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Recent attempts to measure schools’ influence on students' SEL show differences across
schools, but whether these differences measure the true effect of schools is unclear. We examine
the stability of school-by-grade effects on students' SEL across two years using a large-scale
survey. Correlations among effects in the same grades across different years are positive but lower
than those for math and English. Schools in the top or bottom of the effect distribution have more
persistent impacts across years than those in the middle. Overall, the results suggest that these
school effects measure real contributions to students' SEL. However, their low stability draws into
question whether including school value-added measures of self-reported SEL in school
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Introduction

In recent decades, federal legislation such as the Every Student Succeeds Act (ESSA) and
the early No Child Left Behind Act (NCLB) have accelerated the development and use of school
performance measurement systems in districts and states across the U.S. The central purpose of
these systems is to monitor how much schools contribute to student learning and success and to
gauge schools’ progress in improving student outcomes over time. The increasing focus on
improvement, or growth, over time—rather than merely proficiency or attainment—is evident in
the emergence of value-added models for measuring growth; currently, 48 states and the District
of Columbia use such models to measure school performance (Data Quality Campaign, 2019).
The strength of these models is that they model student outcomes as a function of student outcomes
in the previous year and demographic characteristics, thereby accounting for differences in the
student population that might bias estimates of schools’ progress in improving students’ outcomes.

At the same time, policy makers and researchers are increasingly interested in expanding
the breadth of measures used to assess student success. In particular, social-emotional learning
(SEL), sometimes called non-cognitive skills, has emerged as a priority for schools to consider as
part of their definition of student success, in part because SEL has been shown to predict a wide
range of outcomes in school and later in life (Heckman & Rubenstein, 2001; Almlund, Duckworth,
Heckman, & Kautz, 2011; Heckman, Humphries, & Kautz, 2014; Deming, 2017). Moreover, these
skills appear to be more malleable than more traditional measures of student success, such as
standardized assessments of math and English Language Arts (ELA) (Cunha & Heckman, 2008;
Dee & West, 2011; Heckman & Kautz, 2013). Furthermore, a growing body of research points to
experiences in schools as one factor that can influence students’ SEL. Studies suggests that schools

can influence student SEL directly (Allensworth & Easton, 2007; Durlak, Dymnicki, Taylor,



Weissberg, & Schellinger, 2011) and indirectly through the improvement of school culture and
climate and the promotion of positive relationships within schools (Battistich, Schaps, & Wilson,
2004; Berkowitz, Moore, Astor, & Benbenishty, 2016; Blum, Libbey, Bishop, & Bishop, 2004;
Hamre & Pianta, 2006; Jennings & Greenberg, 2009; McCormick, Cappella, O’Connor, &
McClowry, 2015). Additionally, school-based interventions targeting SEL have proven effective
for improving student academic achievement (Durlak et al., 2011).

Despite these recent findings, research establishing the degree to which schools contribute
to students’ social-emotional development, and whether growth models are suitable to measure
this contribution, is limited. Our prior work (Loeb et al., 2019) aimed to fill this gap in the literature
by applying school-by-grade level value-added models to students’ SEL. We used a large-scale
survey of students’ self-reported SEL administered in California’s CORE Districts, a consortium
of eight large urban school districts. We provided estimates of school-by-grade effects (henceforth
referred to as school effects) on four domains of SEL assessed by the survey: growth mindset, self-
management, self-efficacy, and social awareness. We used models similar to those that have been
used for estimating school effects on achievement and found that the variation of these effects was
comparable to those on standardized assessment scores in math and ELA, which suggests that
schools do differ measurably in how much their students’ SEL measures change over a year.
However, the results also showed that student scores in the prior year and their demographic
characteristics explained substantially less variation in student self-reported SEL than they did for
math and ELA scores. One plausible explanation for the lack of predictive power is that the SEL
measures may have measurement error not captured by adjustments for sampling error. In this
case, some of the estimated variation across schools might have resulted from noise in the

underlying measure.



Building on this line of inquiry, the current paper assesses how stable school effects on
SEL are over time. To answer this question, we use the same methodology as Loeb, Christian,
Hough, Meyer, Rice, & West, M. R. (2019) to create growth measures and incorporate one
additional year of data to calculate school value-added models for growth mindset, self-
management, self-efficacy, and social awareness separately for two years (2015-16 and 2016-17).
We then compare the results of these two models across years. Specifically, we calculate the
correlation of school effects in the same grade in different years, and the correlation of school
effects following cohorts in adjacent grades in different years. Thus, the results of this study aim
to shed light on whether schools that appear to effectively support their students’ social-emotional
development in one grade in one year appear do so again for the next cohort, as well as whether
schools that appear to contribute to one cohort’s SEL in one year appear to further foster SEL for
the same cohort in the next year or whether the cohort bounces back to closer to where it was
initially. Finally, this study extends our prior work in Loeb et al. (2019) by providing estimates of
the variance of school effects on SEL for students in high school in addition to students in grades
four through eight.

Much of the literature on value-added models has focused on estimates of teacher-level
effects (e.g. Rivkin, Hanushek, & Kain, 2005; Chetty, Friedman, & Rockoff, 2014). Recently,
studies have applied teacher-level value-added models to estimate teacher effects on students’ SEL
and other non-cognitive outcomes (Jennings & DiPrete, 2010; Gershenson, 2016; Ladd &
Sorensen, 2017). Specifically, teachers have been shown to influence academic motivation (Ruzek,
Domina, Conly, Duncan, & Karabenick, 2015), self-efficacy and happiness (Blazar & Kraft,
2017), and suspensions and attendance (Jackson, 2018; Liu & Loeb, 2018). In contrast, although

research on school-level effects for traditional academic measures, such as standardized test scores



in math and ELA, is robust (Deming, 2014; Grissom, Kalogrides, & Loeb, 2015; Chiang,
Lipscomb, & Gill, 2016; Angrist, Hull, Pathak, & Walters, 2016, 2017), the literature typically has
not applied these models to school-level effects on students’ SEL and non-cognitive outcomes. [1]

Evidence on the stability of school value-added measures over time is limited and focuses
on measures of academic performance as assessed by standardized assessments. Early research
about the persistence of school quality over time shows mixed conclusions (Teddlie & Reynolds,
2000). These differences appear to be driven by differences in modeling approaches: the more that
models control for endogenous factors of student composition, the lower the persistence of the
respective school quality measures (Gray, Goldstein, & Thomas, 2001; Thomas, Peng, & Gray,
2007; Dumay, Coe, & Anumendem, 2014, Marks, 2015). Similarly, evidence on teacher-level
effects also points to mixed results. In a recent literature review, Koedel, Mihaly, and Rockoff
(2015) report that year-to-year correlation in estimated teacher value-added effects range from
0.18 to 0.64. Thus, the literature on the stability of school value-added measures over time,
particularly for new kinds of outcomes measured by new kinds of assessments, is nascent.

The results in this paper suggest that schools that appear to improve students’ SEL in one
year may not necessarily do so again in the next, based on school value-added measures on self-
reported SEL. Overall, we find that the correlations among school effects in the same grade across
different years for growth mindset, self-management, self-efficacy, and social awareness are
positive, but relatively small, ranging from 0.03 to 0.54, with the exception of self-efficacy in
grade nine (0.74). Overall, these patterns provide further evidence that estimates of school effects
on students’ self-reported SEL measure real contributions to student SEL but are not very stable
from one year to the next. Nonetheless, we show that a significant number of schools stand out by

being consistently in the top or bottom of the school effect distribution in both years.



The lack of stability of school effects is consistent with two explanations. First, schools
may affect students but in idiosyncratic ways that do not persist from year to year. Second and
more likely, omitted factors in the growth model and measurement error of the SEL measures may
inflate the variance of estimated school effects such that the estimates capture more noise than true
effects of schools. In either case, the low stability of school effects raises concerns about the degree
to which school value-added models using self-reported SEL survey measures can distinguish the
SEL contributions of most schools, though a significant number of schools may be consistently
impactful enough to distinguish. As the analyses presented in this paper are the first of their kind,
they highlight the need for additional research into the use of any such measures to gauge or report

on school performance.

Data

We rely on data from five of the eight CORE districts (Fresno, Long Beach, Los Angeles,
San Francisco, and Santa Ana). The CORE districts are a consortium of large urban school districts
together serving more than one million students, approximately 20 percent of all students in
California. Since 2014, the CORE districts have administered survey-based measures of students’
SEL each spring, asking students to rate themselves on questions related to growth mindset, self-
management, self-efficacy, and social awareness. Students choose one of up to five available
responses best describing their agreement or their participation in an activity or experience. We
use survey responses in school years 2014-15, 2015-16, and 2016-17.

The four SEL constructs are defined as follows: Growth mindset is the belief that one's
abilities can grow with effort. Students with a growth mindset see effort as necessary for success,
embrace challenges, learn from criticism, and persist in the face of setbacks (Dweck, 2006). Self-

efficacy is the belief in one's own ability to succeed in achieving an outcome or reaching a goal.
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Self-efficacy reflects confidence in the ability to exert control over one's motivation, behavior, and
environment (Bandura, 1997). Self~-management is the ability to regulate one's emotions, thoughts,
and behaviors effectively in different situations. This includes managing stress, delaying
gratification, motivating oneself, and setting and working toward personal and academic goals
(CASEL, 2005). Social awareness is the ability to take the perspective of and empathize with
others from diverse backgrounds and cultures, to understand social and ethical norms for behavior,
and to recognize family, school, and community resources (CASEL, 2005).

The CORE districts began developing the survey in 2013 as part of an alternative school
accountability system proposed as part of a waiver from the then-mandated NCLB. CORE
convened SEL experts and stakeholders to identify research-based SEL constructs that are
meaningful to stakeholders, that are malleable, and that can be measured. The survey was pilot
tested in 18 schools in the 2013-14 school year and then administered in all districts beginning in
the 2014-15 school year. West, Buckley, Krachman, and Bookman (2018) provide a more detailed
description of the survey development process. With the passage of ESSA in 2015, the CORE
districts opted not to include the SEL survey as a school accountability measure, but rather to
report school-wide descriptive measures of SEL in their reporting dashboard in order to inform
continuous improvement efforts by local educators and administrators.

In addition to the SEL survey, the data in this study includes math and ELA scores from
the Smarter Balanced Assessment Consortium (SBAC). All students in California take this
standardized, computer-adaptive test in the spring of grades three through eight and grade 11.
Finally, the study uses demographic student variables, including indicators for economic
disadvantage, special education, English learner (EL) status, foster youth, homelessness, and

race/ethnicity.



In total, we estimate school effects for six measures: math SBAC scores, ELA SBAC
scores, growth mindset, self-management, self-efficacy, and social awareness. We estimate these
models separately for outcome measures in a given grade in school years 2015-16 and 2016-17. In
the models, we control for pretest scores in all six outcomes (just the four SEL outcomes in grades
10 and 11) in 2014-15 and 2015-16. We include students in the sample who answered at least one
of the items corresponding to the SEL construct used as the outcome or who have the
corresponding SBAC score. Moreover, we include only students who answered at least one of the
items for each SEL measure used as a pre-test control and who have both SBAC scores. Finally,
we restrict the sample to students who had demographic information and who were continuously
enrolled at a specific school. The final sample includes between 19,944 and 49,081 students and
between 167 and 721 schools for each construct, year, and grade (see Table 1, Panel A and B).
Although the overall sample sizes are very similar across outcomes, samples for SBAC scores are
slightly bigger than those for the SEL constructs due to non-response in the survey. Sample sizes
decrease in higher grades.

Table 1, Panel C describes the student population in participating districts. For simplicity,
we show characteristics in the growth mindset sample. Characteristics in the samples for other
outcomes are very similar. Seventy to 74 percent of students are Latinx, approximately seven
percent are black, and about five to nine percent are Asian. In grade five, around 17 percent of
students are classified as ELL, whereas this drops to around five percent in grade twelve. Around
11 percent of students require special education in grade five and around seven percent in grade
twelve. Between 75 and 79 percent of students are economically disadvantaged (i.e., qualify for

free or reduced-price lunch or have parents without a college degree). In the 2016 sample, around



two percent of students are homeless; this number doubled in the 2017 sample. Less than one
percent of students are in foster homes.

Instead of using raw survey responses, we create scale scores for each SEL construct. To
do so, we use a generalized partial credit model (GPCM; Muraki, 1992) to aggregate all items of
the corresponding construct. The GPCM is an extension of the partial credit model (Masters, 1982)
and can incorporate responses to items on a multipoint scale. The GPCM weights items higher that
better distinguish students with different construct-specific competencies and accounts for missing
values in items.

Previous research using the SEL data from the CORE districts has provided evidence for
the validity and reliability of the survey measures and their scales (see Gehlbach & Hough (2018)
for an overview). Meyer, Wang, and Rice (2018) report that survey responses within each of the
four SEL domains have high internal scale reliability for most grades, [2] that items across domains
clearly load on distinct factors in exploratory factor analysis, and that students in different
subgroups do not answer items differentially within the survey in differential item response
analysis. In addition, West, Buckley, et al. (2018) find that the SEL constructs are predictive of
several measures of student achievement such as GPA, ELA and math test scores, attendance, and
suspensions. West, Buckley, et al. (2018) also provide evidence against reference bias, as the
overall correlation between the SEL measures and academic measures exceeded the within-school
correlation; if students rated themselves against their peers, the opposite should be true. Similarly,
Claro & Loeb (2019a, 2019b) show that students’ reports of growth mindset and self-management
predict not only achievement levels, but also learning gains in math and ELA in the following year.
Finally, West, Pier, Fricke, Hough, Loeb, Meyer, & Rice (2018) demonstrate that trends in these

constructs over time as students move through school--and the differences of these trends among



student subgroups--were largely consistent with findings in prior research. For instance, girls
report higher levels of self-management and social awareness than boys, and socio-economically
disadvantaged students report consistently lower SEL than their non-disadvantaged counterparts.

One potential concern with the survey measures is score bunching. If, for example, many
students choose the highest possible answer (i.e., score of 5 out of 5), the scores will not provide
evidence of variation among that top group. Relative to the use of raw means, GPCM scale scores
help alleviate this concern by down-weighting items with a high proportion of a particular response
option. Figure 1 shows the distribution of the GPCM scale scores for the four SEL constructs in in
grades five, eight, and twelve (distributions are highly similar for other grades). Although there
are notable spikes in the right tail of the distribution, the scores are overall smoothly distributed.
Furthermore, the extent of the ceiling effects in the measures may not be a problem for the

estimation of school-level effects (Koedel & Betts, 2010). [3]

Between- and Within-School Variance and Across-Year Covariance

We first explore the variance of the SEL constructs and SBAC scores themselves. We
decompose the variance of the SEL constructs and SBAC scores, as well as their correlation from
one year to the next, into a within-school and an across-school component. To do so, we estimate

the following seemingly-unrelated-regressions (SUR) model:

Yeije = Ueje + Neije (D

Yeijt-1 = Ueje—-1 + Neije-1 (2)
where j is the school attended by student i in year £; Y, is score in outcome ¢ of student i in year
t; ¢ 1s the component of the variance of outcome c in year ¢ that is across year-z schools; and 7; ¢

is the component of the variance of construct ¢ in year ¢ that is within year-z schools. The school



attended in year ¢ is used to decompose the variance in both year ¢ and year -1 to ensure
comparability to our school growth model. We report estimates of the variances of p. ¢, Ucjt-1.
Neije» and g1, and of the covariances between pj and pi.j;—; and between 1¢;;; and 7¢;j¢—1.

Table 2 presents the across-school and within-school variance of the SBAC scores in math,
SBAC scores in ELA, and the four SEL scale scores for grades five, eight, and twelve for 2015-
16 and 2016-17 (patterns in other grades are similar). The across-school component of the SEL
scale score variances is smaller than the across-school component of variance in the SBAC scores.
For example, in grade five in 2015-16, the across-school component represents four percent of the
variance in social awareness, compared to 22 percent of the variance in the math score. Moreover,
the across-school variance component appears to be decreasing in higher grades. For example, in
grade 12, the across-school component represents only one percent of the variance in social
awareness. This pattern is present in both years of data. The smaller across-school variation in the
SEL measures could arise from greater measurement error or from a smaller school effect.

Table 2 also shows the across-school and within-school correlations between current (i.e.,
outcome) and lagged (i.e., pretest) scale scores. In both years, the year-to-year correlation in the
SEL scale scores is lower than for the SBAC scores for both the across-school and within-school
components. This pattern demonstrates that student-level SEL outcomes, as measured by the

survey, have lower persistence over time than the academic measures.

Growth Measures

We estimate schools’ contributions to student growth in SEL, math, and ELA scores
separately by grade and separately by year (i.e., 2015-16 and 2016-17) using the following

regression model:
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Yeijt = $c + Yeije-1Ac + XijeBe + acje + Ecije (3)
where school j is the school attended by student i in year ¢, y;j; is the outcome measure ¢ for
student i in school j in year #; a;; is the impact of school j on growth in construct c in year t; &;;;
is a student error term; and A, and f, are conformable coefficient vectors. X;j, is a vector of

demographic characteristics of student i in year t including indicators for economic disadvantage,
special education, English learner (EL) status, foster youth, homelessness, and race/ethnicity.
Ycije—1 18 a vector of all outcome measures available for student i in year 7-1. Depending on the
grade, this vector includes either all four SEL constructs and math and ELA scores (grades five
through eight) or just the four SEL constructs (grade five through twelve). [4]

The model estimates the effect of a school on a student’s outcome in year ¢ while taking
into account the level at which she starts the school year in year #-1; in other words, it estimates
the school effect on student growth. The model accounts for any differences in the student
population among schools by controlling for lagged outcomes (student SEL scores and academic
test scores in year #-1), as well as demographic characteristics. The lagged outcomes are meant to
capture all factors that have influenced student outcomes up to year ¢, while the demographic
characteristics are meant to capture all non-school factors that may differ systematically between
schools in year ¢. Under the assumption that all relevant factors that vary across schools are

controlled for, a.;; measures the contribution of school j to student growth. [5]

Note that, in contrast to academic measures, SEL is not necessarily expected to
continuously increase as students move through school. West et al. (2018) show that, with the
exception of growth mindset, the CORE SEL measures decrease after Grade 6. Therefore, when
we talk about school contributions to growth in student SEL, we mean school contributions to

change in student SEL relative to these trends. In other words, a school’s contribution could be
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“high” if its students’ SEL decreases less than would be expected compared to similar students in
other schools, or a contribution could be “average” if its students’ SEL decreased the same amount
as would be expected. For this reason, we also model school effects by grade to avoid restricting
the model parameters and to flexibly capture these SEL differences across grades.

Moreover, it is worth noting that equation (3) does not include a teacher-level effect.
Therefore, the school effect a.;.can be interpreted as an average effect of all teacher effects in
school j and all other school-level factors, such as school culture and climate, school resources,
and even neighborhood factors. The model specification is common in research (Deming, 2014;
Meyer & Dokumaci, 2015; Chiang et al., 2016; Ehlert et al., 2016; Angrist et al., 2016, 2017) as
well as for state school performance measurement systems (Education Analytics, 2017; SAS,
2018).

Equation (3) is estimated using the errors-in-variables (EIV) regression (Fuller, 1987) to to
avoid producing biased estimates as a result of measurement error in the lagged academic and SEL
measures. This approach corrects the sums-of-squares-and-cross-products matrix with an estimate
of the variance of the measurement error in the right-hand-side variables. The correction
transforms the sums-of-squares-and-cross-products matrix to reflect the expected variances and
covariances of the right-hand-side variables in absence of measurement error. We use Cronbach’s
alpha for the lagged SEL scale scores and IRT conditional standard errors of measurement for
lagged SBAC scores as measures of the variance of measurement error, respectively. [6]

The school effects are centered to have a weighted mean of zero within district and year
for comparability. The weights correspond to the number of students in each school in the
regression sample. Hence, the school effects are relative to the district and year average of school

effects. This centering takes into account idiosyncratic shocks in a given district and year, such as

12



differences in survey administration or district-wide (but not state-wide) events (e.g., a teacher’s
strike). Moreover, the current and lagged SEL scale scores and the SBAC scores were standardized
to have a mean of zero and a standard deviation of one in each regression sample. Therefore, the
coefficients on the lagged scores can be interpreted as a standard-deviation change in the outcome
in response to a standard-deviation change of the lagged scores.

We estimate equation (3) for grades five through 12. Because SBAC is only administered
in grades three through eight and again in grade 11, we can report results for math and ELA scores
for grades five through eight. We do not report results for math and ELA in grade 11, because we
cannot control for prior math and ELA scores for the SEL models in grade 10. This lack of prior
tests raises the concern that we may omit other factors that influence the SEL constructs captured
by test scores in year #-1. In that case, we could not compare estimates in grades five through nine
and twelve to estimates in grades 10 and 11. To address this concern, we present the within-school
R’ for models using all available lagged outcomes, as well as models using only lagged SEL
outcomes. The within-school R? is an adaptation of the R’ that uses only the within-school
component of the variances of the outcome, predictions, and residuals. It measures how much of
the variance in the outcome is explained by covariates other than the school effect. Hence, the
comparison of the R’ of the two models for the same outcomes allows us gauge whether we are
missing important factors by omitting SBAC scores.

We adjust the variance estimate of the school effects to correct for error in the SEL
constructs. We estimate the noise-corrected variance of estimated school effects in the SEL growth

models as follows:

Est. Variance[acjt] = Sample Variance[c?cjt] — Sample Mean[c’r‘czjt] (4)
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where aj; are the effects for school j on outcome c at time #; @&, are the estimated school effects
from equation (3) and centered to have a mean of zero; and 6czjt are the squared standard error

estimates of the estimated and centered school effects. This approach estimates the variance of the
true school effects a;; without variance due to the estimation error.

To measure stability of school effects, we report two correlations of school effects over
time. First, we report correlations between the same grades in two different years. For example,
we calculate the correlation between school effects in grade nine estimated for students in 2015-
16 and the school effects in grade nine estimated for students in 2016-17. Second, we calculate the
correlations of school effects in adjacent grades for a given cohort. These correlations provide
evidence concerning whether schools have sustained impacts on students’ SEL or whether
perceived school effects reverse in the following year.

We show correlations both with and without noise correction to adjust for attenuation from
sampling error in the school effect estimates. When computing the deattenuated correlations
between school effects in the same grade across two years, we divide the unadjusted correlations
by the square root of the product of the reliabilities of the school effects across the two years. We
estimate the reliabilities of the school effects within each grade and year using the following
equation:

Avg.Reliability [c?cjt] = Est. Variance[acjt] / Sample Variance[c?cjt]. %)

The reliability is an estimate of the proportion of the variance of the school effect estimates that is
not the result of sampling error. For the correlations between school effects in adjacent grades in
consecutive years measured using the same cohort of students, we cannot use this adjustment,

because the residuals &, for individual students in that cohort are correlated from year to year.

To adjust for measurement error in this case, we have to take into account correlation of the
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sampling errors between school effects. We do this in three steps. First, we compute adjusted
variances in the school effects by grade and year using equation (4). Second, we compute an
adjusted covariance using a covariance analogue of (4) that subtracts from the sample covariance
the mean of the estimated covariances between the sampling errors across the two sets of school
effects. Third, we compute the adjusted correlation by dividing the adjusted covariance by the
square root of the product of the adjusted variances of the two sets of school effects. In practice,
we do not have a perfect measure of measurement error. In both cases, the noise correction
accounts for estimation error due to randomness in student-level SEL growth. School-level
estimation error and error in the underlying measure not due to the internal consistency of the
measures, however, are not accounted for.

Although the focus of this paper is school-by-grade effects, we also provide school-by-
grade effects aggregated to the school level. We compute the aggregate effects by calculating the
average school effect across the grades in the school, weighted by the number of students in the
respective school and grade used for estimation. We calculate standard deviations for these
aggregated school effects, as well as correlations between aggregate effects in one year and
aggregate effects in the next year. We report standard deviations and correlations for aggregated
effects including grades five to 12 for the SEL constructs, and for the sake of direct comparability,
we also report results including grades five to eight only for both the SEL constructs and the SBAC

math and ELA scores.
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Results

Model Coefficients and Goodness-of-Fit

Before assessing the stability of school effects on SEL, we begin by presenting the model
coefficients and the goodness-of-fit of the school value-added models. Figure 2 displays the model
coefficients of the lagged outcomes for the SBAC scores and the four SEL constructs separately
for students in 2015-16 and 2016-17. Since all scores are standardized to have a mean of zero and
a standard deviation of one, the effect sizes can be interpreted as a one standard-deviation increase
in the outcome in response to a one-standard-deviation increase of the respective lagged score.

Across SEL constructs and grades, the coefficients of the same-outcome lagged variable
are substantially larger than those of the other lagged constructs in the model (for example, the
coefficient for prior growth mindset is larger than the coefficients for the other three SEL pretest
measures when growth mindset is the outcome). For the four SEL constructs, these same-construct
coefficients range from 0.29 to 0.55 for growth mindset, 0.36 to 0.54 for self-efficacy, 0.41 to 0.52
for self-management, and 0.45 to 0.57 for social awareness. For the SBAC scores, the coefficients
of the same-subject lagged scores are bigger than for the SEL constructs, ranging from 0.71 to 0.77
for ELA and 0.71 to 0.98 for math. The coefficients of the other academic subject (i.e., prior ELA
in the math outcome model and prior math in the ELA outcome model) are generally similar to
the prior SEL measures. Furthermore, coefficients do not change notably from students in school
years 2015-16 to students in 2016-17.

Figure 3 presents the within-school R? for each model. The within-school R? measures how
much of the variation in the outcome is explained by covariates in the model beyond the school
effects. The right panel includes all available pretest scores and demographic characteristics. In

line with findings from Loeb et al. (2019), the within-school R’ is substantially lower in models
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with SEL outcomes than in those with SBAC outcomes, raising the concern that other important
factors may be omitted when modelling school effects on SEL. This pattern is present in both
years.

The within-school R? values allow us to assess whether the SEL models in grades 10 and
11 are comparable to those in other grades. We cannot include the same set of covariates for the
SEL models in grades 10 and 11, because California does not administer the SBAC in grades nine
and 10. The left panel of Figure 3 provides the within-school R? for every model only including
lagged scores of the SEL constructs and demographic characteristics. Therefore, the R’ measures
for grades 10 and 11 are based on the same model specification and are numerically identical in
both the left and the right panel. The R’ measures for SEL constructs in the other grades are
remarkably similar. The similarity suggests that SBAC scores do not explain much variation in
SEL outcomes beyond lagged SEL scores and demographic characteristics, and that SEL models

for grades 10 and 11 are comparable to models for other grades.

Variance of School Growth Estimates

Figure 4 displays the noise-corrected standard deviations for all outcomes across grades in
years 2015-16 and 2016-17. [7] As in Loeb et al. (2019), the variance in school effects on SEL
constructs and SBAC scores are similar. Furthermore, the standard deviations of school effects on
SEL constructs follow a similar progression across grades for each construct. The standard
deviations start out relatively high in grade five (0.24 and 0.20 for growth mindset, 0.18 and 0.15
for self-efficacy, 0.13 and 0.13 for self-management, and 0.15 for social awareness in years 2015-
16 and 2016-17, respectively) and then decline until they level off or begin to slightly increase in
high school (0.11 and 0.10 for growth mindset, 0.11 and 0.12 for self-efficacy, 0.10 and 0.12 for

self-management, and 0.08 and 0.08 for social awareness in grade 12 in years 2015-16 and 2016-
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17, respectively). This decline might be explained by the increasing number of teachers who
interact with students in higher grades. Although in elementary school just one high- or low value-
added teacher may influence students’ SEL, in middle and high school, contributions of different
high and low value-added teachers may average out. Grade nine shows a notable spike in the
standard deviation of school effects on self-efficacy in both years (0.14 and 0.15 in years 2015-16
and 2016-17 respectively). Generally, the patterns are remarkably consistent between years.
Standard deviations of aggregated school effects are in line with the effects estimated for
schools-by-grade. Table 3 provides the standard deviations, corrected for noise from sampling
error as in equation (4), for the aggregated school effects. We show standard deviations aggregated
across grades five to twelve for SEL to maximize the number of grades included and to get as close
as possible to an overall SEL school effect. The standard deviations of the aggregated effects range
from 0.085 for self-management and social awareness in 2015-16 to 0.115 for growth mindset in
2016-17. Note that, because the SBAC is only administered in consecutive grades up to grade
eight, we only provide growth estimates for math and ELA aggregated across grades five through
eight. Table 3 also the same aggregate estimates for the SEL outcomes (i.e., aggregated across
grades five to eight) for direct comparability to the math and ELA models. When examining the
standard deviations for school effects aggregated across grades five to eight only, standard
deviations of the effects on the four SEL constructs range from 0.093 for self-management in 2015-
16 to 0.136 for growth mindset in 2016-17. Compared to the standard deviations for math and
ELA aggregated across grades five to eight (ranging from 0.107 for math in 2015-16 to 0.120 for
math in 2016-17), the standard deviations of the effects on the four SEL constructs are similar if

not larger in magnitude to math and ELA.
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Correlations of School Growth Measures Across Years

Next, we turn to the question of whether schools that we estimate to influence student SEL
in one year also appear to influence student SEL in the next year. Figure 5 displays the unadjusted
and the noise-corrected correlations of school effects in the 2015-16 school year and school effects
in the 2016-17 school year. [8] Gray shaded areas highlight 95% confidence intervals. The noise-
corrected correlations are slightly larger than the standard ones, but overall are similar, not
surprisingly, as the reliability estimates are all close to one.

The correlations for the SBAC math and ELA scores increase from grade five to six and
then decrease again in grades seven and eight; they range from 0.43 to 0.69 for math and from 0.25
to 0.68 for ELA. Estimates for growth mindset, self-management, and (slightly less so) self-
efficacy follow the same pattern as correlations for school effects on math and ELA scores in
grades five through seven. However, their magnitude is smaller (ranging from 0.14 to 0.41). In
fact, correlations for all four SEL constructs decline from grade eight through 12 and are even
indistinguishable from zero at the five percent significance level in a few grades. The correlations
of school effects on self-efficacy and social awareness stand out. For self-efficacy, the correlations
increase from grade seven (0.24) to grade nine (0.74) and then decrease again in grades 10 (0.43)
and 11 (0.26); for social awareness, the correlations peak in grade seven (0.44) and grade nine
(0.40). Overall, these correlations show that estimated school effects on self-reported SEL are
mostly significantly positive but not particularly stable from one year to the next year.

The correlations of school effects aggregated across grades are similar, albeit slightly
lower, to correlations of school-by-grade effects. Table 4 shows the correlations of aggregate
school effects in 2015-16 and in 2016-17. Considering aggregate school effects across grades five

through twelve, school effects on self-efficacy are the most stable from one year to the next, with
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a correlation of 0.31, and school effects on growth mindset are the least stable, with a correlation
of 0.14. When considering the aggregate school effects on SEL across grades five through eight
only, the stability correlations are slightly lower for all SEL constructs except for growth mindset.
When we compared the school effects on math and ELA scores (including only grades five through
eight), school effects on SEL are less stable than math and ELA; the correlations of aggregate
school effects on math and ELA from one year to the next are 0.43 and 0.30, respectively, whereas
correlations of aggregate school effects on SEL for the same grades ranges from 0.15 for growth
mindset to 0.23 for self-efficacy.

To understand whether certain schools consistently perform well or poorly, we examine
the movement of schools along the school effect distribution from 2015-16 to 2016-17. Figure 6
shows transition matrices based on a school’s position in the school effect distribution by quarters
in 2015-16 and 2016-17 for all four SEL constructs. [9] The first quarter corresponds to the lowest
quarter in the distribution, and the fourth quarter to the top quarter in the distribution. The numbers
indicate the percentage point deviation from the percent of schools in each quadrant that we would
observe in a totally random process (6.25%). We pool the graphs across grades but calculate the
position in the distribution within grade. The significance levels derive from non-parametric
permutation p-values. Overall, for all four SEL constructs, the percent of schools transitioning
from the second or third quarter of the school effect distribution in 2015-16 to the same quarter in
the distribution in 2016-17 is close to random. However, a significant greater percentage of schools
are persistently in the top and bottom quarter in all four constructs than would be expected through
random allocation. These results point to the possibility that while value-added measures of

schools’ contribution to survey-based SEL measures may not distinguish most schools from each
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other, they are able to distinguish a group of schools that are consistently either low-performing

or high-performing in SEL growth. [10]

Correlations of School Growth Measures Grades within Cohort

Next, we estimate the extent to which schools identified to effectively support students’
SEL in one cohort in one year do so again for the same cohort in the next year based on school
value-added on self-reported SEL. To answer this question, we calculate the correlation of school
effects in adjacent grades between years. For example, we correlate school effects for students in
grade seven in school year 2015-16 with school effects on the same construct for students in grade
eight in year 2016-17. We do not report the correlations for students moving from elementary
school to middle school (grade five to six) and from middle school to high school (grade eight to
nine) since students generally change schools during these transitions.

Figure 7 presents these correlations. [11] First, consider the correlations for SBAC math
and ELA scores. For both measures, the correlations are small and negative, ranging from -0.22 to
-0.09. The correlations for ELA are not significantly different from zero at the five percent
significance level. The correlation of school effects on the four SEL constructs are mostly positive
but statistically insignificant, with the exception of the correlation coefficients for (i) self-efficacy
between grade ten and nine (0.32), (ii) self-management between grade ten and nine (0.17), and
(i11) social-awareness between both grades seven and six (0.22) and ten and nine (0.23), which are
significantly different from zero. Overall, these results suggest that, based on school value-added
on SEL survey responses, a positive school effect in one year does not necessarily mean that the
same students will experience a positive effect in the following year, though they are not more

likely to experience a negative effect.
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Conclusion

In this paper, we examine the stability of school effects on students’ growth in SEL using
a unique large-scale panel survey from the CORE districts. Their dataset contains responses to a
survey eliciting four SEL constructs, growth mindset, self-efficacy, self-management, and social
awareness, for more than 400,000 students each year across three years. We use a methodology
similar to that of conventional value-added models of standardized assessments to assess variation
across schools for each construct. We do this separately for two years (2015-16 and 2016-17) and
then compare the results of these two models across years.

We find that the correlations among school effects on SEL across the two years are positive
but generally low, and they are lower than those for math and ELA test scores. Moreover, the
correlations of school effects in adjacent grades for the same cohort are mostly statistically
insignificant. These results suggest that although the value-added measures may capture true
school effects on SEL, the measures are also unstable from year to year.

This lack of stability could have two explanations. First, schools may not have the kinds of
effects on their students’ social-emotional development that they can reproduce over several years
(i.e., a year or more). For instance, unlike math and ELA instruction, schools may not be explicitly
teaching SEL; thus, they may not have established strategies and practices that are consistently
implemented from one year to the next. However, this explanation stands in contrast to the
accumulating evidence that schools and school-based interventions can have important effects on
student SEL (Blum, et al., 2004; Battistich et al., 2004; Hamre & Pianta, 2006; Allensworth &
Easton, 2007; Jennings & Greenberg, 2009; Durlak, et al., 2011; McCormick et al., 2015;
Berkowitz et al., 2016). Second, the share of the variance in the estimated school effects actually

explained by school practices may be lower than the models suggest. The estimated effects of
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schools may result not only from school effects but also unaccounted measurement error. Sampling
error and the internal consistency-based error from the underlying measure are not the only
possible sources of measurement error. Students may consistently report their assessment of their
SEL on the survey, but this assessment might be error prone, even varying from day to day. Lagged
outcomes and demographic characteristics explain less of the within-school variation of SEL
scales than for SBAC math and ELA test scores, which may reflect noise in the outcome.

In either case, our results suggest that school value-added measures on students’ self-
reported SEL exhibit volatility across years; this volatility is higher than for growth on academic
assessments. This finding highlights potential drawbacks of using such self-report measures of
SEL for school accountability purposes with sanctions or rewards attached to them. Because of
the low stability, schools would likely be punished or rewarded for factors that are outside of their
control (Kane and Staiger, 2002a). The results in this paper also suggest that even the identification
of best school-wide practices or the allocation of resources and supports tied to measures of school
value-added on SEL on a yearly basis may be problematic. Because schools identified as effective
in supporting SEL in one year may not be identified as such in the next year, educational policies
and practices attributed to the success of schools may hence change at a similar rate (Kane &
Staiger, 2002a). Similarly, administrators may have to reallocate support and resources abruptly
from one year to the next.

To date, school performance measurement systems do not include school value-added
models of SEL. Instead, the CORE districts report school-by-grade levels overall and by subgroup
for the four SEL constructs. Although SEL levels have lower stability over time than do SBAC
scores, they are more stable than SEL school value-added measures (White and Polikoff, 2019).

The greater stability of levels compared to gains may appear to indicate that levels of SEL are
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more reliable measures of schools’ contributions to SEL. However, levels do not control for
student characteristics, including students incoming SEL levels, and thus, are unlikely to
accurately identify schools that effectively (or ineffectively) support the social-emotional
development of their students.

Our findings indicate that value-added measures, though conceptually superior to levels,
are not stable enough to distinguish the contribution of most schools to their students’ social-
emotional development. We do find, however, that some schools rank persistently in the top or
bottom quarter of the distribution of school effects in both years. These thicker than expected tails
of the distribution provide some evidence that, although value-added on SEL does not appear to
distinguish well among most schools, a group of schools does stand out. This finding is in line
with the results for school’s value-added to test scores. Kane and Staiger (2002b) show that school
value-added has substantial measurement error, leading to an inability to consistently distinguish
most schools. However, other research has shown that some schools do stand out as either
particularly good or particularly bad on measures of value added to academic achievement gains
(Angrist, Cohodes, Dynarski, Pathak & Walters, 2016; Abdulkadiroglu, Angrist, Hull & Pathak,
2016).

The results reported here are preliminary, in that there are a host of other research questions
we aim to pursue to better understand the stability or volatility of these measures over time. For
instance, our recent efforts to apply a similar approach described in this paper to classroom-level
impacts on students’ SEL suggest there may be more variance explained at the classroom level
than the school level, even after accounting for the school; additional research is needed to examine
whether such classroom effects are more stable than school-wide effects. Finally, it is worth noting

that these conclusions are based on three years of data (i.e., two years of growth). Although the
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results presented here highlight important findings, including more years of data may deepen our

understanding of the stability of these measures over time.
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Endnotes

[1] Several studies have addressed estimation issues of school growth models (Raudenbush &
Willms, 1995; Meyer, 1997; Tekwe et al., 2004; Reardon & Raudenbush, 2009; Ehlert, Koedel,
Parsons, & Podgursky, 2016).

[2] Only the reliability within the growth mindset domain was below 0.7 for grades below grades
seven, which is likely due to the negative wording of the growth mindset items.

[3] We also investigated the distribution of student-level growth scores across grades and
constructs and found no evidence of ceiling or floor effects. See Figure A.1 in the Appendix.

[4] McCaffrey, Lockwood, Koretz, Louis, and Hamilton (2004) have referred to this model
specification as the covariate adjustment model, while Guarino, Reckase, and Wooldridge (2015)
have called it the dynamic ordinary least squares model.

[5] We compared school effects in 2016-17 calculated with this model to a model that includes
two years of previous test scores. The correlations of school effects across these two models are
close to one suggesting that adding an additional lag of prior scores does not substantially
improve identification of school effects. See Figure A.2 in the appendix for the results.

[6] See Table A.1 in the appendix for the reliability values.

[7] See Table A.2 in the appendix for the corresponding standard deviations.

[8] See Table A.3 in the appendix for the corresponding correlations.

[9] Only school-by-grade effects with at least 20 students in the school and grade were used.
Results are similar if all school effects are included.

[10] We reach the same conclusions when creating transition matrices based on aggregate school
effects including grades five to 12. See Figure A.3 in the appendix.

[11] See Table A.4 for the specific values of the correlations.
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Figure 1.
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Figure 2: Model Coefficients

Prior Math

Prior ELA

Prior Growth Mindset
Prior Self Efficacy

Prior Self Management
Prior Social Awareness

Prior Math

Prior ELA

Prior Growth Mindset
Prior Self Efficacy

Prior Self Management
Prior Social Awareness

Prior Math

Prior ELA

Prior Growth Mindset
Prior Self Efficacy

Prior Self Management
Prior Social Awareness

Prior Math

Prior ELA

Prior Growth Mindset
Prior Self Efficacy

Prior Self Management
Prior Social Awareness

Prior Math

Prior ELA

Prior Growth Mindset
Prior Self Efficacy

Prior Self Management
Prior Social Awareness

Prior Math

Prior ELA

Prior Growth Mindset
Prior Self Efficacy

Prior Self Management
Prior Social Awareness

Coefficient Estimate

34

2016 2017
- . - .o . .
o . .o .
e .=
o oo o o
- . oo .
- -e
. S nsen . - -
- R aand
com -
sm o R
h R
. eme . cme
L R
. o o eme
0.00 0.25 0.50 0.7 1.00 0.00 0.25 0.50 0.75 1.00

Koeoy3 Jles 18SPUI moID vi3

ssauaiemy [B100S  juawabeuep jjes

* 05
* 06
* 07
- 08
- 09
=10
1
* 12



Figure 3. Within-School R’ by Grade
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Figure 4. Noise-Corrected Standard Deviations of School Effects by Grade and Year
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Figure 5. Standard and Noise-Corrected Correlations Across Years
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Figure 6: Within-Grade Rank Transitions from 2015-16 to 2016-17
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Tables

Table 1. Descriptive StatisticsPanel A: Number of students (samples for all four outcomes)

Year Outcome Grade 5 Grade 6 Grade 7 Grade 8 Grade 9 Grade Grade Grade
10 11 12
2016 Math 41633 40506 37943 38454
ELA 41649 40541 37969 38531
Growth 37455 33553 31344 31675 25296 26967 22737 19996
Mindset
Self-Efficacy 37516 33564 31366 31702 25299 26993 22736 20003
Self- 37560 33637 31443 31760 25349 27017 22784 20017
Management
Social 37267 33441 31203 31598 25213 26907 22669 19944
Awareness
2017 Math 49081 42444 38034 37789
ELA 49070 42418 38001 37794
Growth 44129 36473 31715 31776 24701 23995 22837 19978
Mindset
Self-Efficacy 44102 36366 31596 31678 24655 23941 22778 19946
Self- 44574 36972 32292 32218 25054 24330 23103 20187
Management
Social 44715 37173 32456 32365 25160 24424 23177 20270
Awareness
Panel B: Number of schools (samples for all four outcomes)
Grade 5 Grade Grade Grade Grade Grade Grade Grade
6 7 8 9 10 11 12
2016 Math 721 340 196 197
ELA 721 340 196 197
Growth 706 330 193 194 167 209 210 203
Mindset
Self-Efficacy 706 330 193 194 167 209 210 203
Self- 707 330 193 194 167 209 209 204
Management
Social 707 330 193 194 167 209 211 204
Awareness
2017 Math 615 340 192 192
ELA 615 340 192 191
Growth 615 334 187 189 168 209 213 192
Mindset
Self-Efficacy 615 334 187 189 168 209 213 191
Self- 615 334 187 189 168 209 213 192
Management
Social 615 334 187 188 168 209 213 192
Awareness

Panel C: Demographics (proportions of students by characteristic, growth-mindset outcome

sample)
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Grade % ELL % SWD % Econ. % % Foster % Latinx% White % % Asian
Disadv. Home- African
less America
n
2016 5 18.16 11.29 77.56 1.85 0.73 73.44 10.25 7.36 5.00
6 14.40 10.92  78.63 2.07 0.62 71.06  9.59 6.83 7.84
7 11.59 10.23  77.02 2.35 0.48 69.79  9.99 6.36 8.59
8 9.87 9.85 76.88  2.58 0.47 70.44  10.12  6.58 8.13
9 9.99 9.74 7898 2.16 0.38 72.34  8.20 6.26 8.36
10 11.58 9.30 76.95 2.49 0.47 71.89  7.87 6.80 8.63
11 7.90 8.80 7541 1.92 0.32 69.79  8.15 7.15 9.50
12 5.21 7.21 77.06 1.84 0.29 70.02  7.95 6.46 9.93
2017 5 16.87 10.32  79.31 3.66 0.46 71.65 10.02 6.9 7.10
6 13.58 10.52  78.22  3.65 0.35 70.82  9.82 6.13 8.33
7 10.33 9.86 77.07 3.41 0.32 69.42 9.81 6.53 9.06
8 8.69 9.80 76.08  3.90 0.34 67.95 10.36 6.66 9.54
9 8.62 9.14 79.8 2.77 0.31 72.58 8.13 6.31 8.19
10 8.58 9.53 77.7 3.8 0.29 70.99 8.41 6.41 8.72
11 8.47 8.57 76.51 4.19 0.28 70.62  8.66 6.26 9.10
12 5.49 7.56 76.43  3.93 0.28 70.58  8.33 6.48 8.94
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Table 2: Across-school and within-school-across-student components of variance and year-to-
year correlation in scale scores in academic subjects and SEL constructs

Variance of scale Correlation of scale Variance of scale Correlation of scale
scores, 2015-16  scores, 2014-15to  scores, 2016-17  scores, 2015-16 to
2015-16 2016-17

Across- Within- Across- Within- Across- Within- Across- Within-
school school school school school school school school

Grade 5

English 0.21 0.79 0.94 0.8 0.2 0.8 0.94 0.81
language arts

Mathematics 0.22 0.78 0.93 0.83 0.22 0.78 0.92 0.83
Growth mindset  0.11 0.89 0.59 0.3 0.1 0.9 0.59 0.29
Self-efficacy 0.05 0.95 0.53 0.42 0.04 0.96 0.59 0.38
Self- 0.07 0.93 0.78 0.5 0.04 0.96 0.67 0.43
management

Social 0.04 0.96 0.54 0.41 0.04 0.96 0.45 0.35
awareness

Grade 8

English 0.16 0.84 0.94 0.81 0.18 0.82 0.95 0.83
language arts

Mathematics 0.18 0.82 0.95 0.82 0.2 0.8 0.96 0.86

Growth mindset  0.03 0.97 0.84 0.42 0.04 0.96 0.71 0.43
Self-efficacy 0.03 0.97 0.76 0.52 0.03 0.97 0.76 0.5
Self- 0.05 0.95 0.86 0.52 0.03 0.97 0.71 0.49

management

Social 0.04 0.96 0.82 0.47 0.05 0.95 0.59 0.44
awareness

Grade 12

Growth mindset  0.02 0.98 0.67 0.46 0.01 0.99 0.56 0.46
Self-efficacy 0.02 0.98 0.59 0.51 0.03 0.97 0.6 0.5
Self- 0.03 0.97 0.65 0.45 0.02 0.98 0.36 0.41
management

Social 0.01 0.99 0.59 0.46 0.04 0.96 0.47 0.45
awareness
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Table 3: Noise-Corrected Standard Deviations of Aggregated School Effects

Grades 5 - 12 Grades 5 - 8
2015-16 2016-17 2015-16 2016-17
TrueSD N  True SD N True SD N True SD N
Math 0.107 783 0.120 877
ELA 0.109 782 0.108 877
Growth Mindset 0.111 981 0.115 1065 0.135 779 0.136 863
Self-Efficacy 0.101 981 0.105 1065 0.111 779 0.105 863
Self-Management 0.085 981 0.098 1066 0.093 779 0.101 864
Social Awareness 0.085 981 0.094 1066 0.101 778 0.110 864
Table 4: Standard Correlation Across Years of Aggregated School Effects
Grades 5 - 12 Grades 5 - 8
Correlation SE N Correlation SE N
Math 0.426 0.032 780
ELA 0.299 0.034 779
Growth Mindset 0.140 0.032 957 0.145 0.036 762
Self-Efficacy 0.306 0.031 957 0.232 0.035 762
Self-Management 0.182 0.032 958 0.169 0.036 763
Social Awareness 0.243 0.031 958 0.225 0.035 763
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Table A.1: Internal scale reliability of SEL and SBAC scale scores by grade

Appendix

4 5 6 7 8 9 10 11 12
Math 0.94 0.92 0.93 0.91 0.91
ELA 0.92 0.92 0.91 0.92 0.91
Growth 0.66 0.7 0.73 0.75 0.77 0.8 0.81 0.82 0.83
Mindset
Self-Efficacy 0.83 0.86 0.87 0.88 0.89 0.89 0.89 0.89 0.89
Self- 0.82 0.84 0.85 0.87 0.87 0.86 0.86 0.86 0.86
Management
Social 0.77 0.79 0.8 0.81 0.81 0.81 0.81 0.81 0.82
Awareness

Figure A.1: Distribution of Student-Level Growth Scores for Grades 5, 8, and 12
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Notes: We construct a student-level estimate of growth by computing the residual based on a
prediction that excludes school effect a.j, in Equation (3). This residual contains aj; plus the
random student error £¢;j¢.
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Figure A.2: Correlations Between School Effects with One Year and Two Years
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Table A.2: Standard Deviations of Noise-Corrected School Effects by Construct, Grade, and
Year

Grade Math ELA Growth  Self Efficacy Self Social
Mindset Management Awareness
2015-16
5 0.14 0.16 0.24 0.18 0.13 0.15
6 0.17 0.16 0.14 0.12 0.12 0.12
7 0.12 0.10 0.09 0.09 0.10 0.10
8 0.13 0.12 0.09 0.10 0.09 0.09
9 0.09 0.14 0.10 0.09
10 0.06 0.09 0.09 0.07
11 0.08 0.09 0.09 0.06
12 0.11 0.11 0.10 0.08
2016-17
5 0.17 0.14 0.20 0.15 0.13 0.15
6 0.16 0.15 0.16 0.12 0.11 0.14
7 0.11 0.12 0.11 0.09 0.11 0.11
8 0.12 0.12 0.11 0.10 0.10 0.09
9 0.09 0.15 0.12 0.08
10 0.09 0.12 0.10 0.08
11 0.10 0.12 0.12 0.07
12 0.10 0.12 0.12 0.08
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Table A.3 Correlations of School Effects in Same grade and Different Year

Standard
Grade Math ELA Growth Self- Self- Social
Mindset Efficacy Management Awareness

5 0.38 0.28 0.16 0.22 0.16 0.16
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

6 0.64 0.63 0.30 0.25 0.28 0.27
(0.04) (0.04) (0.05) (0.05) (0.05) (0.05)

7 0.52 0.36 0.11 0.21 0.29 0.44
(0.06) (0.07) (0.07) (0.07) (0.07) (0.07)

8 0.41 0.23 0.25 0.43 0.10 0.19
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07)

9 0.26 0.66 0.34 0.40
(0.08) (0.06) (0.08) (0.07)

10 0.15 0.38 0.21 0.29
(0.07) (0.07) (0.07) (0.07)

11 0.00 0.23 0.14 0.18
(0.07) (0.07) (0.07) (0.07)

12 0.12 0.32 0.16 0.02

Noise-Corrected

Grade Math ELA Growth Self- Self- Social
Mindset Efficacy Management Awareness

5 0.43 0.33 0.22 0.26 0.19 0.20
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

6 0.69 0.68 0.41 0.29 0.32 0.34
(0.04) (0.04) (0.05) (0.05) (0.05) (0.05)

7 0.57 0.39 0.14 0.24 0.33 0.54
(0.06) (0.07) (0.07) (0.07) (0.07) (0.06)

8 0.45 0.25 0.33 0.48 0.11 0.23
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07)

9 0.32 0.74 0.40 0.49
(0.08) (0.05) (0.07) (0.07)

10 0.18 0.43 0.24 0.36
(0.07) (0.07) (0.07) (0.07)

11 0.00 0.26 0.16 0.22
(0.07) (0.07) (0.07) (0.07)

12 0.14 0.36 0.18 0.03
(0.07) (0.07) (0.07) (0.08)

Notes: Standard errors are in parentheses.
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Figure A.3 Within-Grade Rank Transitions from 2015-16 to 2016-17, Aggregate School
Effects
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Table A.4 Correlations of School Effects in Adjacent Grades and Same Cohort

Standard
Grade Math  ELA Growth Mindset Self-Efficacy Self-Management Social Awareness
7and6  -0.20  -0.08 0.00 0.01 0.06 0.18
(0.07)  (0.08) (0.08) (0.08) (0.08) (0.08)
8and7  -0.18 -0.13 0.02 0.06 -0.06 0.03
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07)
10 and 9 -0.10 0.29 0.15 0.18
(0.08) (0.08) (0.08) (0.08)
11 and 12 0.03 0.13 -0.01 0.11
(0.07) (0.07) (0.07) (0.07)
12 and 11 -0.06 -0.04 0.01 -0.20
(0.07) (0.07) (0.07) (0.07)
Noise-Corrected
Grade Math  ELA Growth Mindset Self-Efficacy Self-Management Social Awareness

7and6  -0.22  -0.09 0.00 0.01 0.07 0.22
(0.07) (0.08) (0.08) (0.08) (0.08) (0.08)

8and7  -0.20 -0.14 0.02 0.07 -0.07 0.04
(0.07)  (0.07) (0.07) (0.07) (0.07) (0.07)

10 and 9 -0.13 0.32 0.17 0.23
(0.08) (0.07) (0.08) (0.08)

11 and 12 0.04 0.14 -0.01 0.13
(0.07) (0.07) (0.07) (0.07)

12 and 11 -0.07 -0.04 0.01 -0.24
(0.07) (0.07) (0.07) (0.07)

Notes: Standard errors are in parentheses.
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