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Prior work has shown that students’ self-reported levels on social-emotional measures predict achievement levels and gains,
but we have little evidence on whether within-student changes in self-reports on social-emotional surveys are predictive of
changes in theoretically related academic and behavioral outcomes. We use large-scale data from the California CORE dis-
tricts to examine whether changes in individual reports on social-emotional measures from one school year to the next predict
changes in state math and English language arts test scores and attendance. We show that changes in self-reported social-
emotional measures predict changes in both achievement and attendance. These results are robust across model specifications.
Moreover, the relationships between SEL and achievement and attendance outcomes are consistent across student subgroups.
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Introduction

Recent evidence shows that social-emotional learning
(SEL) is strongly predictive of educational and career suc-
cess, even after controlling for differences in students’ expe-
riences and achievement (Deming, 2017; Duckworth et al.,
2010; Farrington et al., 2012; Kautz et al., 2014; Yeager &
Dweck, 2012). As a consequence, school systems are
increasingly seeking ways to measure students’ SEL. The
most common approach to measurement, given its adminis-
trative ease and low cost, is the use of self-report student
surveys. Yet questions remain about the validity of using stu-
dents’ responses to these surveys to track their social-emo-
tional development.

It is well documented that student self-reports on SEL
surveys do predict theoretically related academic and

social-emotional learning, student surveys, measurement, achievement, attendance

behavioral outcomes (Claro & Loeb, 2019a, 2019b;
Duckworth et al., 2010; Soland, 2019; West et al., 2020).
Although these correlations, in theory, could reflect other
factors that predict both students’ responses and their other
outcomes, research provides some evidence that these
responses do capture differences across students in the
assessed constructs (Gehlbach & Hough, 2018). At the same
time, studies have not comprehensively assessed the validity
of changes in student responses over time for monitoring
student social-emotional development. Changes over time
could measure real changes in student SEL, or they could
simply be noise with students selecting responses based on
their daily mood or level of concentration. If changes in
reports were noise, we would not expect them to predict
changes in other valued outcomes, such as achievement. But
if changes in reported SEL were capturing real changes in
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students, those changes could provide useful information to
schools and districts. School improvement decisions require
making sense of data in real time to guide interventions at a
variety of levels, from individual students or entire organiza-
tions (Schildkamp, 2019). Changes in reported SEL could be
used to evaluate the efficacy of programs or interventions or
for monitoring student well-being.

In this paper, we use data from five school districts to
examine whether changes in individual students’ self-
reported SEL from one school year to the next predict
changes in state test scores and attendance. The districts are
members of the CORE districts, a collaborative of California
school districts that since 2014—15 has administered a com-
mon set of surveys to all students in Grades 4 through 12.
Our results provide evidence of the relationship between
within-student changes in levels of self-reported social-emo-
tional constructs and within-student changes in attendance
and academic achievement. Our measures of academic
achievement are state standardized tests, thereby extending
previous work done studying the relationship between
within-student changes in self-management (Duckworth
et al., 2010) and self-efficacy (Soland, 2019) and other mea-
sures of achievement. To our knowledge, our study is the
first to examine the relationship between changes in multiple
SEL constructs and changes in outcomes simultaneously.

The CORE SEL survey seeks to measure four aspects of
students’ social-emotional development: (a) growth mind-
set, the belief that one’s abilities can improve with effort
(Dweck, 1999); (b) social awareness, the ability to take the
perspective of and empathize with others from diverse back-
grounds and cultures, to understand social and ethical norms
for behavior, and to recognize family, school, and commu-
nity resources (Collaborative for Academic Social and
Emotional Learning [CASEL], n.d.); (c) self-efficacy, the
belief in one’s own ability to succeed in achieving an out-
come or reaching a goal (Bandura, 1997); and (d) self-man-
agement, the ability to regulate one’s emotions, thoughts,
and behaviors effectively in different situations, such as
managing stress, delaying gratification, motivating oneself,
and setting and working toward personal and academic goals
(CASEL, n.d.).

Although the importance of SEL is well established,
validity evidence surrounding the use of self-report survey
measures of SEL to monitor students’ social-emotional
development is still emerging. Known limitations of self-
report measures (Duckworth & Yeager, 2015; Melnick et al.,
2017; Soland et al., 2013) raise doubts about their ability to
inform practitioners and policymakers about students’ devel-
opment. Students may lack sufficient knowledge to evaluate
themselves accurately, their responses may be skewed by
social desirability bias, and their reference points for evalu-
ating themselves may depend on their classroom or school
environment (Duckworth & Yeager, 2015; Soland, et al.,
2013; West et al., 2016). Duckworth and Yeager (2015)

hypothesize specifically that students’ responses may be
insensitive to short-term changes, preventing self-report rat-
ings from capturing changes over time.

However, since 2017, the CORE-PACE Research
Partnership has produced a number of studies exploring the
measurement properties and use of the SEL surveys. This
research has shown that the survey items were developed
based on research evidence and that they have broad buy-in
from school and district leaders (Allbright & Marsh, 2020;
Krachman et al., 2016; West et al., 2018) and, further, that
the items are generally reliable measures of their respective
constructs (Meyer et al., 2018). The SEL survey scores have
also been shown to be predictive of measures of student
achievement and behavior such as test scores, grade point
average, attendance, and suspensions (Claro & Loeb, 2019a,
2019b; West et al., 2020). In addition, although SEL growth
varies widely within schools and classrooms (Fricke et al.,
2019; Soland et al., 2019), recent research provides initial
evidence that teachers and schools may contribute to stu-
dents’ growth in SEL measures over time, as student SEL
growth varies systematically across schools and across
classrooms within schools (Fricke et al., 2019; Meyer et al.,
2019).

Although the extant body of work makes strides toward
establishing the validity and reliability of the CORE SEL
measures for monitoring students’ SEL development, the
question of whether students’ academic outcomes improve
alongside increases in their SEL is yet unanswered, particu-
larly for SEL dimensions such as growth mindset and social
awareness. Establishing this connection is useful for two
reasons. First, districts will benefit from appropriately sensi-
tive measures of change in addition to levels if they aim to
use the collected data to assess students’ social-emotional
development over time. Second, districts will be better
served by measures of SEL development that predict
achievement gains or attendance if they aim to implement
SEL interventions as a means to improve these other out-
comes. Assessing the predictive validity of SEL measures
based on levels alone leaves open the possibility that student
SEL is correlated with unobserved student characteristics. In
contrast, assessing whether changes in SEL are predictive of
changes in other academic outcomes within students
accounts for the influence of unobserved factors that are
fixed over time.

Other studies using the CORE data indicate that grade-to-
grade changes in students’ responses to the CORE SEL sur-
vey do not simply reflect measurement error around a stable
student-specific mean. In particular, studies have shown that
the SEL measures vary systematically across grades and that
this variation differs across constructs. For example, West
et al. (2020), using 2 years of the CORE districts’ student
surveys, document that students’ self-reported scores on
self-efficacy and social awareness decline markedly between
Grades 4 and 12, whereas growth mindset scores increase



over time. Self-management appears to increase between
Grades 4 and 6, decline between Grades 6 and 8, and then
increase slightly during high school. Fahle and colleagues
(2019) show that the decline in self-efficacy over time is
observed among all major demographic groups within the
CORE districts and is especially pronounced for girls. These
papers speak to the measures’ internal consistency but do not
assess their ability to predict distal outcomes.

In this study, we consider the changes in students’ relative
position in growth mindset, self-efficacy, self-management,
and social awareness in the distribution of their peers and
their relationship with the changes in the student’s relative
position in the distribution of their peers for math achieve-
ment, English language arts (ELA) achievement, and atten-
dance rate. To our knowledge, only two studies have assessed
the relationship between within-student changes in SEL and
changes in other student-level outcomes. The first focused
specifically on self-management skills and grade point aver-
age (GPA; Duckworth et al., 2010) and the second on self-
efficacy and scores on a district-administered standardized
test (Soland, 2019). We are not aware of studies document-
ing the relationship between changes in self-reported growth
mindset and social awareness and changes in other student
outcomes. Moreover, because three of these four SEL con-
structs are highly correlated with each other (Meyer et al.,
2018), estimating the relationship between each SEL con-
struct’s change and other outcomes independently may
result in omitted-variable bias. As such, it is important to
consider all four of these focal constructs simultaneously
while also recognizing that this may not fully solve the omit-
ted-variable problem. We found no prior work assessing the
relationship between SEL and achievement changes that
takes into account changes in other SEL constructs. It is
likely, however, that individual stakeholders may examine
and interpret changes in SEL measures over time, making
the collection of validity evidence around the interpretation
of these changes paramount for sound decision making.
Although this study cannot establish causal relationships
between SEL constructs and other outcomes, it lays the
groundwork for causal analyses and the evaluation of spe-
cific interventions that seek to build SEL schools as a means
to support students’ academic and behavioral success.

The present study uses administrative data and self-
reported social-emotional measures for middle school stu-
dents enrolled in the CORE districts between 2015 and 2017.
We address two specific questions: Are within-student
changes in self-reported social-emotional measures, mea-
sured relative to other students in same grade cohort, predic-
tive of changes in academic and behavioral outcomes? Do
the relationships between SEL changes in self-reported
social-emotional measures and changes in other outcomes
vary by student characteristics such as gender, race, eco-
nomic disadvantage, prior academic achievement, and prior
levels on self-reported social-emotional measures?

TABLE 1

Demographic Summary of Students in the Analytical Sample
Category

Total students, N 49,216
Percentage female 51.22
Percentage African American 6.71
Percentage Latinx 73.07
Percentage Asian 7.10
Percentage White 65.97
Percentage English learners 13.61
Percentage receiving free/reduced-price lunch 84.60
Percentage whose parents had no high school diploma 22.38

Note. The sample consisted of fourth to sixth grade students in SY15 who
completed social-emotional learning (SEL) surveys and had available
achievement and attendance data between SY 15 and SY17.

Method
Sample and Measures

We used longitudinal data from students in the CORE
districts for school years 2014—15 (SY'15), 2015-16 (SY16),
and 2016-17 (SY17). The CORE districts together serve
over 1 million students and represent 20% of all students in
California. We constructed our analytic sample based on the
requirements of our most restrictive model. We began with
the 218,851 students who were in fourth to sixth grade dur-
ing SY15 and were enrolled in the school districts of Fresno,
Long Beach, Los Angeles, San Francisco, and Santa Ana.
After filtering out students not observed in all three study
years, we were left with 109,335 unique students. We
dropped students who appeared in more than one school in a
given year, who were missing one or more of the four SEL
measured constructs in any of the years analyzed, or for
whom we did not have each of the outcomes available each
year. This process resulted in retaining 45% of students
observed for 3 years, leaving an analytical sample 0f 49,216
unique students and 147,648 individual observations.
Ensuring that each model was fit to the same sample of stu-
dents was key, as the results of all three of our model speci-
fications were meant to be interpreted alongside each other,
and we wanted to remove the possibility that interpretations
across models were driven by data availability differences.
Table 1 provides a demographic summary of the students
included in the main analysis. The sample was predomi-
nantly Latinx (73%) and eligible for free or reduced-priced
Iunch (85%).

The CORE districts began fielding surveys of students to
collect information on SEL in spring 2015. The surveys,
conducted each spring, aim to measure four SEL constructs
by asking students to rate themselves on a series of items in
five-level Likert scales. The four SEL measures are the
following:
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e  Growth mindset, adapted by Transforming Education
from Farrington et al. (2013) and Dweck (1999),
measures the extent to which students believe their
intelligence is malleable (as opposed to fixed).
Students rate how true is each of four statements
using a 5-category Likert scale (5 = very true, 1 =
not at all true).

e Social awareness,adapted by Transforming Education
(2016) from the American Institutes for Research
(AIR) and the Collaborative for Academic, Social,
and Emotional Learning (CASEL) tool “Student Self-
Report of Social and Emotional Competencies,” mea-
sures perceived interpersonal abilities such as
empathizing with others and listening to others’ points
of view. Each item has its own 5-category scale.

o Self-efficacy, adapted from Farrington et al. (2013),
measures how students perceive their abilities to per-
form academic tasks and succeed in classes. Students
rate how confident they are with statements such as “I
can do well on all my tests, even when they are diffi-
cult” using a 5-category Likert scale (5 = completely
confident, 1 = not at all confident).

o Self-management represents the “ability to regulate
one’s emotions, thoughts, and behaviors effectively in
different situations” (Transforming Education, 2016,
p. 5), measured through nine items adapted from Park
et al. (2017). Students rate how often they behaved as
the item described “during the past 30 days,” using a
5-category Likert scale (5 = almost all the time, 1 =
never or almost never).

Following Meyer et al. (2018), we used SEL scores con-
structed by fitting a polytomous item response theory (IRT)
model called the generalized partial credit model. Using this
method, Meyer et al. (2018) show that the four measures
have relatively high reliability, with the exception of growth
mindset at lower grades where reliability is lower and there
is possible rating scale confusion due to negatively worded
items (Bolt et al., 2019). Meyer et al. also provide evidence
that the instruments measure distinct constructs.

We focus on three main student outcomes: math and ELA
scores from the Smarter Balanced Assessment Consortium
(SBAC), a standardized computer-adaptive test administered
in Grades 3 through 8, and attendance percentage (days
attended divided by days enrolled). The SBAC is also scaled
using IRT, with scores placed on a vertical scale. We focus on
test scores and attendance percentage because of their avail-
ability, importance to practitioners, and interpretability. Table
2 reports mean scores and standard deviations of each SEL
construct and outcome by year and cohort. As a shorthand,
we refer to growth mindset, social awareness, self-efficacy,
and self-management as SELg,,,SELg,,SELg;,SELg,, ,

respectively. Our outcome measures of SBAC ELA,
SBAC math, and attendance percentage are denoted as
SBAC,, ,,SBAC,,,,,,and ATT — P , respectively.

Table 3 shows correlations between SEL constructs and
outcomes. Note that social awareness, self-efficacy, and
self-management are highly intercorrelated (r = .44-.54),
whereas growth mindset is moderately correlated with the
other three constructs (» = .20-.34). Additionally, SBAC
ELA and SBAC math are correlated with each other (r =
.80), whereas attendance percentage is not well correlated
with any of the other measures (r < .2).

The SEL change and achievement change constructs are
measures of the change in students’ position in their peer
distributions over time. To create these measures, we stan-
dardize each SEL measure and outcome variable to have a
mean of zero and a standard deviation of one within each
grade-year, converting our SEL measures to standard devi-
ations from the cohort mean for a given year. Within-grade-
year standardization is essential, as West et al. (2018)
document large differences across grades in the average
change in SEL scores within the CORE districts. Students’
growth in academic achievement as measured on the SBAC
vertical scale also varies systematically across grades, as
do average changes in attendance rates. Across-grade dif-
ferences in SEL could in part reflect differences in student
response styles or contexts across grades, whereas differ-
ences in outcomes could be influenced by characteristics of
the school system unrelated to social-emotional develop-
ment (e.g., more effective teachers in a given grade). Rather
than attempt to link these two phenomena, we take the
more conservative approach of relating changes in stu-
dents’ relative position within the distribution of social-
emotional measures among their grade-level peers to
changes in their outcomes—also measured relative to their
peers.

Figure 1 illustrates the density of the distribution of year-
to-year changes in position relative to the peer distribution
across all SEL constructs and outcome variables. With the
exception of growth mindset, the modal change in each dis-
tribution is zero. For growth mindset, the modal change is
slightly negative. All measures have year-to-year changes
beyond 2% SD, and changes at or above 1 SD are not uncom-
mon in any measure. Overall, we see that the SEL change
distributions have slightly longer tails than the SBAC change
distributions. The attendance percentage change distribu-
tions have extremely long tails, but most observations are
also clustered around zero.

We use student demographic variables, such as indicators
for economic disadvantage, special education, English
learner (EL) status, homelessness, and race/ethnicity, to
assess the heterogeneity of results. Table 1 gives the propor-
tion of students in these demographic categories.



TABLE 2
Score Means (Standard Deviations) by Cohort-Year

SY Grade n SELGu SELs, SELse SELsy SBACk14 SBACytam ATT - P
15 4 22,744 0.04 0.09 0.02 0.11 243491 2446.79 0.97
(1.28) (1.26) (1.05) (1.15) (86.95) (74.73) (0.03)
15 5 7982 -0.1 0.07 -0.01 0.07 2474 .47 2467.16 0.97
(1.16) (1.23) (1.02) (1.12) (87.95) (79.91) (0.03)
15 6 18,482 0.07 0.12 0.05 0.16 2502.04 2499.37 0.98
(1.22) (1.19) (1.01) (1.09) (88.29) (93.91) (0.03)
15 7 8 -0.53 0.42 —0.47 -0.19 2427.25 2412.62 0.96
(1.91) (1.97) (1.53) (1.37) (47.02) (77.45) (0.04)
16 4 65 -0.36 0.06 -0.35 -0.35 2390.55 2424.49 0.96
(1.14) (1.32) 0.85 (1.06) (70.15) (56.86) (0.03)
16 5 22,688 0.08 0.13 0.03 0.14 2489.78 2477.81 0.97
(1.18) (1.23) (1.02) (1.13) (91.39) (85.29) (0.03)
16 6 7980 0.02 0.09 0.00 0.07 2511.49 2499.66 0.97
(1.13) (1.17) (0.96) (1.07) (87.87) (95.62) (0.03)
16 7 18,482 0.07 0.12 0.05 0.14 2534.60 2519.85 0.97
(1.16) (1.16) (1.00) (1.08) (95.29) (105.51) (0.03)
16 8 1 —0.95 0.12 -1.05 -0.32 2532.00 2445 0.95
17 5 76 —0.38 -0.15 -0.19 —0.34 2434.95 2440.41 0.96
(1.12) (1.18) (0.90) (0.93) (76.47) (68.48) (0.03)
17 6 22,675 0.00 —0.08 0.01 0.04 2510.80 2501.26 0.97
(1.18) (1.19) (1.01) (1.12) (95.54) (106.13) (0.03)
17 7 7981 0.03 0.06 —0.04 0.03 2530.44 2511.94 0.97
(1.12) (1.16) (0.97) (1.08) (97.25) (106.81) (0.04)
17 8 18,484 0.00 -0.07 —-0.01 —0.02 2554.07 2536.88 0.97
(1.11) (1.15) (1.00) (1.11) (97.73) (118) (0.03)

Note. SY = school year; SEL = social-emotional learning; GM = growth mindset; SA = social awareness; SE = self-efficacy; SM = self-management;
SBAC =Smarter Balanced Assessment Consortium; ATT-P = attendance percentage. Low sample size within some grade-year cells is due to students
retained in the same grade over 2 years.

TABLE 3
Correlations Between SEL Constructs, SBAC Scores, and Attendance Percentage

SELGy SELsy, SELse SELsy SBACEL4 SBAC v ATT - P
SELgu — — — — — — —
SELs4 .20 — — — — — —
SELss 34 44 — — — — —
SELgsy .26 .54 48 — — — —
SBACkg14 .39 .16 28 .33 — — —
SBACarh .37 14 31 31 .80 — —
ATT - P .05 .04 .08 .09 .14 18 —

Note. SEL = social-emotional learning; SBAC =Smarter Balanced Assessment Consortium; GM = growth mindset; SA = social awareness; SE = self-
efficacy; SM = self-management; ELA = English language arts; ATT-P = attendance percentage. All correlations were significant at the p < .01 signifi-
cance level.
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FIGURE 1.
Balanced Assessment Consortium; ELA, English language arts.

Analysis

Our goal is to describe the relationship between changes
in SEL and changes in other student outcomes. To provide a
benchmark for our preferred estimates, we begin by model-
ing the relationship between SEL levels and student achieve-
ment changes as described by Equation 1:

Yu :|30 + BISELU + BZYi,t—l + &ir, (1)
where Y, represents an outcome measure (test scores,
GPA, or attendance) for student 7 at time ; SEL, is the
student’s year-cohort standardized level of one of the four
SEL variables at time ¢; and €, is the stochastic compo-
nent of the model. B, is our target estimand, correspond-
ing to the correlation between a SEL variable and the
outcome, conditional on the previous measure of that same
outcome. By controlling for the outcome measure in the
previous period, this model relates change in the outcome
to change in SEL. Because the model does not control for
within-student time-invariant characteristics, however, it
is possible that the relationship estimated through this
model reflects unobserved factors related to both the SEL
measure and the outcome.

To address this concern, we exploit the panel structure
of our data (i.e., the ability to connect observations of the
same student across years) to estimate a second model that
uses within-student variation to assess whether outcomes

Measure

Growth Mindset (15-16)
Growth Mindset (16-17)
|:| Social Awareness (15-16)
{ ! Social Awareness (16-17)
Self-Efficacy (15-16)
§ self-Efficacy (16-17)
Self-Management (15-16)
Self-Management (16-17)
SBAC ELA (15-16)
B SBACELA (16-17)
SBAC Math (15-16)
SBAC Math (16-17)
Attendance Percentage (15-16)
Attendance Percentage (16-17)

Distributions of year-to-year changes in SEL and outcome measures. SEL, social-emotional learning; SBAC, Smarter

change when SEL changes. Equation 2 describes this sec-
ond model:

Y =Bi1SEL; + @i + €4, (2)

where Y, is our outcome measure for student i at time ¢
SEL, is the measurement of a particular SEL construct for
student 7 at time #; and ®, is a student-specific fixed effect.
When there are only two time periods per student, this
approach is equivalent to a first-differences model that
regresses change in outcome on change in SEL (first-differ-
ence estimator), which differences out the time-invariant
individual student effect. Because we observe each student
three times, the student fixed effect in Equation 2 captures
the average levels of the outcome variable and SEL con-
struct but allows for the flexible estimation of an intercept
that corresponds to a specific student instead of the shared
intercept across all periods in Equation 1. A positive value of
B, will show that, within individuals, in years when a stu-
dent’s self-reported SEL is higher relative to their grade
cohort, the student’s relative standing in the outcome will
also be higher. Hence, the model permits us to establish a
general relationship between within-person changes in self-
reported SEL and our outcomes.

Equation 2 models the within-student relationship
between changes in SEL and changes in outcomes, but we
might also be interested in the relationship between changes



in SEL and higher order trends in outcomes. That is, how
does the change in SEL predict differences in student learn-
ing (as measured by test score gains) across years? To
address this question, we present a third model:

AYy = BISELit +; + &, (3)

where AYit,H is the change in the standardized value of
the outcome measure between the previous time period the
current time period. All other values are as in Model 2. This
third model, therefore, estimates the association between
changes in the SEL construct and changes in the changes of
the outcome. Positive values of B, indicate that when a stu-
dent moves up in their peer distribution for a SEL construct,
they can expect that the same-period change in their relative
standing on the outcome will be larger than the previous
period’s change. We therefore consider this third model
complementary to Model 2, instead of better or worse. A dis-
advantage of this model is that it requires observations to
include a lagged achievement variable, so each student’s 3
years of data are treated as only two observations.

We choose the models represented in Equations 2 and 3
instead of structural equation model (SEM) or hierarchical
linear model (HLM)-based approaches (e.g., Soland, 2019,
and Duckworth et al., 2010, respectively), because specify-
ing a SEM requires making significant assumptions about
causal pathways between variables and the items used to
measure them and because HLM approaches treat the indi-
vidual student intercepts as random variables, only estimat-
ing their mean and variance. Our sample was large enough
that the efficiency gains from estimating random effects
were outweighed by the flexibility of estimating individual
student fixed effects. We are agnostic about the directional-
ity of the causal relationships between changes in the four
SEL constructs and changes achievement. Additionally, SEL
constructs in the CORE districts survey appear to follow
diverse and changing growth trajectories along school grades
(West et al., 2018).

We estimate all models using the plm package v2.2-0
(Croissant & Millo, 2008) in R v3.6.1 (R Foundation, n.d.).
We estimate standard errors using cluster-robust variance
estimators (Millo, 2017). Additionally, because the correla-
tion between same-period changes in growth mindset are not
well correlated with changes in the other three constructs
(7 <.12) and same-period changes in the other three SEL
constructs are only moderately correlated (7 <.4), we con-
sider models with a single SEL construct as well as models
that include all four SEL constructs.

Results

Overall, we find positive and statistically significant
associations between the SEL constructs and the outcome
variables across all three model specifications. In all tables

Predictive Power of Longitudinal Differences in Self-Reports

for all models, we report robust standard errors clustered by
student. Our figures display 95% confidence intervals con-
structed from robust standard errors adjusted for student-
level clustering. In general, we observe that changes in
growth mindset and self-management are the strongest pre-
dictors of test performance. Additionally, growth mindset,
along with self-efficacy, is a predictor of changes in indi-
vidual attendance percentage.

SBAC ELA

Table 4 presents the results for each of the three models
for SBAC ELA. We first look at Columns (a) through (e)
under Model 1. Because we control for the previous period’s
outcome, this model uses 3 years of data to produce two
observations per student in the sample. Results demonstrate
that, controlling for prior ELA scores, SEL is related to cur-
rent ELA scores. Taken individually, a difference of 1 SD in
SEL is associated with an expected ELA score from .044 SD
(for social awareness) to .098 SD (for growth mindset)
higher, controlling for previous SBAC ELA achievement.
When combining all four SEL constructs, growth mindset
and self-management dominate (b = .083, SE = .002 and b
= .073, SE = .002, respectively). The coefficient on self-
efficacy becomes trivial in magnitude (b = .009, SE = .003),
whereas the coefficient on social awareness becomes nega-
tive (b = —009, SE = .002). This may suggest that social
awareness and self-efficacy are predictive of achievement
when examined independently only due to their correlations
with growth mindset and self-management.

Results for Model 2 are presented in the next set of
Columns (a) through (e). This model predicts SBAC ELA
including student fixed effects. The inclusion of student
fixed effects removes time-invariant student characteristics
and, as a result, estimates the relationship between within-
student changes in SEL and ELA. Thus, we interpret Model
2 as describing the relationship between changes: Positive
coefficients show that upward movement in SEL is accom-
panied by concurrent upward movement in ELA. The coef-
ficient estimates from Model 2 are smaller than those for
Model 1, ranging between .019 and .032. Associations in the
four-construct model are, once again, dominated by self-
management and growth mindset (b = .031, SE = .002 and
b = .028, SE = .002, respectively).

Overall, we take this to show that within students, posi-
tive changes in SEL constructs are significantly associated
with same-period positive changes in SBAC ELA perfor-
mance. Additionally, note that for all Model 2 specifications,
the sample size is reported as 50% larger than in Models 1
and 3. This occurs because it does not include a lagged out-
come, which, from the model’s perspective, allows it to see
three observations per student, compared with two per stu-
dent in the other models. Despite the difference in reported
observations, all models are estimated using the same pool
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of students. Of note are the negative values for the adjusted
R*. Adjusted R? incorporates a parsimony penalty that
does not confine it to the unit interval. The fixed-effects
specification requires estimating a number of model param-
eters on the order of the number of students, which is heavily
penalized by this metric. The unadjusted R? is also near
zero, so despite observed associations, outcome prediction
at the individual level would be unreliable.

Finally, the third set of Columns (a) through (e) present
results for Model 3, where the outcome variable is change in
SBAC ELA, and we include student fixed effects. Similar to
Model 2, Model 3 focuses on changes within students over
time. It differs from the specification in Model 2 in that it
relates changes in SEL to changes in the changes in SBAC
ELA. Here, positive coefficients describe a situation where a
positive change in SEL from time ¢ to time ¢+1 is accom-
panied by a larger change in ELA from time ¢ to time ¢ +1
than was observed in time ¢#—1 to time ¢. We observe that
individual constructs are also positively associated with
score gains in SBAC ELA, ranging from .024 to .040. As in
previous models, associations are dominated by growth
mindset and self-management (b = .031, SE = .002 and b =
.028, SE = .005, respectively). In this model, however, the
coefficient on social awareness is larger and more compara-
ble to the coefficients on growth mindset and self-manage-
ment (b = .016, SE = .004). As such, increases in all SEL
constructs are associated with larger positive changes in
SBAC ELA achievement over time.

SBAC Math

Results for SBAC math are similar to those for ELA.
Table 5 presents results for each of the three models with
both single-construct and four-construct specifications. The
estimates presented in the first set of Columns (a) through
(e) show the results for Model 1. They demonstrate that con-
trolling for previous SBAC math, students’ position in the
SEL distribution of their grade cohort is related to their posi-
tion in the SBAC math distribution. As with ELA, the four-
construct model results in attenuation of estimated
coefficients, and social awareness becomes negatively asso-
ciated with SBAC math achievement. Coefficients in the
single-construct models range from .040 to .084, and the
four-construct model is dominated by growth mindset and
self-management (b = .069, SE = .002 and b = .060, SE =
.002, respectively).

The second set of Columns (a) through (e) in Table 5
report results for the individual fixed effects Model 2). Here
again, Model 2 is a model describing the relationship
between changes: Positive coefficients show that upward
mobility in the SEL distribution is accompanied by concur-
rent upward mobility in the SBAC math distribution. Here
again, the associations for social awareness and self-efficacy
reduce in magnitude in the four-construct model, and growth

Predictive Power of Longitudinal Differences in Self-Reports

mindset and self-management are the dominant SEL con-
structs (b = .029, SE = .002 and b = .026, SE = .002,
respectively), although positive changes in any of the SEL
constructs have significant positive associations with
changes in SBAC performance. Table 5 presents the results
for Model 3 in the third set of Columns (a) through (e).
Recall that positive coefficients indicate that positive SEL
changes are associated with increased SBAC math gains.

Each single-construct model shows a significant positive
relationship between the change in SEL and the change in
SBAC math achievement over time. In the four-construct
model, the same three constructs are positively associated
with improving math achievement, but the association with
self-efficacy is not significantly different from zero. This
result is qualitatively similar to the observed relationship
between self-efficacy and SBAC ELA from the same model,
where the coefficient was also not significantly different
from zero. Increases in growth mindset (b = .032, SE =
.004) dominate this model, but changes in social awareness
and self-management are positively associated with increas-
ing math achievement gains across time with similar magni-
tudes (b = .016, SE = .004 and b = .022, SE = .004,
respectively).

Attendance

We also look at the behavioral outcome of attendance. We
standardize attendance rate (percentage of days attending)
within cohort-year, so all changes are again relative to their
peer distribution. In Table 6, the first set of Columns (a)
through (e) show attendance regressed on SEL and lag atten-
dance. Coefficients on SEL in the single-construct models
are similar in magnitude to those in the SBAC models, rang-
ing from .024 to .035. The coefficient on social awareness is
no longer significantly different from zero in the four-con-
struct model, and self-efficacy and self-management, instead
of growth mindset and self-management, emerge as domi-
nant (b = .025, SE = .003 and b = .033, SE = .003,
respectively).

The second set of Columns (a) through (e) in Table 6
present Model 2 with individual fixed effects. Here, coeffi-
cients on SEL are generally smaller than those observed in
the SBAC models, ranging from .013 to .021. In the four-
construct model, self-efficacy is the dominant construct (b =
.015, SE = .003) and self-management takes a back seat to
growth mindset, whereas the coefficient on social awareness
is again not significantly different from zero. Here we see
that increasing self-efficacy is associated with the largest
increases in attendance.

The final set of Columns (a) through (e) in Table 6 show
the results for Model 3. The estimated coefficients for the
individual SEL construct models are lower in magnitude
than those for the SBAC models (.013—.027). In the four-
construct model, growth mindset and self-efficacy dominate
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Change in SBAC ELA per unit change in SEL by subgroup and construct. SBAC, Smarter Balanced Assessment

Consortium; ELA, English language arts; SEL, social-emotional learning; EL, English learner; FRL, free or reduced-price lunch; HS,

high school.

(b = .016, SE = .005 and b =
respectively).

Taking the three sets of results together, we observe that
changes in SEL are less strongly associated with changes in
attendance than they are with changes in achievement. This
pattern holds even though SEL levels are more strongly
associated with attendance levels than are SBAC scores.
One possible explanation is that students’ relative position in
the attendance distribution is less stable year to year than
relative position in the SBAC distributions (as evidenced in
Figure 1). Overall, we find that changes in self-management
and growth mindset are stronger predictors of changes in test
performance, whereas changes in self-efficacy and growth
mindset are stronger predictors of changes in attendance.
Changes in self-management also predict changes in atten-
dance, but the estimates for this construct are less
consistent.

023, SE = .006,

Heterogeneity

The relationship between changes in SEL and achieve-
ment may differ depending on students’ learning opportuni-
ties (Yeager et al., 2019), academic level (Yeager et al.,
2019), previous levels of SEL, or other student characteris-
tics. We explore heterogeneity in three primary ways: by
demographic subgroups, by previous achievement and atten-
dance, and by starting SEL.

12

Demographic Subgroups. We fit models within each sub-
group to assess heterogeneity in the relationship between
SEL and outcomes by subgroup. By plotting coefficients
from these models side by side, we can visually diagnose
heterogeneity. Heterogeneity here may be an indication of
different relationships between changes in SEL constructs
and outcomes of interest for different subgroups or differ-
ences in what the SEL survey items are measuring in differ-
ent groups. Figure 2 shows the coefficient on each SEL
construct from a model that regresses SBAC ELA on all four
SEL measures under the fixed-effects specification from
Model 2. The figure displays the 95% confidence intervals
from cluster-robust standard errors (clustered at the individ-
ual level). The logic of this approach is that by looking for
where confidence intervals do (and do not) overlap with
each other, we have a visual indicator of observed heteroge-
neity. All four constructs in Figure 2 display overlapping
confidence intervals, indicating that the estimates may not
be distinguishable from each other at traditional significance
levels. One exception is that students who are eligible for
free or reduced-price lunch (FRL) appear to have a larger
association between changes in growth mindset and changes
in SBAC ELA scores than do students who are not eligible
for subsidized lunch (non-FRL). However, this finding may
be spurious given the considerable number of subgroups
examined. Overall, the relationship between improving rela-
tive position in the SEL distribution and improving relative
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position in the distributions of academic and behavioral out-
comes is roughly the same for all groups of students. (For
details, see Table A1 in the supplemental materials.)

Figure 3 shows the coefficient on SEL under Model 2
when the outcome variable is SBAC math performance.
Here, we see overlapping confidence intervals within each
construct across all subgroups, but EL students seem to have
a lower association between changes in self-management
and changes in math achievement than non-EL students,
which may be spurious due to the large number of compari-
sons being conducted. (For details, see Table A2 in the sup-
plemental materials.)

Figure 4 shows the coefficient on SEL under Model 2 for
change in attendance percentage. Although there are gener-
ally overlapping confidence intervals across all subgroups
and constructs, we see that students classified as English lan-
guage learners (EL) have a significantly lower association
between change in self-efficacy and change in attendance
when compared to their non-EL peers. (For details, see Table
A3 in the supplemental materials.)

Heterogeneity by Previous Achievement and Atten-
dance. Figures 5 and 6 present the estimated change in out-
come per unit change in SEL, binned by quintile of the
starting (SY 15) value of the outcome, using the fifth specifi-
cation of Model 2. Results from the earlier models suggest
that self-management and growth mindset will likely be the

dominant SEL constructs. Overall, we observe that self-
management and growth mindset improvements predict
higher achievement for all students on both outcomes, but
their relative magnitude and ordering vary by achievement
quintile.

Figure 5 shows the estimated change in SBAC ELA per
unit change in SEL, binned by quintile of ELA. We see that
growth mindset and self-management dominate across all
SBAC quintiles. The coefficient on self-efficacy is low
across all quintiles except the highest, where the point esti-
mate for the coefficient on self-efficacy edges out that of
growth mindset, although they are not significantly differ-
ent. Finally, we observe that with the exception of the lowest
quintile, the association between change in growth mindset
and change SBAC ELA decreases as starting SBAC ELA
increases, whereas the relationship between change self-
management and change SBAC ELA increases as starting
SBAC ELA increases. (For details, see Table A4 in the sup-
plemental materials.)

Figure 6 shows the same analysis for SBAC math. Here,
we see a similar pattern for growth mindset and self-man-
agement as observed in Figure 5, whereas social awareness
and self-efficacy are now more often significantly different
from zero. Again, self-efficacy trumps growth mindset for
students starting in the highest SBAC math quintile (although
these estimates are, again, not significantly different),
whereas increases in social awareness distribution are

13
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associated with increases in SBAC math across the middle
three starting SBAC math quintiles. (For details, see Table
A5 in the supplemental materials.)

Figure 7 shows this analysis for attendance percentage.
This sheds some light on why we may have observed attenu-
ated coefficients compared with our SBAC models. All of
the action, perhaps not surprisingly, is in the lowest quintile
of attendance. This is because there is a hard ceiling on
attendance rate, and most of the density in change in atten-
dance percentage is near zero (see Figure 1). The association
between changes in social awareness and changes in atten-
dance is small across the distribution. From the second quin-
tile onward, the estimated change in attendance per unit
change in the other three SEL constructs is on the order of
half the magnitude observed in the first quintile and often is
not significantly different from zero. (For details, see Table
A6 in the supplemental materials.)

Heterogeneity by Starting SEL. In our final analyses, we
assess differences in the relationship between changes in
SEL and other outcomes across quintiles of SEL. Figures 8,
9, and 10 show the association between change in SEL and
change in SBAC performance and attendance percentage,
broken out by quintile of starting (SY'15) student SEL. Using
starting SEL to create the quintiles ensures that individual
students remain in the same quintile across all three observa-
tion years. The plots use the individual fixed-effects specifi-
cation from Model 2, fitting single-construct models within

3
SBAC Math Quintile

Change in SBAC math per unit change in SEL by SBAC math quintile. SBAC, Smarter Balanced Assessment Consortium;

each of the 20 construct-quintiles. We run single-construct
models instead of including all SEL constructs in the same
model because an individual student can appear in different
quintiles for different constructs. For example, within each
of the growth mindset quintiles, we run a separate regression
of the outcome of interest on growth mindset with individual
fixed effects. The figures allow comparisons of the estimated
change in the outcome per unit change in SEL across the
quintiles. Thus, each figure summarizes 20 independent
model fits and includes 95% confidence intervals computed
using cluster-robust standard errors clustered at the individ-
ual level.

Students in the lowest quintile show a stronger relation-
ship between SEL changes and ELA and math changes, par-
ticularly for self-management and social awareness. The
relationship decreases the higher the average SEL of a stu-
dent but remains significantly different from zero, with the
exception of self-efficacy for students with high self-effi-
cacy. Changes in self-management and growth mindset
appear to be the most predictive of changes in achievement
for the majority of students. Differences across groups
defined by average SEL are less clear when predicting atten-
dance. In what follows, we describe each outcome in more
detail.

Figure 8 shows the relationship between change in SEL
and change in SBAC ELA across SEL construct-quintile.
With two exceptions, we observe a fairly consistent associa-
tion between upward mobility in the SEL distribution and
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upward mobility in the SBAC ELA distribution. First, the
association between self-management and SBAC ELA is of
the largest magnitude closer to the middle quintile, and sec-
ond, associations for all constructs except growth mindset
are generally smaller in the highest quintile. (For details, see
Table A7 in the supplemental materials.)

Figure 9 shows the relationship between change in SEL
and change in SBAC math by SEL quintile. We see approxi-
mately the same pattern observed for ELA—consistent mag-
nitudes across the SEL quintiles with self-management
cresting at the middle quintile but without the general drop-
off in coefficient magnitude in the highest SEL quintiles.
(For details, see Table A8 in the supplemental materials.)

Figure 10 presents the same analysis for change in atten-
dance. The coefficients on each of the constructs are more
tightly grouped across the quintiles. The clear overlap of the
confidence intervals shows that the ordering of the magni-
tudes of the associations is less clear-cut than with the SBAC
figures. This overlap is, in part, a function of the overall
smaller coefficients for these models. The lowest SEL quin-
tile has all constructs except self-management not signifi-
cantly different from zero and a slight decline in coefficient
magnitude as starting SEL increases. (For details, see Table
A9 in the supplemental materials.)

Discussion

In this paper, we use large-scale data from California to
examine whether changes in individual students’ reports on

Change in SEL and SBAC Math by starting SEL quintile. SEL, social-emotional learning; SBAC, Smarter Balanced

social-emotional measures from one school year to the next,
relative to other students in the same grade cohort, predict
relative changes in theoretically related academic and behav-
ioral outcomes. Although the importance of SEL is well
established, the understanding of survey-based measures of
social-emotional constructs collected at scale is still emerg-
ing. Prior work has shown that self-reported SEL levels pre-
dict student achievement levels as well as student
achievement gains. However, prior work had not investi-
gated whether changes in student reports of SEL predict
changes in other factors. These analyses are useful because
districts need appropriately sensitive measures of change in
SEL if they are to use the data to assess students’ social-
emotional development over time. Moreover, districts will
be better served by measures of SEL development that pre-
dict achievement gains if they aim to use social-emotional
interventions as a means to improve these other outcomes.
Our analyses confirm that changes in a student’s self-
reported SEL predict changes in both their ELA and their
math achievement. These associations are strongest for
growth mindset and self-management. Although the esti-
mated effects are modest, they are educationally meaningful
and robust across model specifications. It is important to
note from Table 2 that we observe a mean year-to-year
increase in SBAC scores that varies between grade levels
and by cohort. Additionally, 1 SD in the grade-year SBAC
distribution varies from year to year and cohort to cohort.
Putting this in context, a student experiencing a 1 SD increase
in growth mindset as she moved from fourth to fifth grade in
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SY16 increased her SBAC score by .028 SD, the equivalent
of 2.56 points, a 4.66% higher increase than the mean annual
growth in SBAC that year for that cohort (which was 54.87
points). Depending on the year and cohort, we find that a 1
SD change in growth mindset is associated with additional
SBAC ELA gains from 4.66% to 11.58% of average annual
learning gains and additional SBAC math gains from 7.97%
to 25.06% of average annual learning gains. A 1 SD change
in self-management is associated with SBAC ELA gains
from 5.16% to 15.63% of average annual learning gains and
SBAC math gains from 7.15% to 22.47% of average annual
learning gains. As expected, gains associated with social
awareness and self-efficacy are much smaller, ranging from
0.33% to 3.03% of average annual learning gains for SBAC
ELA and 2.2% to 6.91% of average annual learning gains for
SBAC math. Taking a typical school year to be 180 days, we
find that a 1 SD increase in SEL is associated with attending
between .03 and .11 additional days of school, depending on
the construct and cohort-year.

In summary, assuming (naively) that learning is uniformly
distributed across the 180 days of school, we find that a 1 SD
change in growth mindset or self-management is associated
with SBAC gains the equivalent of between 8§ and 45 days of
learning. Additionally, these estimates may underreport the
true effects of SEL given that the measures are likely to be
measured with some error and therefore suffer from attenua-
tion bias (Loeb et al., 2019; Meyer et al., 2018). Although the
sample in which we observe these trends is diverse across mul-
tiple demographic characteristics, including socioeconomic
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status, race, and language status, the relationships between
SEL and both achievement and attendance outcomes are stable
across groups. Even when grouping students by SEL quintile
and performing the analysis within these groups, we estimate
positive point estimates that are statistically significant across
a wide range of SEL quintiles.

These results complement previous research on the
relationship between within-student changes in SEL con-
structs and academic measures (Duckworth et al., 2010;
Soland, 2019), by adding an analysis for growth mindset
and social awareness as well as outcomes such as atten-
dance and state tests. In addition, we estimate the relation-
ship between SEL constructs and achievement using all
four SEL constructs simultaneously. This multiple-mea-
sures model is an important distinction from previous
work, because the SEL constructs correlate with one
another, which invites the possibility of omitted variable
bias in models that do not take all four into account. This
study also complements recent evidence showing that the
average changes in student SEL scores relative to grade-
level peers vary substantially across schools (Jackson
et al., 2020; Loeb et al., 2018). Loeb et al. (2018) estimate
that variation across schools on SEL outcomes can range
from .09 to .24 SD for the four constructs examined in this
study. Our results suggest that these changes may be asso-
ciated with improved learning (especially in the case of
self-management and growth mindset) and better atten-
dance (especially in the case of growth mindset and
self-efficacy).



Despite the large size of our sample and associated statis-
tical power, this study has limitations. In particular, our
approach does not allow us to convincingly estimate causal
relationships. Although we go further than prior studies in
controlling for other factors that could mask the relationship
between SEL changes and changes in other outcomes, we
are not able to eliminate all possible biases. Causal inference
is challenging due to issues of reverse causality and timing.
Although we document a robust relationship between
changes in SEL and changes in other outcomes, we do not
know the causal pathway.

We also lean heavily on linear models and individual
fixed-effects specifications. These specifications have two
specific drawbacks. First, they make assumptions about
functional forms that may not, in practice, be true. For exam-
ple, there may be heterogeneity in the magnitude of associa-
tions across the SEL bands or by direction of change. Second,
fixed-effects estimators only control for time-invariant fea-
tures of the individual. Time-varying factors, like changes in
mental health or cognitive ability and interventions at the
school or district level, may confound results. Fortunately,
our data were all collected prepandemic and thus are free
from pandemic-related exogenous shocks. Additionally,
researchers may be interested in heterogeneity in associa-
tions at the school, district, or cohort level. These questions
are better answered using an HLM specification and present
a good line of inquiry for future work with these data.

Our sample is limited, and we advise caution when attempt-
ing to generalize these findings. We consider only students in
the middle grades, preventing us from generalizing more
broadly to elementary and high school students. The CORE
districts are demographically unlike many districts across the
United States, and the samples we use from these districts are
also heavily restricted to only retain complete cases. Because
of this, they may not be accurate representations of their own
districts, as there may be systematic patterns in the students
who were excluded from the final sample. We only have SEL
measurements that were conducted once yearly, in the spring
of each school year, so further work would be needed to
understand the relationship between within-student changes
in self-reported SEL on much shorter time scales (such as
from fall to spring) and academic outcomes.

Even with these limitations, this study provides additional
validity evidence for the use of the CORE SEL measures to
monitor students’ improvement on SEL dimensions and may
serve as an impetus to expand survey-based data collection on
SEL. Our analytic approach of looking at changes of position
within grade-year distributions is also a promising foundation
for the analysis of data collected from other districts or age
groups, as this approach controls for changes in the saliency
of the SEL constructs and the individual items used to mea-
sure them as students mature. This can allow both researchers
and practitioners to observe individual trajectories and better
connect them to other outcomes, academic and otherwise.
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