head Start
or ELL status, but the analytic sample was significantly less likely
to be male compared with the original sample, y*(df = 1) = 9.67,
p < .001; odds ratio (OR) = .50. There were also no significant dif-
ferences in child age, preliteracy, or emergent math at the start of
preschool between the original and analytic sample. However,
T tests revealed that the analytic sample performed significantly
lower on EF in the fall of preschool (Mge = 10.22, SE = 3.33) rela-
tive to the original sample, #(403) = 3.07, p = .002.

Procedure

Written consent was obtained from parents or primary caregiv-
ers before participation, and children gave verbal assent to partici-
pate in assessments. Parents filled out a background questionnaire
to provide demographic information about their children during
the preschool year (e.g., birthdate), and direct assessments of
children’s emergent math, preliteracy, and EF were collected by
trained research assistants in the fall and spring of preschool. The
fall and spring assessments were completed approximately 6
months apart. Assessments were administered in a designated
space outside of the classroom (e.g., hallway) or a quiet corner
inside the classroom. The assessments took about 15-20 minutes
total to complete. Teachers indicated if children spoke Spanish as
their primary language, in which case Spanish-speaking members
of the research team administered assessments to these children in
Spanish. All research activities were approved by the Institutional
Review Board (IRB) at Oregon State University (Touch your
Toes! Kindergarten Readiness Study, 4766). This study was not
preregistered. The data sets presented in this article are not readily
available because Oregon State University’s IRB does not allow
the sharing of the data from this study. The analysis code is avail-
able by request from the corresponding author.

Measures
School Readiness Outcomes

Emergent Math and Early Literacy. Children’s emergent
math and early literacy skills were assessed with the Applied

Problems and Letter-Word Identification subtests of the Wood-
cock-Johnson (WJ) Battery III Tests of Achievement in English or
the Baterfa III Woodcock-Muiloz Tests of Achievement in Spanish
(Muiioz-Sandoval et al., 2005; Woodcock et al., 2001). These tests
are norm referenced and require children to respond by either
pointing to the correct answer or verbally expressing the answer
until they incorrectly answer six questions in a row. The Applied
Problems subtest assesses children’s quantitative abilities related
to counting objects, reading numbers, and basic addition and sub-
traction picture-problems. The Letter-Word Identification subtest
assesses children’s word-coding skills, including the ability to rec-
ognize and name letters and read words. We used W-scores in
analyses, which are standardized and take into consideration the
child’s ability and the task difficulty. Both subtests have demon-
strated high internal consistency and validity based on their corre-
lations with other achievement tasks (Woodcock et al., 2001).

Executive Function Skills. Children’s EF skills were directly
assessed with the Head-Toes-Knees-Shoulders (HTKS) task,
which measures the integration of working memory, inhibitory
control, and attentional flexibility (McClelland et al., 2014). In this
assessment, children are asked to do the opposite of what is
instructed. For example, if the research assistant instructs them to
touch their head, instead of following the command, children are
directed to touch their toes (or vice versa). The same rules are then
applied to knees and shoulders in the second section of the task,
and then the instructions change so that children must remember
new rules in the third section of the task (i.e., head goes with
knees, and shoulders go with toes). Children receive 2 points for a
correct response, 1 point for a self-correct, and 0 points for an
incorrect response. Final scores on the HTKS are computed as the
sum of children’s performance across the 30 testing items and 17
practice items, with possible scores ranging from 0-94. The
HTKS was translated into Spanish for administration with Span-
ish-speaking children. In previous research, the HTKS has demon-
strated strong interrater reliability and predictive validity for
children’s academic outcomes in diverse groups of children
(McClelland et al., 2014; Wanless, McClelland, Acock, et al.,
2011).

Primary Independent Variables

Age. Age in months at the time of assessment was computed
by subtracting children’s birthdate from the date of each fall direct
assessment and dividing by 30. The same procedure was imple-
mented for age in months at the time of each spring direct assess-
ment. Age at entry to preschool was computed by subtracting
children’s birthdate from the first day of school and dividing by
30. We estimated the first day of school as September 1st for all
children in the sample, as this is a reasonable school start date in
the location in which data were collected.

Time in School. The variable for schooling was computed by
subtracting the first day of school (estimated as September 1st)
from the date of each assessment and dividing by 30.

Covariates. Covariates were chosen because of their associa-
tions with children’s school readiness (Castro et al., 2011; Cooper
et al., 2011; Lee et al., 2014; Wanless, McClelland, Tominey, et
al., 2011). These included child gender (1 = male, 0 = female),
Head Start enrollment (1 = Head Start, 0 = no Head Start), and
ELL status (1 = ELL, O = non-ELL).
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Analytic Strategy

We fit a series of models to probe the robustness of prior results that
had been found using traditional methods (i.e., school entrance cutoff,
propensity score matching, and regression discontinuity), and to pro-
vide illustrative examples for researchers who wish to examine school-
ing effects using their own data. Specifically, we implemented the four
following modeling approaches: (a) Naive Regression Models for Si-
multaneous time and Age Effects, (b) Regression Models for time in
School and Age at School Entry, (c) Regression Models for a Stratified
Random Sample, and (d) Pairwise Comparisons Using an Age-Re-
stricted Stratified Random Sample. Each model capitalizes on within-
grade age heterogeneity and the fact that some older participants were
the same age in the fall as younger participants were in the spring (see
Figure 1). We ran analyses separately for each of the three outcome
variables (preliteracy, emergent math, and EF). Regression models
treated the HTKS measure as having a zero-inflated negative binomial
distribution unless otherwise specified. Zero-inflated models allow
researchers to predict expected count scores in combination with a
model that predicts whether or not a case likely represents an excess
zero (i.e., a score of zero above and beyond what is expected given a
baseline distribution such as the negative binomial). Such models are
especially suitable when modeling outcomes with participants who
score at the floor, such as with the HTKS (see Figure 2).

Naive Regression Models for Simultaneous Time and Age
Effects

We first fit three-level regression models (observations nested in
children, children nested in classrooms) in which age at time of
assessment and time in school independently predicted the out-
come measures. Statistical software like Mplus automatically
decomposes predictors and outcomes into independent within (and
between) cluster components, leading to inherent collinearity at
the within-person level for the two target predictors. That is, the
number of days between fall and spring assessments is the same
regardless of whether one treats this difference as a change in age
or as a change in time in school.

One approach to resolving this issue would be to only consider
variation of the time variables at the within-person level and without
centering the data (e.g., by overriding the default in Mplus). This
approach would allow for a clean assessment of each predictor with-
out collinearity but at the cost of assuming the predictor and outcome
only covary at the within-person level. As an alternative, it is instead
possible to fit the model using ordinary multilevel modeling soft-
ware.! We fit these models in SAS using PROC MIXED. The mod-
els controlled for gender, Head Start status, and ELL status:

Yiie = Boj + BijTime_In_Schoolyy + By Age-at-Assessmenti + ejji
Bojt = Yook + YorHead Starty + Yoy ELLj + Yoy Gender + ugj

Yook = Yooo + U00k- (1

Significant schooling effects are indicated by a statistically signifi-
cant coefficient for time in school.

We were only able to consider three-level models for emergent
math and preliteracy skills, as common software packages do not
support three-level zero-inflated negative binomial regression
models. For the HTKS outcome, we instead fit a restricted two-

level model in Mplus that accounted for repeated measures nested
in participants and additionally corrected standard errors for clus-
tering at the classroom level. Time in school and age at assessment
were only included at the within-level component of the model.

Regression Models for Time in School and Age at School
Entry

Because the collinearity between time in school and age exists only
at the within-person level, differences in the values are in reality only a
function of age at school entry (i.e., a between-child variable). Thus,
one approach to improving on the naive model is to model only one of
the two time metrics at the within-person level. This can be done in
Mplus with latent mean centering, although observed group mean cen-
tering is preferable when the group means are measured without error
(Asparouhov & Muthén, 2019). We consider the exactly recorded
dates used in the present study to be one example of such error-free
measurement.

As such, we next fit a series of multilevel regression models
that included both age at school entry and time in school as pre-
dictors of each outcome. The models were run in Mplus Version
7.4 using TYPE = COMPLEX TWOLEVEL, where the multile-
vel component of the analysis treated repeated measures as
nested in children and the standard errors were additionally cor-
rected for clustering at the classroom level. Due to relatively
low between-person variance in the time in school variable, we
only included this predictor at the within-person level. The
effect of time in school randomly varied across individuals. All
models included gender, Head Start status, and ELL status as
time-invariant covariates. The preliminary model for each out-
come was:

Y; = Bo; + By Time_in_School;; + e;;

Boj = Yoo + Yo Head Start; + Y, ELL; + o3 Gender;
+ YosAge_at_School_Entry; + u;

Bi; = vio + v Head Start; + v,ELL; + v 3Gender;
+ v14Age_at_School_Entry; + uy;. 2)

A significant effect of time in school, after controlling for age at
school entry, does not necessarily represent a significant schooling
effect in this model, though. Age at school entry only provides a
static between-person difference that cannot vary as a function of
time in school. Any age-graded development that occurs after
school entry will manifest in the model as an effect of the time in
school variable.

To assess the relative effects of age versus time in school, we
must assess whether the progression of time after school entry
results in significantly greater gains in an outcome than would be
expected given the progression of age alone. We propose doing
this by testing the equality of the estimated effect of age (i.e., the
effect of age at school entry, Y4 in the above model) and the con-
ditional effects of time in school (i.e., Y10 if the effects of all cova-
riates are zero and the appropriately calculated value of B;; in all

"' We note that the same goal could likely be accomplished in Mplus
using added model constraints.
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Figure 1

Observed Ages and Time in School Values When the Head-Toes-Knees-Shoulders Task Was

Administered
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other cases). If a schooling effect existed, then we would expect to
see an effect of time in school significantly greater than the effect
of age at school entry. Figure 3 illustrates these possible
associations.

Regression Models for a Stratified Random Sample

Although less powerful than the previous approach described,
another method for eliminating redundancy between age and time
in school is to remove the within-person component of the data al-
together. That is, we can randomly select only one observation per
child and fit a two-level model that accounts for nesting in
classrooms:

Yy = Box + B Time_in_Schooly + By Age_at_Assessment
+ B3 Head Starty + Py ELLj + Ps,Genderj + eji

Box = Yoo + Yor Time_in_School y + vy,Age_at_Assessment

+ YosHead _Start i + You ELL . + yosGender j + uo

Bix = Y10 + Y11 Time_in_School  + v,Age_at_Assessment ;,

+ vi3Head _Start ;. + y,ELL j + v sGender j + u;

Box = Yoo + Va1 Time_in_School y + v,,Age_at_Assessment ;,
+ YosHead _Start y + Vo4 ELL i + yo5Gender i + uy.
3

We took this approach for our third set of models, randomly
selecting one observation (i.e., fall or spring) per child. The

resulting dataset contained 167 observations in the fall and 158
observations in the spring. We ran the models in Mplus Version
7.4 using TYPE = TWOLEVEL, where the multilevel compo-
nent of the analysis treated observations as nested in class-
rooms. A significant effect for time in school would indicate a
schooling effect. This model represents a modification of the
naive approach.

Pairwise Comparisons Using an Age-Restricted Stratified
Random Sample

In addition to examining the joint influence of chronological age
and school experience using linear or generalized linear models, we
used coarsened exact matching to select a subset of fall and spring
observations that were matched on age and then examined mean
differences between the fall and spring assessments (e.g., lacus et
al., 2011). We used age at the administration of the HTKS when
creating a matched sample, rounded to the nearest month. We then
created samples of fall and spring observations that were matched
on the rounded age variable as well as on Head Start status and
ELL status. Part of the matching algorithm also ensured that only
one observation per child would be included in the final matched
sample and that the age range was restricted to between 56 and 64
months. Because the distribution of HTKS scores was nonnormal,
we opted to examine schooling effects using Wilcoxon Rank Sum
statistics. The Wilcoxon Rank-Sum test, which is equivalent to the
Mann-Whitney U, compares the rank scores between two groups
and can be thought of as a nonparametric analog to the independent
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Figure 2

Distribution of Head-Toes-Knees-Shoulders (HTKS) Scores in the Fall of Preschool
Distribution of Time 1 HTKS Scores
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samples ¢ test.? Due to the limitations of nonparametric analyses,
we ignored clustering within classrooms for these models.

Results

Descriptive statistics and correlations for the primary study varia-
bles are presented in Table 1. Children’s fall and spring EF, preliter-
acy, and emergent math were strongly correlated with one another
within and across time points (rs = .39 to .82, ps < .001). Age at
entry to preschool was moderately correlated with fall EF (r = .21,
p < .001), as well as emergent math in the fall (» = .19, p < .001)
and spring (r = .20, p < .001), but it was not significantly correlated
with preliteracy at either time point. Head Start status and ELL status
were negatively correlated with children’s fall and spring EF, preli-
teracy, and emergent math (rs = —.21 to —.45, ps < .001).

Naive Regression Models for Simultaneous Time and
Age Effects

Both age at time of assessment and time in school significantly
predicted preliteracy skills, suggesting a significant schooling
effect for preschool children’s preliteracy skills beyond the
effect of age. However, age at time of assessment, but not time
in school, was a significant predictor of emergent math skills. A
similar pattern of findings emerged for the count portion of the
model for HTKS, but neither age nor time in school predicted
excess zeros in the data. Thus, these results suggest a schooling
effect for preliteracy but not for emergent math skills or execu-
tive function in preschool (see Table 2).

HTKS Score

When examining the age and time in school variables, the raw
data were correlated at approximately .63 (p < .001), with the ca-
veat that this correlation necessarily conflates covariation at the
between-person and between-classroom levels with exact colli-
nearity at the within-person level.

Regression Models for Time in School and Age at School
Entry

In the following models, we model time in school at the within-
person level only while modeling age at school entry at the
between-person level only. Modeling each variable at a different
level of analysis helps eliminate redundancy that might otherwise
manifest in the data.

For preliteracy, preliminary models indicated that the slope of
time in school did not significantly vary across individuals,
scaled Ay*(df = 6) = 4.50, p = .61. The multiple degrees of free-
dom represent a loss of slope variance and covariation between
the slope and Level-2 variables, including the cross-level interac-
tion between time in school and age at school entry. The random
slope was dropped from the model as a means to improve parsi-
mony. Time in school and age at school entry both significantly
predicted preliteracy scores and a comparison of the slopes indi-
cated a significant difference between the slopes (difference =
—1.58 [SE = .42], p < .001), suggesting an added benefit of

2 Note that we did not treat observations as paired because the matching
did not occur on a case-by case basis but was instead stratified based on age
and demographic variables.
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Figure 3

Two Illustrative Examples of Schooling Effects From Spline Regression Models
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Note. The dashed line represents the effect of age at school entry across individuals. The
solid line represents the effect of time in school, treating the age at school entry as a con-
stant (centered on the oldest individual at school entry). For the purpose of illustration, we
assumed no interaction between Age at School Entry and Time in School.

schooling above and beyond age-based differences in preliteracy
skills (see Table 3).

For math, preliminary models also indicated that the slope of
time in school did not significantly vary across individuals, scaled
Ay?(df = 6) = 3.26, p = .76, and the random slope was dropped
from the model. Time in school and age at school entry both sig-
nificantly predicted emergent math scores, but a comparison of
the slopes indicated no significant difference (difference = —.22
[SE = 27], p = .41), suggesting no added benefit of schooling
above and beyond age-based differences in emergent math skills
(see Table 3).

For EF, preliminary models indicated that random slopes for
time predicting both the count and excess zero portions of the
HTKS variable were not statistically significant, and neither
were included in the reported HTKS model. The final regres-
sion model (see Table 3) indicated that both time in school and

age at school entry predicted the count component of the
HTKS, but these slopes were not significantly different from
each other (difference = —.02 [SE = .02], p = .21). Time in
school also predicted the zero-inflation component of HTKS,
whereas the zero-inflation component was not significantly pre-
dicted by age at school entry. Despite this difference, the slopes
themselves were not significantly different from each other
(difference = .06 [SE = .05], p = .28). Therefore, the fitted
model suggested no schooling effects for EF.

Regression Models for a Stratified Random Sample

The age and time in school variables remained strongly corre-
lated in these models. Using the initial model for preliteracy as an
example, age and time in school were correlated at .59 within
classrooms and .88 between classrooms. The p value was < .001
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Table 1
Descriptive Statistics and Correlations for Primary Study Variables
Variables 1 2 3 4 6 7 8 9 M SD Range
1. Fall HTKS — 29.50 27.56 0-90
2. Spring HTKS 0.65%:#: — 43.19 28.92 0-93
3. Fall WILW .39 0.43 %% — 33480 26.92  264—477
4. Spring WILW 0.35%3% 0.40%#%  (),82%** — 349.72 2640  276—470
5. Fall WJAP 0.507%s#:* 0.59%#% (. 5]%*x () 55%%% 409.89 23.04  301-467
6. Spring WJAP 0.52%#% 0.627%#%  (.53%*% () 55%%% () T8kH* — 420.02 21.33 332481
7. Age at entry 0.2] %% 0.08 0.07 0.09 0.19%#%  020%*% 5477 3.52 48.07—60.80
8. Gender (female) —0.06 —0.06 0.00 —0.04 —0.07 —0.06 0.07 — 047  0.50 0—1
9. Head Start —0.32%%% (. 42%%% (). 45%H% (. 44%H% 0. 40%FF  —0.40%*%* (0.12*% —0.03 — 0.55 0.50 0—1
10. ELL status —0.27%k% (0. 34%%% (. 2]%F*F (. 24%%FF (0 41%FFF  —(044%FF (.13%  0.10 0.40%** 0.16  0.37 0—1
Note. HTKS = Head-Toes-Knees-Shoulders; WILW = Woodcock Johnson Letter-Word Identification; WIAP = Woodcock Johnson Applied Problems;
ELL = English-Language Learner.
*p <.05. #FEp <001,

at the within-person level but was not significant (i.e., p = .96) at
the between-classroom level, indicating potential bias in the stand-
ard errors at the between-classroom level related to unresolved
collinearity.

For preliteracy, initial models that included random slopes for age
and time in school would not converge, nor would models that esti-
mated the Level-2 variance of gender (model-estimated intraclass
correlation coefficient [ICC] = .002; thus, indicating few differences
in classroom gender compositions). Furthermore, between-class-
room variation in preliteracy skills was not significantly correlated
with classroom-level variation in age, time in school, or Head Start
status, after controlling for classroom-level ELL prevalence, scaled
Ay*(df = 3) = .13, p = .99. Results from the final model indicated
significant within-level effects for both age at time of assessment
and time in school, suggesting a schooling effect for preliteracy
skills (see Table 4).

For math, initial models that included random slopes for age and
time in school would not converge, nor would models that esti-
mated the Level-2 variance of gender (model-estimated ICC =
.004; thus, indicating few differences in classroom gender composi-
tions). Furthermore, between-classroom variation in emergent math
skills was not significantly correlated with classroom-level variation
in age, time in school, or Head Start status, after controlling for
classroom-level ELL prevalence, scaled Ay*(df = 3) = .08, p = .99.
Results from the final model that included these constraints indi-
cated a significant within-level effect for age at time of assessment

Table 2

but no added effect for time in school (see Table 4). Thus, the
results did not support a schooling effect for emergent math skills.

Due to model complexity, random slopes for time in school and
age at time of assessment were not considered in the model pre-
dicting EF skills. In addition, the models required that all between-
cluster predictors only vary at the between-cluster level, so we
manually decomposed time in school, age at assessment, gender,
ELL status, and Head Start status into separate variables represent-
ing variation in cluster means and cluster mean-centered data. An
initial model indicated that time in school, age at assessment, and
gender did not significantly predict either component of HTKS at
Level 2, and the Level-2 components of these predictors were
dropped from the model (ABIC = —494.90; BIC = Bayesian infor-
mation criterion). Results from the final model indicated a signifi-
cant effect for age at time of assessment but no added effect for
time in school for predicting the count component of HTKS at the
within-classroom level, but neither measure of time was significant
for predicting the probability of an excess zero (see Table 5).
Thus, the results did not support a schooling effect for EF.

Pairwise Comparisons Using a Matched Sample

The coarsened exact match meant essentially no correlation
between time and age at assessment (i.e., 7(250) = —.001, p = .98)
but a strong correlation between time and age at school entry (i.e.,

Results From Naive Regression Models Where Age at Time of Assessment and Time in School Simultaneously Predict Academic Scores

Predictor Emergent math* Preliteracy HTKS count HTKS zero inflation
Time in school (e ;) 0.21 (0.31) 1.58 (0.39)%#* 0.02 —0.06
Age (Baji) 1.77 (0.27)%%* 1.07 (0.36)** 0.05%** —0.06
Head Start (yo;4) —12.82 (2.30)*** —23.15 (2.98)*** —0.56 0.86
ELL (Yo21) —19.93 (2.91)*** —3.89 (3.84) —0.60* 1.31
Male (vo3) —2.99 (1.90) —2.14 (2.53) —0.09 0.26
Level 1 residual (e,) 109.38 (8.72)*** 124.24 (9.90)*** 0.48 NA
Level 2 variance (ugj) 216.24 (23.74)%** 419.02 (43.49)*** 0.35 NA
Level 3 variance (ugox) 13.95 (11.86) 17.95 (25.27) NA NA

Note.

Count is a dispersion parameter. NA = not applicable.

# Standard errors in parentheses.
*p<.05. **p<.0l

ik p < 001,

ELL = English Language Learner; HTKS = Head-Toes-Knees-Shoulders. Parameter labels correspond to Equation 1; Level 1 residual for HTKS
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Table 3
Results From Spline Regression Models Where Age at School Entry and Time in School Simultaneously Predict Academic Scores and
Executive Function

Predictor Emergent math® Preliteracy HTKS count HTKS zero inflation
Time in school (y;0) 1.97 (0.15)%%** 2.65 (0.18)*** 0.08 (.01 )*** —0.12 (.05)*
Age at school entry (yoy) 1.75 (0.21)%*%** 1.07 (0.37)** 0.06 (.O1)*** —0.06 (.04)
Male (v03) —2.79 (1.84) —2.08 (2.42) —0.09 (.08) 0.26 (.23)
ELL (v02) —20.56 (3.97)*** —4.84 (3.75) —0.60 (.24)* 1.31 ((40)**
Head Start (v¢,) —13.23 (2.31)*** —23.40 (3.00)*** —0.56 (.23)* 0.86 (.35)*
Level 1 residual (e;) 109.04 (10.04)*%** 123.84 (14.89)*** 0.47 (:25)° NA
Level 2 residual (u;) 225.27 (33.41)%** 427.72 (58.19)** 0.37 (51) NA

Note.
* Standard errors in parentheses. ® Actually a dispersion factor.
*p<.05. Fkp <0l *FEFp <001

r(250) = —.824, p < .001). Thus, differences between time points
represent the effect of schooling among age-matched peers.

Results from Wilcoxon Rank Sum tests comparing fall and
spring assessments in matched samples replicated the regression-
based findings, indicating a positive schooling effect for preliter-
acy skills but not early math skills or EF (see Table 6). After
matching, the sample for these models included 126 observations
per time point (N = 252). At each time point, the sample included
19 observations from ELL children enrolled in Head Start, 47
non-ELL children enrolled in Head Start, and 60 non-ELL chil-
dren not enrolled in Head Start. Age at the time of the HTKS
assessment was nearly identical across groups (M = 59.46, SD =
1.97 in the fall sample, M = 59.45, SD = 1.95 in the spring sam-
ple), reflecting the fact that we matched observations using this
variable rounded to the nearest month. Estimated age at school
entry was approximately separated by 6 months (M = 57.11,
SD = 1.94 for the fall sample, M = 51.47, SD = 1.95 for the
spring sample).

Discussion

The current study extends the body of literature investigating age-
and schooling-related growth in school readiness skills by applying
multiple analytic techniques meant to leverage natural variation in age
within a single school grade. Using four alternative models, we were
able to overcome several limitations of traditional methods, including
nonrandom assignment to subsequent grades, the issue of quality in
the counterfactual condition, and the restriction of data used in

Table 4

HTKS = Head-Toes-Knees-Shoulders; ELL = English Language Learner; Parameter labels correspond to Equation 2. NA = not applicable.

analyses. Notably, our results were consistent with findings from the
school entrance cutoff method, propensity score matching, and regres-
sion discontinuity design, further validating these approaches for future
application among researchers using diverse data collection strategies
and increasing our confidence in the precision of the estimates. We
first discuss substantive considerations within the broader context of
the schooling effects literature and follow with a summary of the pros
and cons of each method for researchers.

Aligning with previous research, all four modeling techniques
revealed a significant schooling effect for preliteracy skills (e.g.,
Christian et al., 2000; Cunningham & Carroll, 2011; Kim &
Morrison, 2018; Morrison et al., 1997, 1995). Given the robust-
ness of findings across statistical methods, we interpret these
effects as representing strong correlational evidence of the influ-
ence of preschool on preliteracy skills. We did not, however,
observe a schooling effect for emergent math or EF. Prior work
in these domains has been mixed, with a significant schooling
effect for math and EF present in some studies (Bisanz et al.,
1995; Brod et al., 2017; Christian et al., 2000; Loeb et al., 2007;
Skibbe et al., 2013) but not in others (McCrea et al., 1999;
Skibbe et al., 2011). Researchers hypothesize that the consistent
schooling effect for early literacy skills, relative to the schooling
effect for emergent math, may be a result of spending substan-
tially more time in instructional activities related to reading in
the preschool classroom compared with math (Morrison et al.,
1997, 1995). Further, it may be the case that schooling effects on
math are more apparent when assessing fine-grained math skills,

Results From a Stratified Random Sample of Observations Where Age at Time of Assessment and Time in School Simultaneously

Predict Academic Scores

Preliteracy Emergent math
Predictor Level 1* Level 2 Level 1 Level 2

Time in school (y;) 1.90 (0.56)** NA 0.45 (0.40) NA

Age (V20) 0.89 (0.43)* NA 1.75 (0.24)%% NA

Head Start (Bsi/03) —21.76 (10.19)* NA —18.15 (4.54)%** NA

ELL (Baj/Y04) 3.59 (3.57) —66.87 (12.45)%** —13.70 (4.95)** —52.77 (8.23)%**
Male (Bsi/yos) —0.75 (2.60) NA —2.17 (2.06) NA
Residual variance (e;) 326.66 (52.06)*** 5.44 (78.79) 302.56 (46.70)%** 5.95 (16.14)

Note.
# Standard errors in parentheses.
*p<.05. *®p< 0l *##p<.001.

ELL = English language learner; parameter labels correspond to Equation 3 specified as (Level 1/Level 2). NA = not applicable.
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Table 5

Results From a Stratified Random Sample of Observations Where Age at Time of Assessment and Time in School Simultaneously

Predict Executive Function

Level 1* Level 2

Predictor Count Zero inflation Count Zero inflation
Time in school (y;0) 0.01 (.02) 0.04 (.11) NA NA
Age (Y20) 0.06 (.02)** —0.09 (.05) NA NA
Head Start (B3j/v03) —0.59 (.26)* —0.40 (1.37) —.25(.13) 1.13 (44)*
ELL (B4j/Y04) 0.18 (.33) 2.13 (.65)** —72 (3)* 0.51 (.71)
Male (Bsj/vos) —0.05 (.08) 0.95 (.42)* NA NA
Residual variance (e;) NA NA .02 (.11) NA
Dispersion 0.81 (.12)*** NA NA NA
Note. ELL = English language learner; parameter labels correspond to Equation 3 specified as (Level 1/Level 2); note that the dispersion parameter was

not in that equation. NA = not applicable.
“ Standard errors in parentheses.
*p<.05. Fkp <0l *#Fp <001

such as mental arithmetic, and may only be present in later
grades as children develop more advanced cognitive abilities
(Bisanz et al., 1995; Christian et al., 2000; Morrison et al.,
1997). With regards to EF, one recent study documented a “catch
up” effect (i.e., stronger schooling effect) among children who
missed the cutoff to go to first grade and remained in kindergar-
ten, suggesting that older children may be provided the context
to practice EF when they attend a classroom with younger peers
(e.g., Kim et al., 2021). Moreover, it is important to note that
schooling effects on EF have mostly been documented with spe-
cific components of EF, such as working memory (e.g., Burrage
et al., 2008; Finch, 2019). Our use of a global assessment may be
one reason we did not find evidence for schooling effects on EF
in this study. Regardless, the reasons behind the added benefit of
schooling for preliteracy compared to the other domains of
school readiness warrants further examination.

The current study also advances the field by introducing and
discussing four theoretically informed alternative approaches
to exploring age- and schooling-related growth in school readi-
ness skills within a single school grade. Of the alternative
models we implemented, the Naive Regression Models for Si-
multaneous time and Age Effects is the most basic option for
analyses. Although the conclusions drawn from this model in
the present study are consistent with those of more advanced
analyses, any application of this approach must come with the
caveat that the progression of age and time in school are inher-
ently collinear within individual participants. As illustrated in

the Regression Models for a Stratified Random Sample
approach, one can easily reduce redundancy in the data by sac-
rificing power and sample size and instead randomly selecting
one observation per participant then modeling age and time in
school as separate predictors. As our results showed, the strati-
fied random sampling approach is not guaranteed to remove
collinearity, however. A more rigorous approach, then, is the
Regression Model for time in School and Age at School Entry,
redefines age-graded development as reflecting each child’s
age at school entry and assesses equality of the time in school
and age at entry slopes. Limitations to this model include the
potential difficulty of capturing nonlinear development (e.g.,
quadratic growth as a function of age) and an assumption that
age-graded differences before school entry reflect the same
age-graded differences observed during the school year. The
last approach, Pairwise Comparisons Using an Age-Restricted
Stratified Random Sample, entails the exact matching of chil-
dren who are similar ages at different waves of a study (e.g.,
fall vs. spring data collections; Goulet et al., 1974). This
method closely mirrors the school cutoff approach but may
allow for larger samples than the school entrance cutoff
method. For instance, the school entrance cutoff method might
select children born 3 months before a cutoff date to represent
a later grade and children born 3 months after the cutoff date to
represent an earlier grade, resulting in a 6-month age window.
Matching as discussed above could produce a larger sample by
pulling children from the full 6-month age window at both

Table 6
Descriptive and Inferential Statistics (Wilcoxon Ranked Sum) for the Matched Sample
Outcome M SD Median w P

Math

Fall 412.24 21.38 416.00

Spring 415.78 19.14 419.00 15,290.50 .26
Preliteracy

Fall 337.71 30.15 336.00

Spring 348.41 24.81 349.00 14,073.50 .001
Executive function

Fall 33.28 27.95 36.50

Spring 39.49 29.23 45.50 14,940.00 .09
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time points or could produce a more closely matched sample
by pulling from the same 3-month window at both time points.

To summarize, we consider our study as replicating evidence of the
schooling effect on preliteracy using several methodologically rigorous
statistical designs that reduce the confounding effects of age and time
within a single school year and overcome bias that may be present in
traditional methods. This makes them potentially useful alternatives
for researchers who use a variety of data collection protocols.

In addition to their strengths, each of the models also contain lim-
itations, and researchers intending to apply one or more of these
models to their own data should carefully weigh the pros and cons
along with those of more common approaches when deciding on
the most appropriate analytic strategy or strategies. Moreover, while
we have discussed the advantages and disadvantages of each
approach in detail, it is important to note that these are only a subset
of the diverse modeling possibilities that can be adapted to meet the
needs of individual data sets. Researchers should continue to
explore novel approaches for disentangling the effects of age and
schooling. Further, future work that investigates the processes
underlying such effects, including the role of classroom instruc-
tional quality, is critical for understanding the mechanisms that lead
to intended schooling-related growth. For instance, research sug-
gests that it may be important to consider the amount, quality, and
content of instruction together to capture the full complexity of
classroom environments and their influence on achievement (Con-
nor et al., 2014). Identifying these nuances will be a necessary step
for informing interventions, programs, and practices within school-
based education settings.

Implications

There are several broader implications of this work. Specifi-
cally, the alternative approaches described in this study expand
the toolkit of quasi-experimental methods available to research-
ers who are interested in investigating policy and program
effects (Gopalan et al., 2020). For instance, propensity score
matching has become a popular technique for studying the
effects of educational interventions, including full day kindergar-
ten and Head Start (Leow & Wen, 2017). However, using the
methods presented in this study may help researchers to over-
come certain data limitations, such as those associated with esti-
mating dosage across cohorts. Similarly, these approaches may
complement the regression discontinuity design when used in the
context of examining summer learning loss or summer program-
ming, which may also be confounded with maturation (Finch,
2019; Zvoch & Stevens, 2011). Moreover, practitioners and
administrators interested in evaluating kindergarten age cutoffs
may leverage these methods to investigate the effects of varying
eligibility policies for kindergarten entrance (Datar, 2006; Elder
& Lubotsky, 2009). Finally, these alternative approaches offer
additional opportunities for researchers to conduct replication
analyses and implement robustness-checking practices, which
may ultimately serve to enhance the integrity of developmental
science (Duncan et al., 2014).

Limitations and Future Directions

Although our results support the robustness of previous find-
ings using different analytic approaches, they can only provide

correlational evidence of schooling effects. In the absence of
RCTs, none of the approaches we highlighted deliver evidence
of causality. An additional limitation of this study is the fact
that a moderate proportion of the sample scored zero on the
HTKS. This phenomenon has been documented in younger
samples from families with low incomes (e.g., Schmitt et al.,
2015), which is why we took into account recent recommenda-
tions to include the practice items in the total score (Fuhs et al.,
2014; Gonzales et al., 2021). Despite these corrections, approx-
imately 17% of the sample still demonstrated floor effects.
When possible, we utilized modeling techniques that would
allow us to examine these children independently from those
with scores on the task (e.g., zero-inflated negative binomial
regression). Yet, the task distribution may have prevented us
from detecting schooling effects on EF skills that exist when
measured in ways that capture more variability. Therefore,
although we see it as a benefit that our measure of EF skills
tapped into all three EF processes manifested in self-regulated
behaviors, future work should explore schooling-related growth
using a diverse set of standardized measures that are both
unique to different EF processes and sensitive to developmental
changes. Extending these designs to include other assessments
of EF skills is a critical next step, as is replicating findings in
larger and more diverse samples.

Relatedly, our analytic methods also faced some shortcomings
that must be addressed. As an example, we were not able to fit a
three-level model for the HTKS given that we determined a zero-
inflated negative binomial distribution was warranted. Addition-
ally, the methods we examined only relied on simultaneous esti-
mation. Future research could build on these approaches, for
example, by incorporating model-building approaches that test
the added effect of each time metric after accounting for the
other. Moreover, research should examine theoretically informed
subgroup effects, such as whether schooling matters more for
children based on their home learning activities (Coley et al.,
2020).% Finally, aside from including a proxy for children from
families with low incomes in our models (e.g., Head Start status),
we were unable to account for variations in the quality of pre-
school experiences that children were exposed to, or the amount
of time spent in academic instruction, which may influence
schooling-related growth in early literacy skills (Fuller et al.,
2017; McGinty et al., 2011).

Conclusion

In the present study, we revisited the question of whether
schooling-related growth contributes to the development of
school readiness skills above and beyond age-related maturation.
We demonstrated how multiple alternative methods can be
applied to studies examining the impacts of schooling within a
single year to overcome potential biases present in traditional
approaches. Our results suggest an added benefit of the preschool
experience for fostering preliteracy skills but not emergent math
or EF skills. These findings validate evidence from existing stud-
ies on schooling effects and contribute to a more comprehensive

3 Based on a reviewer suggestion we tested subgroup differences for
children who attended Head Start versus other programs and we did not
find a different pattern of results.
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understanding of the role of schooling in early skill development.
Nevertheless, more research is needed to determine why school-
ing effects do not consistently emerge for the domains of EF and
math and examine the mediating mechanisms through which pre-
school experience influences school readiness skills. Researchers
are additionally encouraged to replicate these findings using
larger and more diverse samples with differing preschool experi-
ences and curricula.
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