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A B S T R A C T

High-quality preschool experiences can promote children’s short- and long-term development, yet many children in the United States still lack access to high-quality
care. Many states have turned to Quality Rating and Improvement Systems (QRIS) in an attempt to solve this problem. Unfortunately, recent empirical work has
shown that most QRIS ratings are not linked to either program quality or children’s learning gains, leading to calls for reform. In particular, in recent years there have
been calls to simplify QRIS and focus accountability on a smaller set of quality measures that are linked to children’s development. This exploratory study probes the
potential of such an approach, comparing how a single measure of quality compares to a set of commonly-used QRIS indicators (e.g. teacher education, an ob-
servational measure of teacher-child interactions, classroom size/ratio, opportunities for family involvement, etc.). Our findings—that a QRIS system based on an
observational measure of the quality of teacher-child interactions alone is equally effective at predicting children’s learning gains as a more complex set of in-
dicators—align with recent calls for second generation QRIS that use fewer, but more powerful indicators. Implications for research and policy are discussed.

1. Introduction

Though there is ample evidence that high-quality preschool ex-
periences can promote children’s short- and long-term development
across multiple domains (Campbell, Ramey, Pungello, Sparling, &
Miller-Johnson, 2002; Deming, 2009; Phillips et al., 2017), there is
significant variability in the quality of early care and education (ECE)
settings in the United States (Bassok & Galdo, 2016; Burchinal,
Vandergrift, Pianta, & Mashburn, 2010; Dowsett, Huston, Imes, &
Gennetian, 2008). To improve the quality of ECE settings, many states
have increasingly turned to accountability systems known as Quality
Rating and Improvement Systems (QRIS). QRIS aim to improve the
quality of ECE programs system-wide through incentives, supports for
quality improvement, and informational campaigns designed to shape
parent choice (Zellman & Perlman, 2008). While in 1997 there was just
one QRIS in operation, forty-nine states now either operate a QRIS or
are in planning or pilot phases (Build Initiative and Child Trends,
2019).

Much like K-12 accountability systems, QRIS aim to measure
quality, incentivize improvement, and increase transparency. However,
unlike the K-12 system, which typically rate programs’ quality based on
children’s learning gains, no QRIS rates programs based on develop-
mental gains. This is because assessing very young children is costly,
time-consuming, and oftentimes unreliable (e.g. National Association
for the Education of Young Children, 2003; National Early Childhood
Accountability Task Force, 2007; Snow, 2011; Waterman, McDermott,
Fantuzzo, & Gadsden, 2012). Instead, QRIS rate programs on a variety

of classroom inputs that are either theoretically or empirically linked to
children’s learning. QRIS quality indicators are wide-ranging, including
staff qualifications, teacher-child ratios, assessment use, observed
measures of classroom quality, and opportunities for family involve-
ment.

Because the ultimate goal of QRIS is to support young children’s
early development, it is important to understand the extent to which
the broad set of quality measures collected by QRIS succeeds in iden-
tifying programs that are effectively supporting children’s learning.
Indeed, there are now several QRIS validation studies across more than
12 states exploring these issues. Unfortunately, findings from these
studies have been largely discouraging, showing weak, inconsistent
associations between QRIS and children’s development, leading re-
searchers and policymakers to reconsider QRIS design (Cannon,
Zellman, Karoly, & Schwartz, 2017; Karoly, 2014). In particular there
have been recent calls for the creation of what Cannon and colleagues
(2017) call “second generation” QRIS, which would be far more
streamlined than those currently in place. These second generation
QRIS should have both fewer quality indicators and include only in-
dicators that have been robustly linked to child development (Cannon
et al., 2017; Sabol, Hong, Pianta, & Burchinal, 2013).

Louisiana’s QRIS follows the suggested second generation approach,
and thus provides a unique opportunity to study a system consistent
with Cannon and colleagues’ recommendations. Specifically, unlike any
other state, Louisiana has developed a QRIS that uses a single indicator
of quality: an observed measure of teacher-child interactions, the
Classroom Assessment Scoring System (CLASS, Pianta, La Paro, &
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Hamre, 2008). Although the focus on a single measure may be viewed
by some as narrow, that is, as ignoring other important aspects of ECE
quality, Louisiana chose to focus on this observational measure because
of the growing consensus in the ECE literature that classroom-level
processes, and specifically the provision of responsive teacher-child
interactions, are among the most important elements of quality ECE
programs, particularly with respect to promoting school readiness
(Phillips et al., 2017; Yoshikawa et al., 2013). Louisiana identified
process quality as the main developmental force in an ECE classroom,
and chose to make it their sole focus. The state does collect information
about many of the quality measures included in other states’ QRIS (e.g.
teacher child ratios, teacher education levels, etc.) but these measures,
though made public, do not factor into programs’ QRIS rating.

Louisiana’s approach makes it an important case study for both
understanding the validity of one second generation QRIS, and ex-
ploring how second generation QRIS may compare to more typical
QRIS scores, which combine many measures. That is, Louisiana pro-
vides a novel context for exploring the tradeoffs between a tightly fo-
cused definition of quality versus a more comprehensive approach,
which can inform other states’ efforts to refine their QRIS. Answering
this question is critical: if QRIS ratings measure quality in a way that is
not systematically linked to children’s development, then these systems
are unlikely to foster improvements that ultimately will benefit chil-
dren.

This study combines CLASS observation data collected in Louisiana
classrooms during the 2014–15 academic year, program structural
quality measures (teacher education and experience, class size, parental
involvement, health screenings, and developmental assessment use)
and a set of direct child assessments to answer two key research
questions. First, we explore the relationships between CLASS and
children’s learning gains in math, language, and literacy as measured
using the Woodcock Johnson, the Peabody Picture Vocabulary Test and
the Test of Preschool Early Literacy (see Method for more information).
We describe the extent to which categorical ratings of quality based
only on the CLASS link to measures of children’s learning in those
classrooms. Second, we examine whether these ratings provide stronger
predictions of learning gains if other commonly used QRIS indicators
were included. We do this using both regression and chi square ana-
lyses. This study provides new evidence about the predictive validity of
one state’s approach to measuring quality within a QRIS; specifically,
we find that CLASS scores predict children’s learning gains, and that
adding additional measures of quality commonly used in QRIS does not
meaningfully improve predictive power. Findings from this analysis can
inform policymakers looking to balance reliable quality measurement
with concerns about program resources.

1.1. Accountability systems in education

Quality Rating and Improvement Systems reflect a policy effort to
move educational accountability into the early childhood sector. Like K-
12 accountability systems, QRIS aim to define and measure quality so
that states can publicize these ratings for parents and caregivers;
moreover some QRIS systems include additional incentives and sanc-
tions designed to promote quality improvement. A substantial body of
evidence from K-12 does suggest that accountability systems can lead to
modest improvements in student outcomes (Dee & Jacob, 2011; Loeb &
Figlio, 2011). However, this literature also highlights that the ways in
which policymakers define, measure, and incentivize quality has a
profound impact on how principals and teachers structure time and
leverage limited resources (Grissom, Kalogrides, & Loeb, 2017; Neal &
Schanzenbach, 2010). There is substantial evidence that the design of
the accountability system directly shapes both how educators define
quality and the steps they take to make changes at their sites and in
their classrooms. For example, research on No Child Left Behind finds
that in response to the law’s incentives, schools reduced instructional
time spent on non-tested academic subjects (Dee, Jacob, & Schwartz,

2013; Griffith & Scharmann, 2008; Hannaway & Hamilton, 2008;
McMurrer, 2007; Pederson, 2007), and promoted the use of test-pre-
paration pedagogies (Au, 2007; Diamond, 2007).

The notion that educators respond to the incentives laid out in an
accountability system is not inherently problematic; rather, it dovetails
with the goals of accountability systems. To the extent that the ac-
countability system incentivizes practices that are valuable for chil-
dren’s learning, this response is the very mechanism by which ac-
countability promotes student’s development. However, such findings
also suggest that accountability systems that do not correctly identify
practices linked to children’s learning will not only fail to promote child
development but may inadvertently undermine it (e.g., Burchinal et al.,
2016; Cannon et al., 2017; Markowitz, 2018), highlighting the need for
care and caution in defining and measuring quality, particularly in the
ECE context.

To date, only one study has examined whether a similar respon-
siveness to QRIS ratings occurs in early childhood programs. Using data
from North Carolina, Bassok, Dee, and Latham (2019) found strong
evidence that programs do respond to ratings by making improvements
on the quality metrics in the rating system. It is not clear however,
whether these improvements in turn lead to improvements in children’s
learning, and this link is likely to be based, at least in part, on whether
the QRIS correctly incentivizes changes that are meaningfully related to
young children’s development.

1.2. Designing early childhood accountability systems

The central challenge of early childhood accountability systems is
that it is difficult as well as expensive to reliably and validly measure
children’s growth and development at scale for accountability purposes
in a way that is developmentally appropriate for young children
(National Association for the Education of Young Children, 2003;
National Early Childhood Accountability Task Force, 2007; Snow,
2011; Waterman et al., 2012). Therefore measures of quality in ECE
settings tend to focus on ECE inputs thought to be meaningfully linked
to child development. These inputs tend to fall into two categories,
measures of process quality, which are measures of the emotional
warmth and instructional sophistication of the interactions between the
teacher and child, and measures of structural quality, which includes
program and teacher characteristics thought to be necessary, though
not sufficient, for creating high levels of process quality (Burchinal,
2017).

QRIS ratings typically combine both structural and process quality
measures, and vary widely in both how they define and measure quality
and how these measures are combined into a single rating. Data from
the QRIS Compendium, which tracks information about QRIS nation-
wide, show that nearly all QRIS include measures of staff qualifications
(99%), curriculum use (90%), classroom environment or teacher-child
interactions (90%), family partnerships (90%), program management
and leadership (88%), health and safety (93%), and the provision of
developmental assessments (75%) (Build Initiative and Child Trends,
2019). Some states use point systems, which allocate points for each
quality indicator and assign ratings based on total points earned; other
states use block systems which require that programs meet certain
standards before moving up the rating system; and some states use a
hybrid of these systems.

Historically, these measures have been developed by state policy-
makers with the guidance of researchers, experts, and stake-
holders—and these policymakers faced myriad tradeoffs as they de-
signed the first generation of QRIS (Connors & Morris, 2015). For
instance, classroom observations have been consistently linked to child
outcomes, and are therefore viewed as an important measure of quality
(Burchinal, 2017). However, they are inherently time-consuming and
costly to collect, and expensive rating systems leave fewer resources for
quality improvement supports, an essential QRIS component in most
states (Connors & Morris, 2015). Less costly measures of quality may
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free up resources for supports and may encourage more programs to
participate, but may be weaker or more distal predictors of child out-
comes, rendering the policy ineffective. Further, policymakers de-
signing the first generation of QRIS were constrained by the lack of
empirical evidence available; though many studies have examined
predictors of learning in early childhood settings, a decade ago we did
not have a body of research to turn to specifically on the validity of
various approaches to combining quality indicators to create program
ratings for the purpose of accountability.

1.2.1. Quality measures and child outcomes
Research on the predictive validity of both individual measures of

ECE quality and QRIS ratings has increased substantially since the
earliest QRIS were planned and implemented. Existing studies ex-
ploring the link between structural measures of and child outcomes
largely have null findings (Early et al., 2007); in contrast, as noted
above, observational measures of classroom processes are consistently,
though modestly, linked to children’s development (Burchinal, 2017).
Some studies do find associations between child outcomes and teacher
and director qualifications, teacher professional development, program
support and leadership (e.g. Barnett, 2011; Ehrlich, Pacchiano, Stein, &
Luppescu, 2016), however these associations are not consistent, parti-
cularly in analyses using large multisite data and rigorous controls
(Burchinal, 2017; Early et al., 2007; Mashburn et al., 2008). For ex-
ample, Mashburn and colleagues (2008) found no relationship between
several commonly used quality proxies including teachers’ education,
field of study, class size, or teacher-child ratio and children’s academic
and social skills during preschool.

Measures of process quality tend to be more consistently linked to
children’s developmental outcomes, but associations vary based on the
specific measure of process quality, and in most cases associations are
modest to quite small. For example, Sabol and Pianta (2014) used a
large, nationally representative sample to explore the association be-
tween children’s learning and their preschool program’s rating on the
Early Childhood Environmental Rating Scale-Revised (ECERS-R), which
is the most commonly used classroom observation tool in QRIS and
found very little evidence of a relationship. Conversely, a large body of
research has linked teacher-child interactions as measured by the
Classroom Assessment Scoring System (CLASS, Pianta, Paro, & Hamre,
2008) to children’s learning gains, both academic and socio-emotional
(Araujo, Carneiro, Cruz-Aguayo, & Schady, 2016; Hamre, 2014; Hamre,
Hatfield, Pianta, & Jamil, 2014), though, again, associations are small
to modest, often ranging from 0.05 to 0.10 of a standard deviation
(Burchinal, 2017). For example, children exposed to warm, responsive,
and cognitively stimulating interactions with teachers as measured by
the CLASS develop stronger social (Johnson, Seidenfeld, Izard, &
Kobak, 2013), self-regulatory (Williford, Vick Whittaker, Vitiello, &
Downer, 2013), language (Hindman & Wasik, 2015), and early aca-
demic skills (Howes et al., 2008). These associations are also found in
studies using large samples (e.g. Keys et al., 2013), and are stronger at
higher levels of quality (Weiland, Ulvestad, Sachs, & Yoshikawa, 2013;
Zaslow et al., 2016).

Finally, recent research also suggests that combining individual
quality measures does not improve predictive validity. For example,
Sabol et al. (2013) show that even when individual measures of quality
are predictive of children’s learning, the ways in which state QRIS
combine scores from several quality indicators into a composite score
yields measures that are not systematically predictive of children’s
learning. Moreover, QRIS validation studies, which attempt to link
QRIS ratings to children’s learning gains (both academic and socio-
emotional), have been largely discouraging, showing weak, inconsistent
associations between QRIS ratings and developmental outcomes
(Cannon et al., 2017; Karoly, 2014). In the 12 states that have been
studied—California, Colorado, Delaware, Florida, Indiana, Minnesota,
Missouri, Pennsylvania, Rhode Island, Virginia, Washington, and Wis-
consin—four reports find no differences by QRIS (Sirinides, 2010; Tout,

Starr, Albertson-Junkans, Soli, & Quinn, 2011; Tout et al., 2010;
Zellman, Perlman, Le, & Setodji, 2008), and the rest find small asso-
ciations that are typically non-linear (that is, not consistently distin-
guishing among all rating levels, but rather differentiating only among
high- and low-quality programs) and significant for just one of the skill
domains examined, most commonly subscales from teacher-reported
socio-emotional skills (Elicker, Langhill, Ruprecht, Lewsader, &
Anderson, 2011; Hestenes et al., 2015; Magnuson & Lin, 2016; Maxwell,
Blasberg, Early, Li, & Orfali, 2016; Thornburg, Mayfield, Hawks, &
Fuger, 2009; Tout et al., 2016) or early literacy skills (Sabol & Pianta,
2015; Shen, Tackett, & Ma, 2009; Sirinides, Fantuzzo, LeBoeuf,
Barghaus, & Fink, 2015; Soderberg, Joseph, Stull, & Hassairi, 2016).
Two studies have reported associations between QRIS ratings and di-
rectly assessed executive function (Karoly, Schwartz, Setodji, & Haas,
2016; Quick et al., 2016).

1.3. The second generation of QRIS

The lack of predictive validity among QRIS may be driven, in part,
by limitations inherent to the existing research (Cannon et al., 2017;
Karoly, 2014). Many QRIS validation studies were conducted as part of
QRIS piloting, in young systems that were still working out the kinks of
quality measurement. Many validation studies also relied on small
samples drawn from voluntary systems, and these self-selected pro-
grams often lack variation with respect to quality.

At the same time, disappointing results from the existing body of
validation studies suggest that current QRIS systems may not accurately
identify centers that successfully promote child development. A central
critique of QRIS is that they have failed to focus sufficiently on key
drivers of quality that are most systematically related to child outcomes
(e.g. Burchinal et al., 2016; Cannon et al., 2017; Karoly, 2014), leading
to noisy measures that lack predictive validity. For this reason, there
have been recent calls to amend existing QRIS systems, and in parti-
cular to create a second generation of QRIS that use fewer quality in-
dicators that are more closely linked to children’s developmental out-
comes (Burchinal et al., 2016; Cannon et al., 2017).

Each quality indicator incurs some cost to programs and states, both
in terms of managing and evaluating programs’ data, and in terms of
tradeoffs in professional development—centers attempting to improve
on one QRIS indicator are not attempting to improve in another. Yet, if
individual indicators are not tightly linked to child development such
efforts may be wasted. QRIS focused on one or two core measures of
quality that have been consistently linked to child outcomes may save
resources in the long run, and in the short run help narrow quality
improvement efforts to focus on only empirically validated inputs.
While no one measure can capture the complex combination of factors
that make some early childhood programs effective, and no single
program characteristic is consistently linked with large gains in chil-
dren’s development in the empirical literature, reducing complex QRIS
to more transparent systems focused on just a few key indicators may
help programs streamline improvement efforts and ultimately do more
to promote high-quality early learning. To date, however, there is no
empirical evidence that such a QRIS would outperform current rating
systems.

1.3.1. Louisiana as a second-generation QRIS
Louisiana’s QRIS provides a unique opportunity to explore the re-

lative efficacy of a second generation QRIS as compared to the typical
multi-indicator QRIS currently in use in most states for a few reasons.
First, Louisiana’s QRIS is mandated for all publicly-funded classroom-
based ECE providers including all subsidized child care centers, Head
Start programs and pre-kindergarten, meaning that it applies to a highly
variable set of ECE providers, making it an interesting case for in-
forming policymakers in other states. Second, although the state col-
lects information on multiple quality indicators, the actual QRIS rating
focuses exclusively on high-quality teacher-child interactions, a
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decision based on empirical evidence showing that measures of inter-
actions are more consistently linked to child outcomes than most other
measures of ECE quality (Burchinal, 2017; Hamre, 2014). Louisiana
measures the quality of teacher-child interactions in every publicly-
funded classroom in the state twice each year using a network of local
raters and the Classroom Assessment Scoring System (CLASS). The
CLASS tool is widely-used across policy applications; 18 states use
CLASS as part of their QRIS systems, and Head Start uses CLASS as part
of its professional development and quality monitoring. Louisiana is
unique, however, in that it uses only CLASS scores to determine QRIS
ratings; and these ratings are tied to incentives, including tax credits for
programs and teachers. It is the only single-indicator QRIS in the
country. Previous research in Louisiana has shown that these locally-
collected CLASS scores are related to children’s learning gains in lan-
guage, literacy, mathematics, and executive function (Vitiello, Bassok,
Hamre, Player, & Williford, 2018); however it is unknown whether the
addition of other QRIS indicators would better identify programs that
are effectively promoting children’s development.

1.4. Present study

The present study links CLASS observations collected by the state of
Louisiana’s local raters during the 2014–15 academic year with mul-
tiple program structural quality measures typically included in QRIS
(teacher education and experience, class size, parental involvement,
health screenings, and developmental assessment use) and a set of di-
rect child assessments. We use data collected from 76 programs serving
low-income four-year-olds across five diverse Louisiana parishes to
address two questions. We first explore the predictive validity of a
single-item QRIS, by exploring the relationship between CLASS and
children’s learning gains in language, literacy, and mathematics. We
replicate previous work linking CLASS to children’s development by
estimating the association between CLASS and learning gains con-
tinuously, and then categorically to provide preliminary validation of
the “second generation,” CLASS-only QRIS in Louisiana. Second, we
explore whether the addition of other commonly used QRIS indicators
improves predictive validity in two ways. First, we add seven additional
structural quality measures to our regressions of learning gains on
CLASS and compare coefficients. Second, we conduct policy simulations
in which we compare the predictive validity of a categorical measure of
CLASS to that of simulated QRIS scores created using the full suite of
quality indicators.

Consistent with previous research both broadly speaking and in the
Louisiana context (e.g. Hamre, 2014; Vitiello et al., 2018) we hy-
pothesize that CLASS will be associated with learning gains both con-
tinuously and categorically. Furthermore, we expect limited associa-
tions between structural measures of quality and children’s gains.
Finally, we expect that additional quality measures will not sub-
stantially improve the predictive validity of a CLASS-only QRIS.

Findings from this analysis provide preliminary evidence as to
whether one second generation QRIS—in this case one with a single
quality indicator chosen for its empirical links to child devel-
opment—has predictive validity, and whether the measure is improved
with the addition of other common quality indicators. Findings will
inform states as they seek to amend their QRIS while balancing the
costs of observational measurement with the importance of accurate
measurement for achieving QRIS goals.

2. Method

2.1. Data and sample

Data were collected during the 2014–15 academic year as part of a
larger study of the pilot year of Louisiana’s QRIS. We combine data
from multiple sources: director and teacher reported classroom quality
information, CLASS scores collected by local, non-research team raters,

and research-team collected direct assessments of children’s learning.
Our sample programs are drawn from five Louisiana parishes se-

lected from 13 parishes that took part in Louisiana’s ECE reform “pilot
year.” These parishes were selected to maximize regional diversity
across the state and to include both urban and rural communities.
Within parishes, all programs were eligible if they were participating in
the pilot year (which included all Head Start and state pre-kindergarten
programs, as well as a portion of child care programs that accept public
funds) and if they included classrooms that primarily served typically-
developing four-year-old children (e.g. self-contained and reverse
mainstream classrooms were excluded). We selected 90 programs
across the parishes, with the probability of selection in each parish
proportional to the total number of programs in that parish relative to
the totally number of programs across all five parishes. Within parishes,
we randomly selected a stratified sample of Head Start, pre-kinder-
garten, child care, and Nonpublic Schools Early Childhood
Development1 (NSECD) programs. Ten of the initially selected pro-
grams declined to participate, and were replaced with the next ran-
domly-selected program within parish and type.

Within each program, we randomly selected one classroom for
participation. All teachers of all classrooms serving primarily typically-
developing four-year-old children were randomly ordered and the first
teacher in each program was contacted. Across all programs, six tea-
chers either declined to participate or were later found to be ineligible;
in these cases the next teacher on the list was contacted. Four teachers
left their classrooms during the course of the year and were replaced
with the teacher who took over the teaching responsibilities for that
classroom. Once a teacher agreed to participate, all parents and chil-
dren from classrooms were recruited for direct child assessments.
Twelve children from each study classroom were directly assessed.
Response rates were moderate to high: 94% of directors and 99% of
teachers completed surveys.

At the end of the academic year, research-team collected data were
combined with CLASS data from local coding teams, provided by the
Louisiana department of education. Local coders had visited 85 of the
90 classrooms included in the research team’s data collection. Thus our
sample was restricted first to the 85 programs that had valid state-
collected CLASS data, and then further restricted to the 76 programs
that also had complete director and teacher reported structural quality
data (discussed further below). The final sample thus includes 76
classrooms in 76 different programs, including 15 Head Start programs,
42 preschool programs, 11 child care centers, and 8 NSECD programs
serving a total of 730 sampled children. As expected, families in the
sample were primarily low-income; 34% of families had incomes under
$15,000, and just 15% of families had a parent with a Bachelor’s de-
gree. For descriptive information on children and families, as well as
program characteristics, see Table 1.

2.2. Measures

Key independent variables in the present analysis include a measure
of process quality (CLASS) and several measures of structural quality,
described below.

2.2.1. Process quality
Process quality was assessed using the Classroom Assessment

Scoring System (CLASS, Pianta et al., 2008), a well-validated, widely-
used classroom observation tool that assesses teacher-child interactions.
The CLASS is typically coded in multiple 30 min cycles, which include
20 min to observe and record classroom interactions and 10 min to code
the CLASS dimensions; codes from each cycle are averaged together to
arrive at a single set of classroom scores. In the present study, CLASS

1 NSECD programs are nonpublic ECE settings that accept state funding for
low-income children.
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coders visited each classroom an average of 1.47 times (SD = 0.59),
and coded four cycles per visit.

Previous research demonstrates that teacher-child interactions can
be organized into three broad domains: instructional support, emo-
tional support, and classroom organization (Hamre et al., 2014). In-
structional support includes concept development, quality of feedback
and language modeling dimensions; emotional support includes posi-
tive climate, negative climate, teacher sensitivity, and regard for stu-
dent perspectives dimensions; and classroom organization includes
behavior management, productivity, and instructional learning formats
dimensions. Dimensions are coded on a seven-point scale with detailed
behavioral descriptors of interactions at the low (1–2), mid (3–5), and
high (6–7) ranges of effectiveness. Consistent with Louisiana’s QRIS,
this study considered only the overall CLASS score.

In line with Louisiana’s early childhood reforms, CLASS observa-
tions were conducted by independent local rating teams in each
Community Network, which is typically a group consisting of all pub-
licly-funded ECE programs in a parish that is coordinated by a single
agency. These Networks have considerable flexibility in the recruitment
and training of CLASS observers, including no set rules for assessing
reliability. Some parishes did some amount of double coding across
classrooms, however, in four of the five parishes raters reported that
sometimes, often, or almost always knew the teacher they observed.
These locally-collected scores were then reported to the state.

The use of these locally-collected CLASS scores is a key strength of
this study. Much of our understanding of quality inputs in ECE contexts
comes from studies where researchers are conducting classroom ob-
servations. In a QRIS however, the state is responsible for scheduling
observations, training classroom observers, and managing the ob-
servation process, including ensuring reliability. Scores collected
through processes set up by the state may differ in important ways from
those collected by researchers. For example, raters who are richly em-
bedded in the local context, or who know the teachers they are rating
may rate differently than research raters. It may also be that research

raters are held to more rigorous standards of reliability. If locally-col-
lected CLASS scores do not link to children’s outcomes in the way that
researcher-collected ratings do, then using CLASS for a QRIS may not
ultimately predict outcomes as would be expected based on research.
Thus, in order to best understand whether a quality indicator is suffi-
ciently linked to children’s learning gains in the context of a QRIS, it is
important to use quality information as it would be collected in the QRIS
(and as is done in QRIS validation studies), not as it would be collected
by researchers. Indeed, previous research in Louisiana has shown that
these locally-collected CLASS scores do correlate with children’s de-
velopmental outcomes, but not in the same way that researcher-col-
lected CLASS scores do (Vitiello et al., 2018), highlighting the im-
portance of using QRIS measures as conducted by the state itself in
evaluating QRIS systems.

2.2.2. Structural quality
We use seven measures of structural quality commonly used in

QRIS, including: teacher-reported years of experience teaching children
younger than kindergarten-aged; teacher-reported education (coded as
0 for less than a Bachelor’s degree, 1 for Bachelor’s or more); teacher-
reported class size (number of children enrolled on the first day of
school); director-reported number of volunteer opportunities for par-
ents (coded as a count of available opportunities, range 0–3); director-
reported number of parent programming opportunities (e.g. opportu-
nities for parents to participate in program management and decision
making and programming or opportunities specifically designed for
parents, coded as a count of opportunities, range 0–3); director-re-
ported provision of health screenings for children (coded as 1 for pro-
viding screenings, 0 otherwise); and director-reported use of develop-
mental assessments (coded as 1 for using assessments, 0 otherwise).
Note that because our data include only one classroom per program,
classroom and program features are indistinguishable in the present
analysis. See Table 1 for means and standard deviations of each struc-
tural quality variable; in particular, it is notable that 94% of teachers in
our sample had a bachelor’s degree.

2.2.3. Learning gains
Learning gains were assessed for 12 children from each study

classroom across math, language, and literacy domains. Assessments
were conducted by a trained researcher in both the fall and spring of the
preschool year. Children’s math skills were assessed using the applied
problems and quantitative concepts subscales of the Woodcock Johnson
(Woodcock, Mather, & McGrew, 2001), which measure math knowl-
edge and reasoning, including problem solving, and analysis; language
was assessed using the Peabody Picture Vocabulary Test (Dunn & Dunn,
1997; 2013) and the Woodcock Johnson picture vocabulary test, both
of which assess vocabulary; and literacy was assessed using the Test of
Preschool Early Literacy (Lonigan, Wagner, Torgesen, & Rashotte,
2007) phonological awareness and print knowledge tests, which assess
word elision and blending and children’s knowledge of the alphabet,
language conventions, and writing form, respectively. To create a
measure of children’s learning gains, we first standardized each as-
sessment in the fall and the spring, and ran the following regression for
each outcome:

= + +Spring Assessment Fall Assessmenti i i0 1

In this regression, the assessment scores of child i is predicted as a
function of their fall assessment score. The term 0 is the mean of the
spring assessment scores when the aggregated fall assessment score is
equal to zero (that is, at the average of the fall scores), and the term

1represents the average increase in spring assessment scores for a one
standard deviation increase in fall scores. The term i is the difference
between the real score and the predicted term for each observation,
known as the residual. The residual captures how much more (or less)
growth a child demonstrated on a particular skill, relative to what
would be expected based on their fall score. Children with higher values

Table 1
Descriptive statistics.

Child and Family Covariates M SD

Age in years 4.43 0.30
White 0.22
Black 0.69
Hispanic 0.03
Other race 0.06
Female 0.50
Non-English primary language 0.11
Family Income
Less than $15,000 0.34
$15,001-$35,000 0.23
More than $35,000 0.13
Missing income data 0.29
Parent Education
Less than HS 0.13
HS Graduate 0.30
Some College 0.43
BA or more 0.15
Program Information
Head Start 0.17
Preschool 0.58
Child Care 0.14
NSECD 0.12
Average CLASS score 4.99 0.76
Teacher experience 15.83 11.21
Teacher has BA 0.94
Number of students 18.41 2.21
Parent volunteer opportunities 1.94 0.66
Parent programming opportunities 2.25 0.75
Provides health screenings 0.76
Provides developmental assessments 0.73
N 730
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on this residual showed greater gains than would be expected given
their skills at the start of the preschool year.

For each child, we averaged the residuals from separate regressions
predicting spring language, literacy, and mathematics assessments, to
create a single standardized measure of children’s learning gains across
the preschool year. In other words, we combine math, language, and
literacy tests into a single learning gains score. However, results do not
differ based on developmental domain (available upon request).

2.3. Analytic strategy

This study had two goals: (1) to provide preliminary information
regarding the predictive validity of one version of a “second genera-
tion” QRIS, in this case focused on a single indicator QRIS, and (2) to
explore whether the use of additional quality measures in addition to
the single indicator improves predictive validity. We aimed to test the
case study of the second generation QRIS (e.g., CLASS only) to two
simulated QRIS: (1) one that uses only structural quality indicators, and
(2) one that includes all structural quality indicators with the addition
of CLASS. These comparisons allow us to test the second generation
QRIS to simulations representative of the other existing QRIS (Build
Initiative & Child Trends, 2019).

To answer the first question, regarding the predictive validity of a
CLASS-based rating system, we conducted simple regression analyses.
First, we regressed children’s learning gains on a continuous measure of
CLASS scores; this analysis replicated the large body of research sug-
gesting that high-quality teacher-child interactions are beneficial for
children’s development (Hamre, 2014). Second, we grouped the con-
tinuous CLASS scores into rating categories (as would be done in a
QRIS, e.g. low, medium, high). We then regressed children’s learning
gains on these categorical measures of CLASS scores to explore whether
ratings derived from CLASS scores distinguish between programs with
higher or lower levels of learning across the preschool year. To ensure
that our findings were not sensitive to our chosen cutpoints, we con-
ducted analyses where we used a variety of categorizations, including
thirds and quartiles to predict learning gains.

To answer the second question, we regressed children’s learning
gains on each of the seven measures of structural quality individually to
explore whether structural features in our data are associated with
children’s learning gains. Next, we regressed children’s learning gains
on the full set of quality measures, including CLASS, to explore which
classroom and program characteristics continue to be associated with
children’s learning gains when considered simultaneously and in con-
junction with the CLASS.

These regressions did not include any control variables. We aimed
to capture the unadjusted association between the quality measures and
child outcomes. This is because when QRIS rank sites, they do so based
only on observed quality, and without accounting for the demographic
characteristics of the children served. These models purposefully then
exclude child and family characteristics, which may be correlated both
with observed quality and with learning gains. When we do add these
covariates, however, our findings are substantively unchanged (see
Appendix A Table A1).

2.3.1. Policy simulations
In addition to the regression analysis we also conduct a set of crude

policy simulations to assess the extent to which the different ap-
proaches to quality rating (i.e. single measure, multi-measure) lead to
substantively different ratings of program quality. To do this, we ag-
gregated data on learning to the classroom level, which, in our data is
also the program level. We then created a categorical measure of chil-
dren’s learning gains and compared the measure to both a categorical
measure of CLASS, and a simulated QRIS score that included both
CLASS and structural quality. The goal of this comparison was to assess
whether programs rated high (low) based on a quality measure, also
rated high (low) on a measure of children’s learning.

To create a categorical measure of learning gains, we first ag-
gregated children’s average learning gains to the program level. We
then listed programs in order of gains, and categorized high (top 20%),
moderate (middle 60%), and low (bottom 20%) gain centers. We began
with this categorization because it creates categories that are reason-
able in size (i.e., 20% of 76 is about 15 programs). Given the small
sample, ensuring that each group has an adequate number of programs
was of paramount importance.

We used the same process to create categorical measures of CLASS
scores. These groups were different by about a point from each other;
the average CLASS score in the bottom 20% was 3.86, for the middle
60% 5.09, and for the top 20% 5.94, a difference larger than a typical
standard deviation in studies using CLASS (e.g., Aikens, Bush, Gleason,
Malone, & Tarullo, 2016; Weiland et al., 2013).

Finally, to create the simulated “first generation” QRIS scores we
regressed learning gains on all measures of quality—both CLASS and
the seven structural measures. We then took the predicted learning gains
for each center based on this regression, and categorized them as above.
Notably, by constructing our full measure this way, we have optimized
the simulated QRIS score—that is, we have weighted the input of each
quality measure based on its actual observed relationship to children’s
learning gains, making the simulated QRIS score as strongly related to
learning gains as possible, a point which we will return to in the
Discussion. As in research question 1, multiple categorizations were
tested for each comparison. We cross-tabulated and conducted chi
square tests on each pairing—learning gains vs. CLASS, learning gains
vs. simulated first generation QRIS scores, and CLASS vs. simulated first
generation QRIS scores. The crosstabulations allowed for a clear vi-
sualization of the overall relationship between each pair of measures,
and the chi square tests provided a formal test of the relationship be-
tween each pair of measures. That is, if a quality rating was a perfect
predictor of children’s learning gains, classroom ratings based on the
quality rating would perfectly align with those based on children’s
learning gains. At the other extreme, quality ratings may be unrelated
to learning gains. The chi square tests allow us to formally test whether
having information on quality (based on CLASS, or based on other
structural variables) provides us with meaningful information about
children’s learning gains. We report the p-value for the chi square test
for each crosstabulation.

All regression analyses were conducted using robust standard errors
clustered at the program level to account for the nested structure of the
error terms.

3. Results

Table 2 display correlations among student learning gains in lan-
guage, literacy, and mathematics and all process and structural quality
indicators. CLASS, teacher education, parent volunteer opportunities,
and the provision of health screenings were all positively correlated
with children’s learning gains in these uncontrolled correlations. Note
that this table shows only small to modest correlations among in-
dependent variables, and some in unexpected directions. For example,
though CLASS was weakly and positively correlated with teacher edu-
cation (r = 0.09, p < 0.05), CLASS was negatively associated with
teacher experience (r = −0.17, p < 0.05). This may be because
changing requirements for teaching in the past few decades have cre-
ated a context in which more educated teachers tend to have fewer
years of experience. CLASS was also positively associated with the use
of health screenings and developmental assessments, as well as the
number of children in the classroom.

Our first research question asks whether CLASS predicts children’s
learning gains, in regressions where CLASS is modeled continuously (as
in previous research) and in regressions where we re-code CLASS into a
categorical variable (as it would be used in a QRIS). To do so, we first
regressed children’s learning gains on CLASS in regression models that
used clustered standard errors accounted for the nesting of error terms
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(see Table 3, Column 1). As expected, and in line with previous re-
search, we find a positive, statistically significant relationship between
continuous CLASS scores and children’s learning gains (b = 0.20,
p < 0.01). We then estimated the relationship between CLASS coded
categorically and children’s learning gains in Table 4. As hypothesized,
categories of CLASS significantly predict children’s learning gains. Re-
lative to classrooms with CLASS scores in the bottom 20%, both class-
rooms in the 21st-80th percentile (b= 0.46, p < 0.01), and classrooms

in the top 20% (b= 0.75, p < 0.01) had significantly higher learning
gains on average. This pattern was replicated in analyses cutting CLASS
scores into three equal groups (thirds, see Appendix B Table B1), and
four equal groups (quartiles, see Table B2).

To address the second research question, we explored whether the
addition of other commonly used QRIS indicators would improve upon
a CLASS-only predictor of learning gains. To do so, we first asked
whether seven commonly used structural quality variables predicted
children’s learning gains individually, and then considered whether
they did so over and above the CLASS. We present regressions of
learning gains on each structural quality measure individually (Table 3,
Columns 2 through 8), and then combined these measures with CLASS
(Table 3, Columns 9 and 10). Two of the seven structural quality
variables were associated with students learning gains: teacher having a
bachelor’s degree (b = 0.43, p < 0.05, Column 3), and parent vo-
lunteer opportunities (b= 0.23, p < 0.01, Column 5). In a model with
all the structural quality variables (and without CLASS), parent vo-
lunteer opportunities retained statistical significance, but teacher ba-
chelor’s degree did not (Column 9); in models where all quality pre-
dictors were added simultaneously, only CLASS and parent volunteer
opportunities retained statistical significance (Column 10). Notably, the
vast majority of the variability in student learning gains was not ac-
counted for by our quality predictors; just 5% of the variance was ac-
counted for when all structural quality indicators were in the model
(Column 9), a figure that rose to 8% when CLASS was added as a
predictor (Column 10).

Table 2
Correlations among quality variables and children’s learning gains.

Learning Gains CLASS Teach Experience Teach BA Number Students Parent Volunteer Parent Programming Health Screen Develop Assess

Learning Gains 1.00
CLASS 0.20* 1.00
Teach Exper −0.07+ −0.17* 1.00
Teach has BA 0.10* 0.09* −0.05 1.00
Number of Students 0.02 0.14* −0.13* 0.11* 1.00
Par Volunt Opp 0.15* 0.00 0.15* 0.07+ −0.01 1.00
Par Programming 0.01 0.07+ 0.11* 0.03 −0.05 0.26* 1.00
Health Screening 0.11* 0.41* −0.10* 0.18* 0.00 0.04 −0.03 1.00
Develop Assess −0.06 0.11* −0.02 −0.08* 0.17* −0.09* −0.04 0.19* 1.00

** p < 0.01, * p < 0.05, + p < 0.10.

Table 3
Linear relationship between quality measures and children’s learning gains.

Directly Assessed Learning Gains

Quality Measure Col 1 Col 2 Col 3 Col 4 Col 5 Col 6 Col 7 Col 8 Col 9 Col 10

Avg CLASS score 0.20** 0.19*
(0.07) (0.07)

Years of experience −0.01 −0.01 −0.00
(0.01) (0.01) (0.01)

Teacher has BA 0.43* 0.27 0.27
(0.16) (0.23) (0.23)

Number of students 0.01 0.01 −0.00
(0.03) (0.03) (0.03)

Parent volunteer opp 0.23** 0.23** 0.24**
(0.08) (0.08) (0.09)

Parent programming 0.02 −0.03 −0.05
(0.11) (0.11) (0.11)

Health screenings 0.26+ 0.22 0.05
(0.14) (0.14) (0.15)

Developmental assess −0.13 −0.14 −0.14
(0.16) (0.17) (0.15)

Constant 0.00 0.10 −0.41** −0.20 −0.44* −0.04 −0.20+ 0.01 −0.76 −0.40
(0.07) (0.12) (0.15) (0.54) (0.18) (0.27) (0.11) (0.14) (0.53) (0.53)

Observations 730 730 730 730 730 730 730 730 730 730
R-squared 0.04 0.01 0.01 0.00 0.02 0.00 0.01 0.00 0.05 0.08

Robust standard errors in parentheses. Learning gains and CLASS scores are standardized to ease interpretation.
** p < 0.01, * p < 0.05, + p < 0.10.

Table 4
Associations between categorized CLASS scores and children’s
learning gains.

CLASS categories Learning Gains

20th percentile (omitted) –
21st-80th percentile 0.46**

(0.16)
81st-100th percentile 0.75**

(0.23)
N 730
R-squared 0.05

Robust standard errors in parentheses. Learning gains and CLASS
scores are standardized to ease interpretation; in raw values, the
mean CLASS score in the omitted group was 3.86, for the 21st to
80th percentile the mean CLASS score was 5.09, and for the 81st to
100th percentile it was 5.94.
** p < 0.01, * p < 0.05, + p < 0.1.
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3.1. Policy simulations

Finally, we conducted a set of three policy simulations to assess how
the two different approaches to QRIS (single measure and multiple
measure) related to children’s learning gains and to each other. Recall
that the categorical measures of CLASS and learning gains are created
by ordering classroom-level CLASS scores and average learning gains
from highest to lowest, and then dividing them into categories. To
generate the simulated first generation QRIS score, we used the pre-
dicted values from a regression of learning gains on all eight quality
indicators. These simulated scores are ordered from highest to lowest
and then divided into categories.

Table 5 presents the relationship between categorical measures of
CLASS and categorical measures of learning gains, and demonstrates a
significant amount of overlap between the distributions. The chi square
test for the crosstabulation in Table 5 shows that the relationship is
statistically significant (p < 0.05), suggesting the categorical measures
produced very similar rankings. This can be seen in the fact that 42 of
the 76 programs would be categorized identically regardless of which
measure was used.

Table 6 present the relationship between simulated QRIS scores
using all eight quality variables and the categorical measure of learning
gains. Here, again, the chi square test was statistically significant
(p < 0.05), and now 43 of the 76 programs would be identically ca-
tegorized regardless of whether the simulated QRIS or the categorical
measure of learning gains was used. It is notable that the match
rate—about 55%—was essentially the same whether the categorical
CLASS measures was used or the simulated QRIS encompassing the full
suite of quality indicators.

We explore why this may be the case in Table 7, in which we look at
the relationship between the categorical measure of CLASS and the si-

mulated QRIS using all eight quality variables. Here we see that the
distributions of the CLASS-only measure and the simulated QRIS are
very similar—71%, or 54 programs, were categorized identically
(p < 0.001).

To ensure that findings are not due to the chosen cutpoints for our
low, medium, and high indicators (e.g. bottom 20%, middle 60%, and
top 20%), Appendix C, Tables C1–C6 present the same analyses for two
additional categorizations of CLASS, learning gains, and the simulated
QRIS scores (thirds, that is, 33% of programs in each grouping, and
quartiles, that is, 25% of programs in each grouping). The patterns are
similar across these additional categorization schemes, though there is
some indication that the simulated first generation QRIS performs
slightly better than the CLASS only measure. Specifically, in both the
thirds and quartiles analyses, the simulated QRIS categorizes 8 and 7
more programs correctly, respectively, than the CLASS only measure, as
compared to the single program improvement from Table 5 to Table 6.
Overall, more than half of sampled programs would receive the same
categorical QRIS score from a model using CLASS alone and a model
using all eight quality indicators, regardless of the category divisions.

4. Discussion

Quality Rating and Improvement Systems are a near-ubiquitous
policy tool designed to improve the quality of early educational pro-
grams system-wide. QRIS are modeled after K-12 accountability sys-
tems, but are limited by their inability to use direct assessments of
children as indicators of quality, and instead measure classroom inputs.
This limitation has led to diverse QRIS with complex multi-indicator
systems typically designed to provide programs with many avenues for
improvement—unfortunately, these QRIS are rarely linked to children’s
learning (Karoly, 2014). In response, researchers have called for a
second generation of QRIS that focus on a small number of highly re-
levant indicators (Cannon et al., 2017). Louisiana’s QRIS provides one
version of this second generation QRIS. It is currently the only state
with a single-item QRIS, and therefore provides a useful case study for
understanding how such a simplified, QRIS might compare to the more
complex, multi-measure rating systems.

Consistent with previous studies, we found a statistically significant,
modestly-sized relationship between CLASS scores and children’s
learning gains in language, literacy, and mathematics that persisted
across both models where CLASS was coded as a continuous variable
(Table 3) and across models using several different versions of a cate-
gorical measure. We also found that some structural indicators typically
included in QRIS were associated with learning gains: specifically,
teacher’s education and parents’ volunteer opportunities in the class-
room.

While the association between teacher education and learning gains
attenuated to non-significance in models that also include CLASS, the
association between volunteer opportunities and gains persisted. The

Table 5
Associations between categorized CLASS scores and categorized student
learning gains.

Categorical Quality - CLASS

Learning Gains Low Med High Total

Low 7 8 0 15
Med 6 29 10 46
High 2 8 6 16
Total 15 46 16 76

Note. Bold cells indicate category match. Low-Medium-High groupings corre-
spond to the 20th percentile, the 21st-80th percentile, and the 81st to 100th
percentile. 55.26% of centers were included in the same category in both
ranking schemes. The p value of the chi-squared test for this relationship is
equal to 0.013.

Table 6
Associations between a categorized index of all quality variables and categor-
ized student learning gains.

All Quality Variables

Learning Gains Low Med High Total

Low 7 8 0 15
Med 7 29 9 46
High 1 8 7 16
Total 15 46 16 76

Note. Bold cells indicate category match. Low-Medium-High groupings corre-
spond to the 20th percentile, the 21st-80th percentile, and the 81st to 100th
percentile. 55.58% of centers were included in the same category in both
ranking schemes. The p value of the chi-squared test for this relationship is
equal to 0.005.

Table 7
Associations between a categorized version of CLASS scores and the categorized
index of all quality variables.

All Quality Variables

CLASS Low Med High Total

Low 10 4 0 15
Med 5 34 6 46
High 0 6 10 16
Total 15 46 16 76

Note. Bold cells indicate category match. Low-Medium-High groupings corre-
spond to the 20th percentile, the 21st-80th percentile, and the 81st to 100th
percentile. 71.1% of centers were included in the same category in both ranking
schemes. The p value of the chi-squared test for this relationship is equal to
0.000.
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measure of volunteer opportunities may retain its significance for a few
reasons. It may be a marker of selection; programs that promote parent
volunteer opportunities may do so because they have engaged or
otherwise advantaged parents able to work in the classrooms. It may
also be the case that providing parents with volunteer opportunity
builds engagement with children’s schooling and increases classroom
quality; however, the present manuscript cannot adjudicate between
these possibilities. In terms of teacher education, it is worth noting
again that most of the teachers in the present sample had earned a BA
(94%) which may have reduced our ability to detect associations be-
tween education and outcomes; however, this finding is consistent with
other research estimating links between teacher education and chil-
dren’s development in ECE settings (e.g., Early et al., 2007). Overall,
most of the structural indicators commonly used in QRIS used in our
study were not related to learning gains (5 of 7), and predicted a very
small amount of variance in children’s learning, even in combination.

Finally, in our policy simulations QRIS ratings based exclusively on
CLASS scores and simulated QRIS scores using all available quality
indicators performed similarly in predicting categorical learning gains,
though simulated CLASS scores performed slightly better in additional
categorical groupings (e.g. thirds, quartiles). Overall, however, more
than half of sampled programs would receive the same categorical QRIS
score from a model using CLASS alone and a model using all quality
indicators.

Taken together, our findings provide suggestive evidence that
second generation QRIS policies (e.g., Cannon et al., 2017) may not
substantively underperform the multi-indicator QRIS scores currently
used in most states. Further, it is important to note that in the present
study the simulated QRIS score that included all quality measures was
created by optimally weighting each quality indicator. That is, we used
a regression to generate weights for each component based on their
observed relationships with learning gains—a procedure that ensured
our simulated QRIS score was maximally related to learning gains as
measured in this study. In reality, states will not be able to create QRIS
scores in this way: states will not have access to statewide learning
gains data, particularly across all the developmental domains they hope
to improve, and instead will have to generate weights using previous
empirical work or stakeholder input. Thus, actual QRIS scores made
from these same components would have substantially more error than
those estimated here, and therefore a weaker link to learning gains. The
use of multi-item QRIS requires policymakers to make additional de-
cisions about how to combine indicators, and which quality indicators
should have more or less weight in the final QRIS score, likely creating
weak QRIS scores and posing additional costs and challenges for pol-
icymakers.

Our results provide encouraging evidence that measures of quality
used in some states’ QRIS are significantly associated with children’s
language, literacy, and mathematics gains, providing a pathway for
changing existing QRIS, rather than re-inventing the system. The ef-
fectiveness of QRIS systems is inextricably tied to the way the system
defines and measures quality; a QRIS that measures and incentivizes
program characteristics that do not improve early learning experiences
will not only fail to meet the system’s ultimate goal, but could lead to
inefficient use of already limited public resources. Programs will aim to
improve in the areas that will boost program QRIS scores; therefore, it is
important that states consider what program improvement behaviors
their QRIS incentivize. For example, in Louisiana many programs now
directly link their professional development to teacher-child interac-
tions: providing coaching and professional development activities fo-
cused on interactions, investing in curricula and curricular training, and
conducting low-stakes CLASS observations throughout the year to in-
form teacher practice. These sorts of program improvement

activities—which focus on within-classroom processes as opposed to
structural indicators— may be more closely linked to children’s
learning gains than program improvement behaviors linked to other
quality indicators, such as efforts to provide developmental or health
screenings, or run programming for parents. Indeed, in ongoing work
we are monitoring program improvement efforts in Louisiana to test
this hypothesis.

Finally, the present study used the CLASS as the single quality in-
dicator both because it is a theoretically compelling within-classroom
factor that has been robustly linked to children’s outcomes and because
it is the quality indicator that anchors Louisiana’s QRIS, making it an
intriguing case study. However, second generation QRIS certainly do
not need to be centered on the CLASS. Instead, future research should
focus on the development and identification of other measures of pro-
gram quality that are more tightly linked to children’s learning gains
(Cannon et al., 2017), that is, that predict a larger proportion of the
variance in children’s learning gains, across all important develop-
mental domains—particularly by more carefully studying measures
currently in use in state QRIS. These sorts of high-quality indicators
would be ideal candidates as anchors for the second generation QRIS.
At present, there are few measures of program quality that have been
consistently linked to children’s learning gains (Burchinal, 2017),
therefore refining existing or developing new quality measures is cru-
cial for building effective second generation QRIS. Though CLASS
performed better than the measures available in the present data, future
research linking other measures to bigger, more diverse samples of
programs, and to other developmental domains, is essential.

4.1. Limitations

Though this study uses a unique data source—including state
agency (rather than researcher) collected CLASS scores—to address a
key question about QRIS in a low-income sample, there are several
important limitations that should be addressed in research moving
forward. First, this study was conducted in small sample, which in-
cluded just 76 programs and 730 children. Moreover, 55% of these
programs were state-funded preschools. Ultimately this reduced the
variability in quality scores across programs across some of the struc-
tural indicators. For example, 94% of teachers in the sample had a
Bachelor’s degree. It may be the case that in a larger, more diverse
sample, some structural indicators would have had significant re-
lationships with children’s language, literacy, and mathematics gains.

Second, we use correlational data. Relationships between quality
indicators and gains are certainly influenced by unmeasured third
variables. Although the use of learning gains allows us to account
somewhat for selection into individual programs, our models certainly
do not account for all other classroom characteristics which influence
children’s gains. For example, though we have several structural in-
dicators that are used commonly across QRIS (all quality indicators in
the present study are used in at least 75% of QRIS), we are also missing
several key QRIS indicators including measures of program environ-
ment (90% of QRIS), information about director education and training
(83% of QRIS) and detailed indicators regarding curriculum and as-
sessment use (81% of QRIS). These missing indicators may be linked to
children’s learning, and may account for some of the observed re-
lationships. Moreover, it may be that the addition of some of these
measures of quality may work well with CLASS in predicting a larger
proportion of the variance in children’s development over the preschool
year.

Third, because in our data we have just one classroom per program,
this analysis is necessarily conducted at the classroom level, whereas
QRIS scores are assigned at the program level. Aggregating classroom
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level scores to the program level will introduce error to QRIS ratings; in
many programs, within program variation in quality is likely to be
substantial. This is a limitation of using much of the existing evidence
for QRIS applications, and future research should continue to explore
how to best collect observational data to provide a reliable rating of
program quality.

Finally, our measures of learning gains include language, literacy,
and mathematics, but did not include social and emotional develop-
ment, because we had no directly assessed measures of these develop-
mental domains. Social and emotional development is a major aspect of
most states’ early learning goals, and is widely considered to be es-
sential for children’s long-term success. Though CLASS scores have
been linked to social-emotional development in other studies (see
Hamre, 2014), we are unable to confirm that in the present study, nor
are we able to compare the predictive power of CLASS as compared to
other features of the preschool environment. Future research should be
sure to include measures of school readiness in these domains.

4.2. Conclusions and implications

Quality Rating and Improvement Systems are now part of early
childhood policy in 49 states and the District of Columbia. These sys-
tems aim to address the problem of variable ECE quality by increasing
transparency and incentivizing quality improvements systemwide. In
order to be effective, however, it is crucial that QRIS are comprised of
quality indicators that are linked to children’s developmental gains.
Evaluations of existing QRIS suggest that current QRIS ratings are not

effective in identifying centers that promote children’s development.
The present study provides preliminary evidence that a QRIS using
fewer indicators, each of which has been empirically linked to chil-
dren’s learning gains, may be able to effectively differentiate among
high- and low-quality programs, and suggests that future research on
second-generation QRIS in larger, more diverse samples is warranted.
Though making changes to existing QRIS systems may initially be both
expensive and politically challenging, only QRIS systems that are an-
chored in empirically validated measures and create clear incentives for
programs to improve in areas that have been linked to children’s de-
velopment will succeed in achieving the policy’s overarching goals of
providing high-quality ECE for all young children.
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Appendix A

See Table A1.

Table A1
Linear relationship between quality measures and children’s learning gains, including child and family covariates.

Directly Assessed Learning Gains

Quality Measure Col 1 Col 2 Col 3 Col 4 Col 5 Col 6 Col 7 Col 8 Col 9 Col 10

Avg CLASS score 0.20* 0.20*
(0.09) (0.09)

Years of experience −0.00 −0.01 −0.00
(0.01) (0.01) (0.01)

Teacher has BA 0.36* 0.24 0.24
(0.18) (0.24) (0.25)

Number of students 0.02 0.02 0.01
(0.03) (0.03) (0.03)

Parent volunteer opp 0.23** 0.22** 0.23*
(0.08) (0.08) (0.09)

Parent programming 0.06 0.01 −0.03
(0.09) (0.10) (0.09)

Health screenings 0.12 0.09 −0.04
(0.11) (0.13) (0.14)

Developmental assess −0.13 −0.13 −0.14
(0.15) (0.16) (0.14)

Observations 566 566 566 566 566 566 566 566 566 566
R-squared 0.15 0.13 0.14 0.13 0.16 0.13 0.13 0.13 0.17 0.19

Robust standard errors in parentheses. Learning gains and CLASS scores are standardized to ease interpretation. Models include a set of child and family covariates
including child age, race, and gender, family income, and an indicator for whether a language other than English is spoken at home.
** p < 0.01, * p < 0.05, + p < 0.10.
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Appendix B

See Table B1 and Table B2.

Appendix C

See Tables C1–C6.

Table B1
Associations between categorized CLASS scores and children’s
learning gains, thirds.

CLASS categories Learning Gains

33rd percentile (omitted) –
33rd-67th percentile 0.39*

(0.15)
68th-100th percentile 0.50**

(0.19)
N 730
R-squared 0.05

Robust standard errors in parentheses.
** p < 0.01, * p < 0.05, + p < 0.1.

Table B2
Associations between categorized CLASS scores and children’s
learning gains, quartiles.

CLASS categories Learning Gains

25th percentile (omitted) –
26th-50th percentile 0.25

(0.16)
51st-75th percentile 0.53*

(0.21)
76th-100th percentile 0.63**

(0.20)
N 730
R-squared 0.05

Robust standard errors in parentheses.
** p < 0.01, * p < 0.05, + p < 0.1.

Table C1
Associations between categorized CLASS scores and categorized student learning gains, thirds.

Categorical Quality - CLASS

Learning Gains Low Med High Total

Low 13 6 6 25
Med 6 11 8 26
High 6 9 10 25
Total 25 26 25 76

Note. Bold cells indicate category match. Low-Medium-High groupings each represent 1/3 of the distribution. 44.74% of centers were included in the
same category in both ranking schemes. The p value of the chi-squared test for this relationship is equal to 0.169.

Table C2
Associations between a categorized index of all quality variables and categorized student learning gains, thirds.

All Quality Variables

Learning Gains Low Med High Total

Low 15 6 4 25
Med 6 13 7 26
High 4 7 14 25
Total 25 26 25 76

Note. Bold cells indicate category match. Low-Medium-High groupings each represent 1/3 of the distribution. 55.26% of centers were included in
the same category in both ranking schemes. The p value of the chi-squared test for this relationship is equal to 0.001.
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