DOI: 10.1111/cdev.13811

EMPIRICAL ARTICLE

CHILD DEVELOPMENT

Emotional quality of early education programs improves language
learning: A within-child across context design

Peter Sheldon Rankin'
Karen Thorpe2

nstitute for Social Science Research,
Indooroopilly, Queensland, Australia

2Queensland Brain Institute, The
University of Queensland, Brisbane,
Queensland, Australia

Correspondence

Peter Sheldon Rankin, Institute for Social
Science Research, Indooroopilly, QLD,
Australia.

Email: p.rankinl@uqg.edu.au

Funding information

Australian Research Council's Centre of
Excellence for Children and Families over
the Life Course, Grant/Award Number:
CE200100025; Queensland Government
Department of Education and Training;
Victorian Government Department

of Education and Early Childhood
Development; Australian Research Council

| Sally Staton'

| Azhar Hussain Potia | Sandy Houen'

Abstract

Observational studies comparing child outcomes in early care and education
classrooms of differing quality are often confounded by between-child differences.
A within-child design, tracking children across contexts, can identify the effects of
quality with less confounding. An analysis of Australian children (N = 1128, mean
age Syears, 48% female, 2.9% Indigenous, ethnicity data unavailable) tracked
across pre-K, K, and year 1 (2010-2012) was conducted to assess how changes
in observed quality (Classroom Assessment Scoring System) were associated
with changes in cognitive development (Woodcock—Johnson III). Thresholds of
quality were also investigated. Increases in Emotional Support were associated
with improved language development (f = 0.54, 95% CI [0.1-0.99], approximating
2.6 weeks development). Results highlight that emotional quality is an integral and

potent component of early learning.

Linkage Projects Scheme, Grant/Award
Number: LP0990200

Across the last two decades, substantial focus has been
placed on early care and education (ECE) programs
with the goal of supporting the learning outcomes, well-
being, and lifetime achievements of children (Heckman
et al., 2018; Psacharopoulos & Patrinos, 2018). Evidence
from neuroscience, developmental science, and econom-
ics has converged on the conclusion that, when consider-
ing where to invest, early education is a prime candidate
(Campbelletal., 2014; Heckman et al., 2010; Organisation
for Economic Co-operation and Development, 2017).
Providing positive educational experiences early in life,
at a critical time in shaping neural architecture, can es-
tablish optimal within-child learning conditions and
avert emergent problems associated with individual
child or family circumstance (Yoshikawa et al., 2016).
Small-sample, randomized control intervention stud-
ies of disadvantaged groups have clearly demonstrated

the potential of ECE to improve children's learning,
life chances, and outcomes into adulthood (Campbell
et al., 2012; Heckman et al., 2010). These positive effects
are most evident for children who are disadvantaged by
personal circumstances and/or adversity in their home
learning environments (Melhuish et al., 2015). However,
evidence pertaining to what constitutes effective expe-
riences within ECE programs available to the general
population is less certain. Current evidence directs at-
tention to the qualities of educator-child interactions as
key modifiable program features to drive child cognitive
development and learning outcomes (Burchinal, 2018),
but has yet to converge on what interactional strategies
are most potent (Pianta, Hamre, et al., 2020).

Existing research directed to identifying what inter-
actional strategies work to enhance cognitive develop-
ment in ECE has largely relied on comparing children's
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CLASS-instructional support; E4kids, Effective Early Education Experiences for Children; ECE, early care and education; ECERS-R, Early Childhood
Environment Rating Scale revision; ICC, intra-class correlation; WJIII, Woodcock—Johnson III.
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learning within classrooms of different assessed inter-
actional quality (Burchinal, 2018; Fukkink et al., 2017;
Perlman et al., 2016). Detailed observational assess-
ments using standard measures have been applied to as-
sess the effect of global interactional quality. Findings
have tended to show small and sporadic effects that
fall short of theoretical expectations (Burchinal, 2018;
Perlman et al., 2016; Pianta et al., 2016). Two key meth-
odological explanations for these weak findings are
evident. The first relates to measurement. Studies are
potentially confounded with the reliability and valid-
ity of the measurement of teacher—child interaction
quality (Burchinal, 2018; Gordon et al., 2015; Layzer
& Goodson, 2006; Neitzel et al., 2019). Furthermore,
many studies assume linear association, yet some iden-
tify thresholds of quality as necessary to yield effect
(Burchinal et al., 2016). The second relates to design.
While intensive randomized control designs yield strong
and positive effects, observational studies are necessar-
ily reliant on adequate measurement methods to clarify
the contributions of teacher—child interaction to child
development, and to identify effective strategies applica-
ble at scale.

In this paper, we offer a robust within-child design
to evaluate the effects of different qualities of educator-
child interaction on children's cognitive development
and learning outcomes. Additionally, we test for quality
thresholds to provide indication of potentially meaning-
ful intervention targets. We draw from a cohort study
of Australian children (N = 2606) recruited from the
range of available ECE programs in their pre-K year (age
3—4years), and subsequently tracked across K, and year
1. In contrast to standard value-add approaches that
examine whether classroom-level changes in outcomes
for children are associated with assessed interactional
quality of the room, our within-child across context de-
sign analyses how each child's rate of learning changes
as they move between classrooms of different assessed
quality. Applying this strategy, variation in unmea-
sured confounding individual characteristics is attenu-
ated (Hoffman & Stawski, 2009; Maldonado-Carreno &
Votruba-Drzal, 2011; Watts et al., 2021). Our study pro-
vides an analytically sophisticated and design-controlled
approach to identifying ECE program inputs to chil-
dren's cognitive development. This approach can inform
practice interventions that target quality improvement
with greater certainty.

Theoretical framework

In this paper, we utilize an individual difference frame-
work (Belsky et al., 2020; Rutter, 2012; Wertz et al., 2020)
to evaluate the effects of the quality of ECE experiences
on child development. This framework views cognitive
development as a hierarchically sequenced, experience
dependent, and individually directed process driven by

the interplay of genetic and environmental factors. Thus,
we consider child and family characteristics preceding
current development as ongoing influences on cognitive
developmental and learning outcomes.

The importance of early education and care
program quality

At entry to school, all children are not equally prepared
for their ongoing educational journey. Rates of learn-
ing in the first years of school are not only affected by
children's experiences within their first classrooms, but
also by the learning experiences that have come be-
fore (Landry et al., 2017; Lohndorf et al., 2021; Pianta,
Whittaker, et al., 2020). When transitioning to school,
individual characteristics (e.g., health, ability, disability,
and temperament) and prior experiences within the fam-
ily weight a child's ability to adapt to school culture and
effectively engage in learning within their classroom en-
vironments (Lohndorf et al., 2021; Micalizzi et al., 2019;
Ramakrishnan & Masten, 2020). For this reason, public
investment in ECE targets ‘school readiness’ to improve
children's development, ongoing learning trajectories,
and life chances. Yet not every ECE program is success-
ful in delivering positive outcomes for children (Green
et al., 2021; Melhuish et al., 2015). Understanding what
constitutes a high-quality ECE program and the specific
features and thresholds of quality that deliver improved
outcomes for children, remains a policy target and re-
search challenge.

In defining what constitutes quality in ECE, research
studies have focused on two broad domains: structural
and process (Burchinal, 2018). Structural quality com-
prises the readily measurable features of the ECE envi-
ronment, notably group size, staff to child ratios, staff
qualifications and focus on an educational curriculum.
Contemporary research identifies these structural fea-
tures as important, but not of themselves sufficient to
deliver positive child outcomes (Bowne et al., 2017
Burchinal, 2018; Mashburn et al.,, 2008; Melhuish
etal., 2015; Slotet al., 2015; van Huizen & Plantenga, 2018).
Their value is in enabling process quality; the amount,
content, and inter-personal qualities of interactions in
the ECE program as these are more potent predictors
of child outcomes (Mashburn et al., 2008). Accordingly,
policy actions to enable quality improvement in ECE
have regulated structural features of ECE programs. The
primary focus of research and intervention strategies has
been directed to understanding the domains of process
quality that deliver improved child outcomes.

Identifying intervention strategies amenable to de-
livery at scale, and focused within-classrooms, has
been the central focus of contemporary research ef-
forts targeting improved learning outcomes at school
entry (Burchinal, 2018; Pianta et al., 2016). Accordingly,
the dominant research focus has become qualities of
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educator—child interactions and the dominant design
strategy comparison of the learning outcomes of chil-
dren exposed to different levels of process quality. Such
observational-level studies are reliant on two key design
elements: (1) valid and reliable observational measure-
ment of process quality at scale and (2) control of con-
founding individual characteristics that drive selection
into ECE programs of different quality. Below we con-
sider each of these.

Measuring process quality

Standard observational measurement of educator—
childinteractions hasbecomethe gold-standard method
used to assess ECE process quality in research studies
and policy settings. Two such measures have come to
dominate the assessment of process quality in large-
scale, policy-targeted research: The Early Childhood
Environment Rating Scale revision (ECERS-R; Harms
et al., 1998) and Classroom Assessment Scoring System
(CLASS; Pianta et al., 2008). ECERS-R provides
global ratings of the ECE environment, both structural
and process. ECERS-R applies a hierarchical rating
of target behaviors across a total observation period
such that higher levels of quality within a domain are
not rated if lower thresholds are not attained. Though
the measure has been widely used, limitations of the
scoring system and psychometric properties have
been identified (Bull et al., 2017; Gordon et al., 2015).
Furthermore, the global nature of the quality rating
may offer less utility in directing intervention strate-
gies (Layzer & Goodson, 2006; Neitzel et al., 2019).
The more recently developed CLASS provides a dif-
ferent measurement approach. CLASS focuses spe-
cifically on process quality, rating 10 interactional
features of ECE quality organized in three quality do-
mains (instructional support [CLASS-IS], emotional
support [CLASS-ES], and classroom organization
[CLASS-CQ]). In contrast to the ECERS rating sys-
tem, CLASS adopts sequential scoring in which, across
a minimum of 2 h, ratings of quality are undertaken
for 30-min cycles (20 min of observation and 10 min of
scoring). Using this method, records of activity type
and teaching formats are made that enable the linkage
of assessed quality scores to variations in curriculum
and pedagogical formats across the assessment period
(Thorpe, Rankin, et al., 2020). Thus, in contrast to
ECERS that constructs structural quality, curriculum,
and process quality as additive, the CLASS assessment
examines these as interactive. CLASS also presents
limitations, however, such as concerns about the reli-
ability of ratings (Mantzicopoulos et al., 2018; Styck
et al., 2021).

Recent meta-analyses of studies examining the effect
of process quality suggest CLASS is a more sensitive
measure in detecting effects on child outcomes. Ulferts

et al. (2019) in a meta-analysis of 17 European longitu-
dinal studies found that while CLASS observations had
small, statistically significant associations with chil-
dren's language and literacy across time, these asso-
ciations were unreliably detected using ECERS as the
measure of quality. Similarly, a meta-analysis of six stud-
ies conducted in the USA (Hong et al., 2019) found small,
statistically significant associations between CLASS-IS
and language outcomes, but no such significant effect
with ECERS. Taking an Australian sample, in the cur-
rent study we utilize the CLASS measures to assess ef-
fects of three domains of process quality (CLASS-IS,
CLASS-ES, CLASS-CO) on child cognitive develop-
ment and learning attainments.

Disaggregating selection effects and process
quality effects

Early care and education is provided through a mar-
ketized system in which there is a range of provider
types and motives (e.g., for profit vs. non-profit; tar-
geted programs for disadvantaged families). The
consequence is a diversity of program offerings.
Inevitably, the marketized nature of ECE produces
selection effects driven both by parent preference
(perceived child need or understanding of quality)
and family resource that enable or limit access to
their preferred programs. While legislation can spec-
ify structural standards, there remains substantial
market-driven variation in provision that inevitably
influence process quality. Thus, in the Australian con-
text, while there is a national quality standard, there
remains considerable variation in ECE quality (Tayler
et al., 2013) influenced by the intersection of parent
ability to pay and market competition. For example,
in low-income communities' provision of food is more
likely when there is high market competition, yet no
associated change in fees to parents, suggesting cost
savings must be attained elsewhere (Thorpe, Searle,
et al., 2020). In this case, the effects on process quality
are unknown, but savings are most readily made in
staffing (United Workers Union, 2021), a key enabler
of process quality. Favorable quality rating assess-
ments are also used to attract market share (Thorpe,
Rankin, et al., 2020). Yet, higher quality is associated
with higher fee structures that, in the absence of tar-
geted subsidy, are only viable for parents who can sus-
tain higher costs (Thorpe et al., 2021). Public policy
also introduces systematic bias. Targeted subsidies or
provision of intervention programs directed to chil-
dren living in circumstances of the greatest disadvan-
tage give access to designated groups, but inclusion
criteria also serve to exclude others. To identify the
independent contribution of dimensions of process
quality to children's cognitive development and learn-
ing outcomes, therefore, requires effective adjustment
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of confounding factors associated with differential
selection.

Design and analysis strategies to detect the
effects of process quality

Statistical adjustment is the standard approach used
to account for confounding and selection effects in
between-child observational approaches to analyzing
ECE programs (Blanca et al., 2018). Appropriate ad-
justments, however, are dependent on the availability,
knowledge, and understanding of measurements that
reliably index confounding and selection bias, along
with the correct specification of the analytical and se-
lection model (Rubin, 1974). Typically, family charac-
teristics such as parent education, parent occupation,
place of residence, and race are used as indices based
on the assumption that these are associated with fam-
ily values, capacity to pay fees, and ability to access
ECE programs. However, many family and child fac-
tors that influence the selection of ECE program may
not be captured by broad family characteristics. To
date, between-child studies have yielded weak and in-
consistent results. Meta-analyses of the large body of
international studies find, at best, modest effects on
children's cognitive development and learning out-
comes (Perlman et al., 2016; Ulferts et al., 2019). There
is also considerable variation in the domain of process
quality identified as effective across studies (Perlman
et al., 2016). Variation across observational samples
is evident with stronger effects among disadvantaged
populations (e.g., Watts et al., 2021). Moreover, asso-
ciations may not be linear as a number of studies have
reported threshold effects in which teacher inputs
must exceed a certain quality level to make discernible
contributions to child outcomes (Hatfield et al., 2016;
Leyva et al., 2015; Li et al., 2019). Unmeasured con-
founders in correlational studies means between-child
designs have limited scope to approximate causality,
and consequently provide less certainty in directing
policy and practice actions.

A value-add model is the common approach applied
to identify strategies that improve children's cognitive
development and learning attainments (e.g., Curby
et al., 2013). In the value-add method, child outcomes
are typically measured at the start and end of an aca-
demic period. The comparative difference in the change
of child outcomes for each classroom then indicates
the value, in terms of academic development, added by
the teacher given the starting position of the children.
Classroom characteristics, including process quality,
are then modeled to evaluate their role in determin-
ing this between-classroom variation in added-value.
An alternative to the value-add design is to focus on
individual children as they move between classrooms

with differing levels of process quality, that is a within-
child across context design (Hoffman & Stawski, 2009;
Maldonado-Carreio & Votruba-Drzal, 2011; Watts
et al., 2021).

Within-child across context design is atypical in the
field of ECE effectiveness as they are labor- and cost-
intensive, requiring individual children to be tracked as
they disperse across classrooms rather than focusing on
changes within class groups. When such data are avail-
able, however, they present an opportunity to assess the
effects of change in quality, both positive and negative,
focussed on the individual child as they experience dif-
ferent classroom contexts. Although reliability and valid-
ity of measures of program quality and family covariates
remain a limitation, this design has the advantages of re-
ducing the effects of unmeasured child and family con-
founders and selection effects. One recent study (Watts
et al., 2021) presents an example. This study examined
changes in classroom quality across 3years of elemen-
tary school using CLASS to examine effects on individ-
ual children's trajectories of achievement and behavior.
This study reports small, but nonsignificant effects of
classroom quality across the general population, but sig-
nificant positive effects on the achievement of children
living in poverty when they moved to classrooms with
higher organizational quality. To date, although data
applicable to a within child-design have been collected
(Cash et al., 2019; Pianta et al., 2007, Vernon-Feagans
et al., 2019), studies commencing in the ECE setting and
utilizing within-child analytical methods have not been
reported. Yet, in the marketized ECE sector, selection
effects, and variability in quality (e.g., teacher qualifi-
cation, program type) are more pronounced than in the
school sector. Given these circumstances, a within-child
across context design offers potential to identify aspects
of process quality that can improve child outcomes with
greater certainty.

Advancing research to identify early education
program effects

Burchinal (2018) in a review of the state of the evidence
calls for greater sophistication in design and analytic
approach to direct understanding of ECE quality on
child development. Here, we provide the first within-
child across context analysis of ECE quality effects
on child outcome drawing on a diverse sample. We ana-
lyze data from the Effective Early Education Experiences
for Children (E4kids) study, a sample of 2606 children
attending the range of ECE programs in Australia com-
prising home-based day care, center-based day care,
and stand-alone pre-K programs. We assess the effects
of child exposure to variation in process quality as they
move between classrooms on their cognitive develop-
ment and learning outcomes.



1684

CHILD DEVELOPMENT | [

RANKIN ET AL.

METHOD

Although informed by a strong design, the current anal-
ysis was exploratory to the extent that statistical models
were not pre-specified at time of data collection. We re-
port on our data set, determination of our sample size,
all data exclusions, imputations and manipulations, and
all measures included in our analyses.

Data

Data were analyzed from the E4kids study. E4kids is a
study of N = 2606 children recruited from Australian
Early Childhood Education services with focus on
rooms providing for children aged 3—4 years. The proto-
col for this study has been published previously (Tayler
et al., 2013, 2016).

In 2010, the first year of the study, children were re-
cruited from N = 142 ECE services, comprising center-
based day care (n = 92), standalone pre-K (n = 40) and
home-based day care (» = 7), and limited hours care
(n =3). Using a sampling approach based on large-scale
studies (Adams & Wu, 2003), a three-level stratified sam-
ple was drawn. The first stage identified four locations—
two major cities in Australia (Melbourne and Brisbane),
one inner regional location (Shepparton, Victoria), and
one remote location (Mt Isa, Queensland; see Pink, 2011
for location classifications). Within each location, ser-
vice providers were stratified based on type of program
(long-day care, preschool, home-based day care, limited
hours care), resulting in 16 strata. Within each stratum,
a proportionate quota of services was assigned with the
services implicitly stratified and selected by sorting by a
weighting of the relative socioeconomic advantage and
disadvantage status of the locality (Adhikari, 2006) and
service capacity. Programs were randomly selected with
replacement in this manner. Specific numbers on strata
quotas, intervals, replacements, and weighting are avail-
able in Tayler et al. (2016). By this explicit and implicit
sampling, E4Kids included a broad range of Australian
ECE services across geographic locations and socioeco-
nomic areas.

Within center-based services, all rooms that educated
3- to 4-year-old children, and that had more than 5 chil-
dren in that age range, were selected. A small number of
siblings were captured using this method (see Table S3
for sibling numbers). All children within a selected
room were invited to participate. For home-based day
care, as a result of lower educator-child ratios, the pres-
ence of at least one child 3- to 4-years-old constituted
viable selection. The characteristics and frequency of
non-consenting children were not detailed at the time
of the study. In the years subsequent, the initial sample
was tracked into subsequent ECE and school services
via supplied email and phone contacts. The new service
or school room in which the child was located was then

invited to participate in the study. Thus, the stratification
of subsequent education services was indeterminant.

For all classrooms with a study child, observations
using the CLASS (Pianta et al., 2008a, 2008b) were made
longitudinally each year from 2010 to 2013. Observations
of process quality within each child's classrooms were
typically pre-K, K, and year 1 although we note that, due
to age cut-off or retention in a year level 5.5% of children
did not follow this typical sequence. The Supporting
Information (Table S1) provides a definition of these
programs for international comparison. During class-
room visits across 2010-2012, fieldworkers individually
tested children using the Woodcock—Johnson ITI (WJIIT)
Tests of Cognitive Abilities and Tests of Achievement
(Woodcock et al., 2001). Further information about the
children was obtained from surveys completed by the
primary caregiver (e.g., parent), educators, and ECE di-
rectors from 2010 to 2013. The study was approved by
the University of Melbourne Human Research Ethics
Committee (ID 0932660.2). All participation in the study
was voluntary and could be withdrawn at any time.

The sample for this study derives from the years 2010,
2011, and 2012. Of n = 2606 children who had at least
one academic measure, we only included children with at
least partial survey information from the caregiver and
academic outcomes for three sampling years (n = 1128)
and classroom observations for 2 (n = 68) or 3years
(n = 1060). Thus, the total number of children available
for analyses was 1128 (see Table S2 for data availability
over time). This analytical sample is compared to the
excluded sample and a relevant population in 2011 (the
closest national census) in Table S3. This shows slightly
higher attrition for migrant children and those with less
formally educated caregivers and fewer socioeconomic
resources. In addition, in comparison to the national
population, the sample captures a broad demographic
with some under-representation of Indigenous children,
migrant caregivers, and caregivers with lower formal
education qualifications. Finally, although not entirely
reflecting the initial stratification and weighting, there
is general agreement between the proportion of rooms
in the analytical sample in 2010 and the types of ser-
vices in the population (Table S7). We note that beyond
Indigenous and migrant status, information on race or
ethnicity was not collected.

Measures
Child cognition and achievement

The primary outcomes were five W scores from the
WIIII test battery; Cognitive 1-W Verbal Comprehension
(measuring lexical knowledge and language devel-
opment), 5-W Concept Formation (induction), 6-W
Visual Matching (perceptual speed), Achievement 4-W
Understanding Directions (listening ability, language
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development) and 10-W Applied Problems (quantitative
reasoning, math achievement, math knowledge) tests
(Woodcock et al., 2001). These were administered in per-
son by trained fieldworkers.

Key covariate

Our key covariate was the CLASS observational
measure (Pianta et al., 2008a, 2008b). We evaluated
the three subscales of Emotional Support (4 dimen-
sions), Classroom Organization (3 dimensions), and
Instructional Support (3 dimensions), with each item
on a seven-point scale ranging from 1 (lowest qual-
ity) to 7 (highest quality). For this study, we consid-
ered an observation as valid if there were 2-6 CLASS
completed observation cycles of 20min each (e.g.,
1-3 h per room). Most observations (98.2%) applied to
our sample had 4 or more cycles. Observations were
undertaken by 92 research staff who were trained
and certified as reliable both at initial training and
through annual re-certification. Following CLASS
protocol, certified reliability was expressed as being
within one rating of the gold standard coder, with at
least 80% agreement across all observations. In-field
assessment of fieldworkers against a gold standard
CLASS-coder was conducted in 2011 and agreement
within one rating was high (96.4%, Cloney et al., 2017).
Observers completed their ratings of each scale con-
sistent with the CLASS manual, using Pre-K and K
versions of CLASS as appropriate. Each CLASS sub-
scale was calculated as the average of the observation
cycles in the classroom at the assessment year. As, in
2011, multiple visits were made to some services for
reliability assessment, for that year we used the visit
with the most valid cycles. If multiple visits had the
same number of cycles, we randomly allocated which
CLASS visit was examined for the child in that assess-
ment year. Psychometric results (e.g., measurement
invariance across cycles) of the subscales for these ob-
servations were excellent and are published elsewhere
(Thorpe, Rankin, et al., 2020).

Additional covariates

Several additional covariates were included in the anal-
ysis. The time-varying covariates (e.g. home learning
environment; child temperament) were from 2010 to
avoid adjusting for intermediate outcomes (Ananth &
Schisterman, 2017) and to reduce the amount of missing
data within the sample. Data from 2010 were also used
for time-invariant covariates (e.g., caregiver born over-
seas) unless missing at this point. If these data were not
available in 2010 but subsequently provided, they were
backfilled.

Child covariates

Categorical variable covariates regarding the child were
gender (0 = female; 1 = male), Indigenous status (0 = no;
1 = yes), child born overseas (0 = no; 1 = yes); child has

CHILD DEVELOPMENT

a developmental delay (0 = no; 1 = yes); and English-
speaking (0 = main and only language; 1 = main, but also
speaks other languages; 2 = English not main language).

Continuous child covariates included child age in
years (centered at the grand mean) and difficult tem-
perament, which was assessed by the 12-items Short
Temperament Scale for Children (Sanson et al., 1994).
This scale comprises three subscales (persistence, re-
activity, and sociability), derived from aggregation
of four items. Caregivers were asked to rate their
child's behavior (e.g., “if this child is upset, it is hard
to comfort him/her”) on a 6-point Likert scale (almost
never = |1 to 6 = almost always). Lower persistence,
higher reactivity, and lower sociability indicate a more
difficult child temperament, so the persistence and
sociability scales are reverse coded and averaged with
reactivity to derive the difficult temperament scores
(Prior et al., 1989).

Caregiver covariates
Categorical caregiver covariates were Indigenous status
(0 =no; 1 =yes), caregiver born overseas (0 =no; | = yes);
caregiver has a low-income health care card (0 = no;
1 = yes); highest level of education (0 = postgraduate de-
gree; 1 =bachelor degree; 2 =diploma; 3 = year 12 or Tafe
[technical college] certificate; 4 = year 10 or lower); and
presence and effect of 11 stressful life events (Holmes &
Rahe, 1967), for example, death of someone close to you,
on the child (0 = event not experienced, or event expe-
rienced but no negative effect on child, or event experi-
enced and negative effect on child; 1 = event experienced
and had serious negative effect on child), where the max-
imum score across the 11 events was retained.
Continuous caregiver covariates were psycholog-
ical distress as measured by the Kessler-10 (Kessler
et al., 2002). This measure is the sum of 10 items that
measure psychological distress in the past 30days. For
example, how often did you feel hopeless? (1 = none of the
time, 5 = all of the time). Additionally, the home learn-
ing environment was measured using the average of 12
items that related to learning materials and interaction
at home. For each item, caregivers rated the frequency
of an activity over the last week, for example, read to
the study child from a book, on a 07 scale (0 = no days;
7 =Tdays).

Analytical plan

In the first step, we calculated the intra-class correla-
tion (ICC) for children for each CLASS dimension by
dividing the child random effect variance by the total
variance from random intercept linear models. The
ICC ranges from 0 to 1 and indicates whether chil-
dren have stable experiences of early education quality
(a high ICC) or fluctuating experiences (a low ICC).
Without some within-child variation (e.g., ICC<.7),
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it would be impractical to evaluate how changes in
quality are linked to changes in child outcomes at the
within-child level.

In the second, third, and fourth steps, we used
progressively complex hybrid random effect models
(Hamaker & Muthén, 2020) to evaluate academic out-
come trajectories, the within- and between-person ef-
fects of CLASS on academic outcomes, and if there
were threshold effect of CLASS on academic out-
comes, respectively. The specific formula for a hybrid
model is:

Yi=Po+ (ﬂl + 'Ili) (xit - }i) + Baci + B3x; + ﬂ4(x,~, - ;i)“?i + po; + o + €y

where, y is the cognitive outcome for child 7 at time ¢.
indicates regression coefficients, x is the score on a time-
varying covariate (e.g., CLASS-ES), X is the average score
for a time-varying covariate (e.g., CLASS-ES), ¢ is a time-
invariant covariate (e.g., sex assigned at child's birth),
u is the child random intercept with variance 150 and 7§
represents a random effect on f, for example, with vari-
ance 7%1 distributed as (y,, n,,)~Normal(0, [ﬂzggu ”’ﬁ“{” ),
w 1is the random intercept for unique room year combi-
nations ¢ (w,~Normal(0, ai)), and ¢ is the residual error
(¢;,~Normal(0, af)). In this model, 3, is a within-person
effect, f, is a between-person effect, and 3, represents the
interaction between a within-person and between-person
effect, such as the effect of average CLASS-ES on changes
in CLASS-ES, that is used to evaluate thresholds.

The models used in step 2 to evaluate the typical
trajectories of each academic outcome included a ran-
dom intercept for each child and between-person and
within-person terms for age, as well as their interaction.
Random slopes for each child were also estimated for
the within-person age term. As all children had three
observations of academic outcomes these models used
complete data.

Next, the models in step 3, used to evaluate the con-
tribution of each CLASS dimension and subscale in ex-
plaining within-person and between-person variation in
academic outcomes, extended the previous model to in-
clude within- and between-person terms for CLASS, as
well as including the additional covariates and a random
intercept for unique room by year combinations.

The fourth step included an interaction for the with-
in- and between-person variation in CLASS to evaluate
threshold effects, for example, a positive change when
average CLASS is high would indicate a child has moved
into a very high-quality ECE experience. This approach
to estimating quality thresholds is unique, as the data are
used to reveal where changes in quality are meaningful
based on the average experience of children.

We further investigated each statistically reliable in-
teraction in the fourth step by estimating the regions of
significance which show when the effect of one variable
becomes significant (p<.05) given values of the other
variable (Preacher et al., 2006; Roisman et al., 2012). We

considered the interaction reliable if 1) regions of signifi-
cance were within plus or minus 2 standard deviations of
each measure in the interaction, and 2) we interpreted a
suitably large number of observations within the regions
of significance.

We chose to model each CLASS dimension separately
because of high correlations (r up to .86) and consequent
multi-collinearity.

As a supplemental analysis comparable to Watts
et al. (2021), we estimated step 3 models but categorized
CLASS into four groups separating the 25th, 50th, and
75th percentiles of unique room observations, with the
lowest 25th percentile forming the baseline. This analysis
provides an alternative insight into nonlinear thresholds,
though not accounting for how the average experience
may moderate the effect of changes in quality.

Covariates

We focus our interpretation on models estimated with
(adjusted) covariates. We also ran models without co-
variates (unadjusted) that are reported in Supporting
Information. The unadjusted models included child age
to account for cognitive maturation.

Statistical software and model assumptions

All models were run in R (R Core Team, 2020; version
4.0.2) using the Ime4 (Bates et al., 2015; version 1.1.23) and
ImerTest (Kuznetsova et al., 2017; version 3.1.3) packages.
Model diagnostics: Diagnostic plots were examined in R
using the qgmath function of the lattice package version
0.20.41 (Sarkar, 2008) to evaluate normality of the resid-
uals and validate assumptions of multilevel regression
models (Pinheiro & Bates, 2000).

Missing data

While nearly all children had CLASS scores in three time
periods (94%), and complete data on other covariates
(80.6%), we aimed to maintain a large sample. Therefore,
we used multilevel imputation using mice (version 3.11.0;
Van Buuren & Groothuis-Oudshoorn, 2011) and mice-
adds (version 3.10.28; Robitzsch & Grund, 2020) pack-
ages to impute missing covariate information. For
covariates that were stable at the child level (e.g., gen-
der) we used two-level-only predictive mean matching,
while for time-varying covariates (e.g., CLASS) we used
normal multilevel imputation (ml.Imer) that includes
group mean centering to accommodate our substantive
model of interest. We also included interactions between
CLASS subscales and all other covariates in predict-
ing cognitive outcomes using the interactions option. A
study evaluating imputation methods for longitudinal
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designs showed the normal two-level imputation had su-
perior performance to other multilevel options (Huque
etal., 2018). One hundred imputed datasets were created,
each being run for 30 iterations and the visit sequence
monotonically increasing from least to most missing
data. Convergence was visually assessed via trace plots,
and imputed data distributions were visually evaluated to
non-missing data—these evaluations revealed no major
issues with the imputation (Van Buuren, 2012). Results
from multiple imputed data sets were combined using
the mice, Amelia (version 1.7.6; Honaker et al., 2011),
merTools (version 0.5.2; Knowles & Frederick, 2020), and
broom. Mixed (version 0.2.6; Bolker & Robinson, 2020)
packages.

RESULTS

Summary statistics of child and family covariates are
presented in Table 1. These show we obtained a com-
prehensive analytical sample with expected represen-
tation of race, language, and education for a sample
recruited with ECE services where employed caregivers
are over-represented (Table S3 compares to excluded
sample and relevant population). Moreover, the mean
and variability of child temperament and proportion
of children with development delays or experiencing
adverse life events suggest a diverse, yet typical, range
of developmental typologies are included. Further de-
tails on the sample comprising correlations, averages,

CHILD DEVELOPMENT

and standard deviations of key child variables are pre-
sented in Supporting Information (Table S5 imputed;
Table S6 observed). These show that CLASS-ES in 2010
(Pre-K) was most reliably correlated with cognitive
outcomes in 2010, 2011, and 2012, while CLASS-IS and
CLASS-CO had more reliable correlations with cogni-
tive outcomes in later years when more children were in
formal school (e.g., 43% at formal school in 2011; 89%
in 2012). The average correlation between subsequent
cognitive measures was strongest for verbal comprehen-
sion (r = .68) and weakest for concept formation (r = .45).
Verbal comprehension and applied problems had the
highest between cognitive outcome correlation (r = .69,
2010), while the lowest was between concept formation
and understanding directions (» = .41, 2010). The aver-
age correlation between age and cognitive outcomes re-
mained stable across time (r = .43, .42, .42). Additional
information includes the proportion of children in each
grade (Table 2; and proportion rooms in Table S7), num-
ber of children per room (Table S4), and grade trajecto-
ries of the included (Table S8) and excluded (Table S9)
sample. Of note, 52.4% of child observations were dur-
ing pre-K, 42.7% formal schooling, and 5.9% unknown.
Additionally, when known, the most common pre-K
settings for children were stand-alone (56%) or center-
based services (41%), whilst formal school settings were
predominantly Kindergarten (100% 2011; 53% 2012) and
year 1 (47% 2012). The excluded sample had comparative
grade trajectories but was more likely to be missing room
information due to the exclusion criteria.

TABLE 1 Covariates and sample characteristics of the children and caregivers
n M or % SD % missing

Child: female 1128 0.48 0
Child: Indigenous 1121 0.03 0.006
Child: born overseas 1126 0.06 0.002
Child: difficult temperament 947 1.98 0.66 0.16
Child: developmental delay 937 0.05 0.169
Child: English primary language (ref) 1125 0.84 0.003
Child: English primary, speaks another language 1125 0.11 0.003
Child: English not primary language 1125 0.04 0.003
Stressful life event that seriously affected child 944 0.11 0.163
Caregiver Indigenous 1105 0.01 0.02
Caregiver born overseas 1109 0.22 0.017
Caregiver has health care benefits card 1105 0.22 0.02
Caregiver education: post-graduate (ref) 1110 0.19 0.016
Caregiver: bachelor degree 1110 0.3 0.016
Caregiver: diploma 1110 0.13 0.016
Caregiver: year 12 or Tafe 1110 0.29 0.016
Caregiver: year 10 or lower 1110 0.09 0.016
Caregiver: psychological distress 938 14.48 4.22 0.168
Home learning environment 941 3.25 1.14 0.166
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TABLE 2 Classroom grade characteristics reported as the proportion of children (z children)
Grade
Pre-K Formal schooling
Family Missing Missing
Year Stand alone Centre based  based K Y1 SC/ISU grade room
2010 0.47 (529) 0.44 (496) 0.03 (37) 0.04 (43) 0.02 (23)
2011 0.36 (411) 0.19 (210) 0.01 (9 0.41 (467) 0.02 (18) 0.01 (13)
2012 0.05 (55) 0.02 (26) <0.01 (1) 0.46 (523) 0.4 (455) 0.03 (35) <0.01 (1) 0.03 (32)

Note: K =kindergarten, Y1 = year 1, SC = school combined/unknown (K and Y1; K or Y1). Family-based care includes limited hours care. Children without a
room were assigned to a unique room by year room number (one room for each year) for modeling.

TABLE 3 Quality information of observed rooms

Year CLASS measure N M SD Min Max
2010 Emotional support 219 5.13 0.92 2.58 6.9
Instructional support 219 2.36 0.96 1 5.73
Classroom organization 219 4.58 0.92 1.92 6.5
2011 Emotional support 599 5.47 0.64 3 6.85
Instructional support 599 2.52 0.81 1 6.33
Classroom organization 599 5.17 0.73 2.5 6.83
2012 Emotional support 800 5.44 0.61 2.92 6.9
Instructional support 800 2.75 0.83 1.06 5.94
Classroom organization 800 5.37 0.72 2.47 7

Abbreviation: CLASS, Classroom Assessment Scoring System.

Classroom characteristics are in Table 3 Averages of
quality, as assessed by CLASS, increased as children
moved into formal school grades, and the variability in
scores decreased. Average CLASS-ES and CLASS-CO
were generally above the middle-quality range (3-5) of
the scales, while CLASS-IS was marginally above the
low-quality range (1-2). There were high correlations
between CLASS scores at each assessment period (e.g.,
CLASS-ES and CLASS-CO r = .86 in 2010; Table S5).
However, CLASS scores had low correlations across
time (e.g., CLASS-ES 2010 and 2011, r = .18; Table S5),
reflecting children moving to rooms with different levels
of observed quality.

Step 1: Child variation in class scores

Estimating the ICC for the imputed sample (Table S10)
showed substantial within-child variability in CLASS-ES
(ICC=.08) and CLASS-IS (ICC=.09), while CLASS-CO
was particularly variable (ICC = .03). To confirm these
results, we ran the same analysis on the sample with
CLASS at three time points (n observations = 3180;
n children = 1060) and found similar variation
(CLASS-ES =0.08; CLASS-IS =0.08; CLASS-CO = 0.03;
Table S11). Figure la plots 20 individual trajectories over

time in comparison to the yearly overall average from
100 imputed datasets.

Step 2: Trajectories of cognitive ability

All measures of the children's cognitive ability increased
over time. Figure 1b plots a sample of individual brief
intelligence assessment trajectories over time as well
as the overall predicted trend from the growth model
(Table S12).

Step 3: Effects of CLASS on academic outcomes
Change in quality

Table 4 presents the key coefficients from the adjusted
hybrid regression models. This shows that increases in
CLASS-ES were the only dimension reliably associated
with improved cognitive outcomes, specifically, verbal
comprehension (f = 0.54 [95% CI: 0.1-0.99]). In terms of
standardized effect sizes on verbal comprehension, the
point estimate for a one standard deviation change in
CLASS-ES (0.61 units; Table S13) equates to a 0.02 stand-
ard deviation change in verbal comprehension (overall
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(a) Twenty randomly selected child trajectories of emotional support (average in classroom) as measured by Classroom

Assessment Scoring System, with dashed line indicating overall average in each year from 100 imputed data sets. (b) Ten randomly selected
trajectories of child verbal comprehension scores with predicted values (dotted line connects observation [black] to prediction [grey]) from
random intercept and slope growth model. Thick dashed line is the average prediction

SD = 15.78). In practice, a l-point change in CLASS-ES
yields a 0.54 change in language scores (5/100 of the ef-
fect of aging 1year; f=10.72 [95% CI: 10.37-11.07]).

Higher average instructional support was reliably
associated with higher verbal comprehension in the
adjusted (Table 3) and unadjusted models (Tables S15—
S29). However, the number of reliable associations
(p>.05) between average CLASS domains and cognitive
outcomes in the adjusted model (1 of 15; Table 3) was
much lower than that for the unadjusted models (14 of
15; Tables S14-S28).

Step 4: Threshold analyses—Change in
quality X average quality

Two statistically reliable interactions between the av-
erage level of CLASS-ES and changes in CLASS-ES
predicting cognitive outcomes were identified (Table 4;
Tables S14-S28 contain full results, and Tables S29 and
S30 for regions of significance tests). Both related to lan-
guage outcomes: verbal comprehension and understand-
ing directions.

These interactions show whether the effects of changes
in quality are dependent on both, or either, the absolute
value of quality and the average quality experienced.
They identify the threshold at which a change in quality
is meaningful and the average dosage of quality required
to benefit from these changes. If there were no threshold
effects, changes in quality would be the same for children
who are in high-quality classrooms on average and chil-
dren who are in low-quality classrooms on average.

Figure 2a presents the interaction effect for verbal
comprehension. This shows, in line with information
from the regions of significance testing, that children

with average CLASS-ES across time greater than 5.06
(high-mid range on CLASS; average 5.35, SD = 0.49),
compared to children with an average below 5.06, expe-
rienced a significant improvement in verbal comprehen-
sion when there was an increase in CLASS-ES greater
than 0.2 (average change ~0, SD = 0.61). In absolute
terms, there was a significant increase in verbal compre-
hension for a child with an average CLASS-ES of 5.06 if
they moved to a room with CLASS-ES of at least 5.26.
On the other hand, a child with an average of 4.06 was
not observed to benefit from a shift to 4.26, or 5.26. That
is, the benefits of higher emotional support for children's
verbal comprehension are dependent on both reaching an
exposure threshold across time of CLASS-ES within the
high-mid range, and a change in quality into the high-mid
range. This positive gain for children when CLASS-ES
increased by at least 0.2 was well within two standard
deviations of observed changes and informed by 28%
of observations that had an average CLASS-ES greater
than 5.08, making it reliable (within the gray shaded re-
gions of significance). On the other hand, the negative
slope was not significant with the range of the data and is
considered unreliable (p>.05). Suggesting children who
are, on average, in classrooms with CLASS-ES greater
than 5.06 did not have a comparative decline in verbal
comprehension when quality declined below this level.
Figure 2b presents the interaction effect for under-
standing directions. The effect was statistically reliable
when CLASS-ES increased by 0.84 (within two standard
deviations), but the contrasting average groups (average
less than 4.65 or greater than 5.83) were only informed
by 0.59% and 0.35%, of observations, respectively.
Likewise, the left side of the interaction was statistically
reliable when CLASS-ES declined by —0.91 (within two
standard deviations), but only informed by 2.33% and



1690

CHILD DEVELOPMENT | [

RANKIN ET AL.

TABLE 4 Hybrid regression results, including threshold analysis

Outcome

Change

Emotional support

Average

Emotional support

Change x average
emotional support

Concept formation

Visual matching

Verbal comprehension

Understanding directions

Applied problems

Instructional support

Concept formation

Visual matching

Verbal comprehension

Understanding directions

Applied problems

Classroom organization

Concept formation

Visual matching

Verbal comprehension

Understanding directions

Applied problems

-0.32 (-1.14 10 0.5)
~7.28 (~15.54 0 0.98)

0.2(=0.37 10 0.77)

1.94 (=377 to 7.65)

0.54 (0.1 to 0.99)*
-5.65 (-10.15 to —1.15)*
~0.16 (<0.79 to 0.46)
-9.71 (-16 to —3.43)**
~0.1 (~0.87 t0 0.67)

3.36 (—4.56 to 11.27)

0.22 (=0.47 to 0.91)

~1.36 (—4.92 t0 2.2)
0.04 (0.43 to 0.52)
1.87 (—0.54 to 4.28)
0.25 (—0.12 t0 0.63)
0.46 (—1.48 t0 2.4)

~0.18 (<0.7 t0 0.35)
1.38 (-1.31 to 4.08)
0.18 (~0.47 to 0.83)
2.07 (-1.23 t0 5.37)

~0.16 (=091 t0 0.58)
~2.53 (-8.78 to 3.72)
0.4 (=0.11 t0 0.92)

171 (=2.59 t0 6.02)
0.32 (=0.09 to 0.73)
0.25 (-3.21 t0 3.7)
~0.03 (=0.6 to 0.54)
~3.94 (=8.73 t0 0.84)
0.03 (=0.67 to 0.73)
3.11 (=3.09 to 9.31)

1.23 (~0.36 to 2.81)
1.22 (=0.36 o 2.8)
—0.12 (-1.37 to 1.14)
~0.11 (-1.37 to 1.14)
0.96 (—0.2 t0 2.12)
0.96 (—0.19 t0 2.12)
0.08 (~1.12 to 1.28)
-0.02 (-1.22 to 1.18)
0.5 (-1.31 t0 2.3)
0.55 (~1.26 to 2.35)

0.93 (-0.41 t0 2.27)
0.93 (~0.41 t0 2.27)

-0.05 (-1.11 to 1)

-0.05 (=1.1 to 1.01)
1.46 (0.49 to 2.42)**
1.46 (0.49 to 2.42)**
0.98 (—0.03 to 1.99)
0.99 (—0.02 to 2)
0.6 (=0.91 to 2.11)
0.62 (—0.89 to 2.13)

1.15 (=0.29 to 2.6)
1.15 (=0.29 to 2.59)
0.73 (~0.41 to 1.87)
0.74 (~0.4 to 1.88)

1.03 (=0.02 to 2.08)
1.03 (=0.02 to 2.08)
0.41 (-0.68 to 1.5)

0.33 (=0.77 to 1.42)
1.39 (—0.24 to 3.02)
1.48 (~0.16 to 3.12)

1.36 (=0.25 t0 2.97)

—0.34 (-1.45 t0 0.77)

1.21 (0.33 to 2.08)**

1.86 (0.64 to 3.09)**

—0.67 (<2.21 t0 0.87)

0.56 (<0.67 to 1.8)

—0.65 (-1.49 t0 0.19)

—0.07 (=0.75 to 0.6)

~0.55 (~1.49 t0 0.38)

—0.67 (-1.82 t0 0.48)

0.49 (=0.79 to 1.77)

—0.27 (-1.15 to 0.61)

0.01 (-0.69 to 0.72)

0.81 (=0.17 to 1.79)

~0.63 (-1.9 0 0.63)

Note: The interaction term must be significant to interpret the average and change terms in the models containing an interaction. Bold text is used to highlight

reliable and interpretable terms.
* p<.05; ** p<.01.

2.54%, of observations, respectively. Thus, given the
seemingly sporadic contrasting interaction shape and
small number of observations we considered this inter-
action unreliable.

Supplementary analysis: Categorical thresholds

Re-estimating step 3 models with categorical cut-points
for CLASS supported the results from continuous mod-
els. Specifically, when children changed from rooms
in the lowest 25th percentile of emotional support to
those above the 75th there was an increase in verbal

comprehension (f = 1.25 [95% CI: 0.33-2.16]). This re-
flects a threshold of 5.88, above which emotional sup-
port influenced verbal comprehension. This is higher
than the 5.26 revealed in step 4, highlighting that the
continuous interaction revealed thresholds with more
nuance. There were also increases in concept forma-
tion when instructional support went to the 25th to 50th
percentile (f = 1.25 [95% CI: 0.33-2.16]), and increases
in verbal comprehension when classroom organization
went up to the 25th to 50th percentile (f = 1.25 [95% CI:
0.33-2.16]), however, as these cut-points were not along
an increasing continuum of effects (e.g., unreliable for
children with quality >75th percentile) it suggests they
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FIGURE 2 Effect of changes in emotional support on (a) verbal comprehension and (b) understanding directions given the average level

of emotional support across the years 2010, 2011, and 2012. Regions of significance, where dependent on average emotional support changes in
emotional support have a significant influence on the outcome, are indicated by grey rectangle. Dashed line indicates two standard deviations
above and below average change in emotional support. Density plot at top of figure is the distribution of changes in emotional support from 100

imputed data sets

are sporadic. See Table S31 for distribution of categori-
cal coding, Table S32 for key results, and Tables S33—-S47
for full model results.

DISCUSSION

A key task for research in ECE is to identify program
components that are effective in delivering positive
learning experiences that optimize school readiness and
establish ongoing positive educational trajectories. With
that aim we applied a within-child design to assess the
effect of change in exposure to interactional quality,
measured using CLASS, on children's rates of cogni-
tive development and academic attainment. A within-
child design provided a more stringent test of effect by
controlling fixed child characteristics. Additionally, we
conducted threshold analyses to assess the potential of
nonlinear associations. Our sample captured the diver-
sity of ECE provision in Australia, including center-
based and family-based day care and stand-alone pre-K
programs and captured a socially diverse population of
children (N = 1128). The children were tracked across
3years as they moved from their pre-K setting through
to school enabling test of the association of variation
in quality experienced by each child and their cognitive
outcomes. Our within-child approach has yielded more
certain findings than those that could be generated by
focussing on average classroom quality. While we found
the average quality was uniformly associated with higher
academic ability in unadjusted models these associations
were not robust once adjusting for covariates. This find-
ing highlights the clear distinction between models that
are confounded by between-child differences, and those

that apply within-person models to attenuate the effects
of pre-existing and stable confounding differences be-
tween children (Hoffman & Stawski, 2009; Maldonado-
Carrefio & Votruba-Drzal, 2011; Watts et al., 2021).

Variation in children's exposure to
process quality

Using CLASS domains as our measures, we identified
substantial heterogeneity in the quality of early educa-
tion to which each child was exposed across 3years of
education. Indeed, the variation in CLASS-assessed
quality experienced by each child was vastly greater than
that experienced between children. This variation in the
quality of programs experienced by each child across
time is a necessary condition for linking change in qual-
ity to differential development. However, the extent of
variation is striking given the diversity of the sample that
includes not only low-income families but also those with
extensive resources who might reasonably be assumed
to provide stable access to high-quality ECE experi-
ences. That is the education system is achieving a level of
equality in that, regardless of family resource, children
on average were not consistently securing higher-quality
ECE experiences. One explanation for high variability in
quality of teaching, consistent with reports from other
countries, is that higher structural resource, while an en-
abler, is not a guarantee of high-quality interactional ex-
periences (Mashburn et al., 2008; Slot et al., 2015). Thus,
although structural aspects of ECE experiences are now
often standardized through legislated regulatory mecha-
nisms (Thorpe, Rankin, et al., 2020), variation in process
quality persists.



1692

CHILD DEVELOPMENT | [

RANKIN ET AL.

Defining and measuring process quality is a challeng-
ing and contested area of scholarship (Burchinal, 2018).
Consistency of measurement is difficult to achieve
(Pianta et al., 2016). Although, for a variety of reasons
(e.g., Pianta et al., 2007), educators will vary in process
quality they deliver, measurement error may also am-
plify variation and may contribute to the findings in this
study. Although the assessment of process quality in
this study was undertaken by CLASS-certified observ-
ers, the CLASS reliability criterion is set at 80% accu-
racy across ratings within one score of master coder on
a scoring system that has a range of 1 to 7. As a score of
one is greater than the standard deviation of observed
CLASS dimensions, there may be unadjusted measure-
ment error that has inflated the calculated variability of
a child's experience across time. In addition, we had two
or three observations of CLASS per-child. While two
observations per-child are adequate to reliably estimate
high ICC's (>.6), more observations are preferable to re-
liably estimate low ICC's (<.2) and further observations
would better clarify the variability (Shoukri et al., 2004).
Noting these limitations, the variability in each child's
exposure to quality across classrooms was sufficient to
proceed with a within-child analysis that linked changes
to academic development.

Effects of process quality

Our main finding was that, on average, children who
moved from an ECE room with lower to one with higher
CLASS-ES had a comparative increase in verbal compre-
hension. Informed by a within-child design, this finding
broadly aligns with prior studies that show an association
of CLASS domains and child development and attain-
ment outcomes, and specifically identify language out-
comes (Hong et al., 2019; Mashburn et al., 2008; Ulferts
etal., 2019). Two recent meta-analyses, one deriving from
Europe and the other from the USA, report an associa-
tion between rates of growth in language outcomes and
CLASS in ECE samples, but not with mathematics or
social skills (Hong et al., 2019; Ulferts et al., 2019). The
association between language and literacy seen in these
prior studies and in our Australian study likely reflects
the high language focus in assessing quality in ECE class-
rooms. Our findings specifically identify CLASS-ES,
but not CLASS-IS, as associated with verbal comprehen-
sion. Given that CLASS-IS has a strong focus on lan-
guage inputs from teachers we may have anticipated this
as a predictor of child language development. One likely
explanation is low variability in CLASS-IS in our sample
(av = 2.07 on a scale of 1-7), and in other international
samples (Mashburn et al., 2008; Salminen et al., 2012;
Tayler et al., 2013; Von Suchodoletz et al., 2014), reflects
either generally poor instruction or, a floor effect in the
measure (Thorpe et al., 2022) A further explanation re-
lates to the content of the measure. While CLASS-IS

focuses on teacher-driven language inputs (e.g., exten-
sion of vocabulary), child led language interactions are
a less dominant focus of this measurement domain. In
contrast, CLASS-ES focuses on teacher—child emotional
relationship and includes regard for the child's perspective
and teacher sensitivity to the child. The mechanisms con-
necting emotional support and verbal comprehension
are likely associated with rich conversations (“serve and
return”) that engage children, afford children opportu-
nity to make inputs, and enable educators to scaffold
verbal comprehension (Thorpe et al., 2021).

A converse notable insight from our findings is the
limitation of reliable findings to a single CLASS do-
main and child outcome. Despite an extensive research
protocol, empirically robust design, and detailed at-
tention to reliably measuring both ECE quality and
outcomes, no reliable associations were found between
changes in CLASS-ES and child outcomes beside those
for verbal comprehension, nor were there associations
between child outcomes and changes in CLASS-IS or
CLASS-CO. This finding is consistent with recent meta-
analyses that have also observed many unreliable effects
(Hong et al., 2019; Ulferts et al., 2019). The results also
draw attention to the considerable progress still required
to fully understand the aspects of quality that deliver ex-
tensive benefits to children (Pianta et al., 2016). Inputs
to child development outcomes are complex and conver-
gence in the consistency of quality effects remains elu-
sive. To identify policy and practice actions that achieve
significant benefit to children requires that research ef-
forts remain targeted on identifying measures of qual-
ity that are theoretically robust, reliable, and predictive
of child outcomes. Consideration of broader structural
and contextual factors (e.g., Thorpe, Jansen, et al., 2020;
Thorpe, Searle, et al., 2020) that may limit capacity to
deliver high process quality should also be considered.

Thresholds of process quality

Our threshold analyses identified only one reliable ef-
fect. We found that children, who on average, were ex-
posed to mid-high CLASS-ES across time (CLASS
scores >5.06) had higher verbal comprehension scores
when CLASS-ES increased. Likewise, coding CLASS
categorically confirmed this finding, albeit with a higher
threshold (CLASS-ES>5.88). These findings reflect re-
ports that suggest the higher thresholds of process qual-
ity are required to generate the greatest effect (Burchinal
etal., 2016), and that cumulative exposure to high quality
provides the most benefit (Vernon-Feagans et al., 2019).
The current finding draws attention to the importance
of dimensions of classroom quality captured with the
CLASS-ES domain across the early years of education,
Pre-K through K and year 1. The quality improvement
agenda has driven the implementation of educationally
focused curricula and interventions focused on teacher
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instruction (Organisation for Economic Co-operation
and Development, 2021). Such interventions are not
intended to remove child inputs or limit inquiry (play-
based) learning. Yet, there are ongoing concerns about
the intensification of focus on academic readiness, em-
phasis on more structured learning formats, and reduc-
tion of time for child-directed, self-initiated exploration
(Yogman et al., 2018). This shift is particularly evident in
the transition to formal schooling (K and year 1) where
increases in CLASS-IS and CLASS-CO scores are seen
with commensurate decline in CLASS-ES (Thorpe,
Rankin, et al., 2020; Thorpe et al., 2021, 2022). Our cur-
rent findings show that CLASS-ES, a quality domain
that includes an emphasis on interactional features such
as regard for student perspective and teacher sensitivity,
is important in the promotion of language development
within the early years of school. One prior study sug-
gested a construct of responsivity underpins CLASS-ES
and CLASS-CO (Hamre et al., 2014). While such a con-
struct is potentially underpinning our findings, these
were exclusive to Emotional Support and consistent
with evidence for three CLASS domains (Li et al., 2020;
Sandilos et al., 2014). Our findings flag the dual peda-
gogical task of improving instructional supports while
enabling child inputs into learning. That is, our results
show that emotionally supportive environments should
not run contrary to educationally focussed instruction
but be integral to early years pedagogical approaches
that support long-term trajectories of learning (Ansari
et al., 2020; Pianta et al., 2021).

Limitations

While the within-child approach provided in this study
hasthe benefits of adjusting for time-invariant differences
between children, like all other observational cohort
studies our study has limitations that should be con-
sidered in interpreting our results (Rosenbaum, 2020).
One limitation relates to measurement. There is the po-
tential that variation in quality assessed using CLASS
is an artifact of measurement error. While compared to
alternative measures, CLASS has been found to be more
sensitive to aspects of the classroom environment that
predict child development outcomes (Hong et al., 2019;
Ulferts et al., 2019) problems of reliability may provide
an alternative explanation for fluctuation of quality
scores between classrooms (Mantzicopoulos et al., 2018;
Styck et al., 2021). Specifically, the criteria for a reli-
able observation (within one, on the seven-point scale)
is equivalent to one standard deviation of observed
scores. Thus, instability of quality experiences might be
explained by this low reliability standard or by system-
atic observer differences in applying this standard, given
that multiple observers undertook CLASS assessments.
Another relates to statistical analyses. While we adjust
for time-invariant between-child differences by design,

there may be unmeasured time-variant within-child bi-
ases, such as changes in parenting, the home learning en-
vironment, and additional educational inputs, we have
not accounted for (Rothstein, 2009). In addition, though
we assume changes in quality drives cognitive develop-
ment, our correlational design means we cannot discount
the possibility that educators may be able to achieve
higher levels of observed quality when teaching children
with higher cognitive development (Watts et al., 2021).
However, as observations followed individual children
into different classrooms with different child composi-
tions, it is unlikely that each child would substantially
drive classroom quality across 3years. Third, to maxi-
mize information use we estimated thresholds using
the continuous interaction between average quality
and changes in quality, as well as analyzing categorical
cut-points. Although residuals of the model indicated
further exploration unnecessary, we note alternative ap-
proaches, such as polynomial nonlinear terms, could be
used to investigate thresholds.

Directions for future research

Developmental gains resulting from inputs of ECE have
frequently been found to fade out across time, as children
enter school environments and classrooms in which chil-
dren who have not received the benefit of high-quality
ECE are also present (Bailey, Duncan, et al., 2020).
The composition of a class can have marked effects of
child development outcomes (Coley et al., 2019). Fade
out would be anticipated when an educator in the new
context fails to sustain gains, while sustaining environ-
ments are those that enable the continuation or growth
of initial gains. Although meta-analyses identify insuf-
ficient and limited evidence on sustaining environments
(Bailey, Jenkins, & Alvarez-Vargas, 2020), our study pro-
vides evidence that maintaining and improving quality
across the early years yields ongoing benefits. Our study
points to the benefits of within-child approaches and the
potential to consider measurement of class composition
and other features of ongoing educational environments
to understand mechanisms of sustaining versus fade
out. Ongoing tracking of samples throughout the school
years via data linkage to school records also presents a
direction for understanding long-term effects. Regarding
the E4kids sample analyzed here, such linkage has been
achieved and will be the focus of ongoing analyses.

CONCLUSION

This study aligns with a large body of research finding
a limited association between measures of CLASS and
children's development and attainments. Consistent with
these prior studies, language outcomes are those reliably
predicted by CLASS. However, the findings of association
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are limited to CLASS-ES and language. The constraint of
findings to this one reliable result may reflect measure-
ment limitations, whether of reliability, scope, or specific-
ity. In the case of our Australian study, our results indicate
that the emotional quality of the classroom environment
matters for children's language attainment and that the
higher the support the better. As our measure of emo-
tional quality, CLASS-ES, directs attention to teacher—
child relationship and regard for student perspectives we
suggest that gains in language development reflect the
opportunity for child inputs in the learning environment
and the affordance of “serve and return” interactions that
scaffold language. An important message from this find-
ing is that the emotional qualities of the environment are
not ancillary to instructional support but rather integral
to young children's learning.
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