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Introduction

Expanding the definition of student success beyond academic achievement is a growing focus
in U.S. education policy-making. The passage of the Every Student Succeeds Act (ESSA),
which requires states to adopt a fifth indicator for their accountability systems to evaluate
school performance beyond academic achievement, further promotes the use of non-academic
outcomes in facilitating education policy-making (West et al., 2016). While there is an ongoing debate around how to label, organize, and interpret the set of skills that fall outside
of traditional academic achievement (Duckworth and Yeager, 2015; Humphries and Kosse,
2017), the term “noncognitive” is commonly used to refer to this very broad set of abilities
(Jones et al., 2016). As Messick (1979) states, this term is primarily defined by what it is not:
“Once the term cognitive is appropriated to refer to intellective abilities and subject-matter
achievement in conventional school areas...the term noncognitive comes to the fore by default
to describe everything else” (p.282). A wide range of constructs have been grouped into the
bucket of noncognitive factors, including skills that are traditionally grouped as being related
to social and emotional learning (SEL, such as grit, self-efficacy, and social awareness) and
those that fall under an “academic behavior” domain (e.g., school attendance, externalizing
behaviors).
In a broad sense, SEL refers to the “process through which individuals learn and apply a
set of social, emotional, and related skills, attitudes, behaviors, and values that help direct
their thoughts, feelings, and actions in ways that enable them to succeed in school, work, and
life.” (Jones, Jones). Decades of research in education, psychology, economics, and other
disciplines suggest SEL skills are comprised of a wide variety of skills that are highly malleable
(Durlak et al., 2011; Revelle, 2007), can be purposefully nurtured in schools (Jackson et al.,
2020; Loeb et al., 2019), and are highly consequential for student life outcomes (Heckman
et al., 2006; Cunha et al., 2010; Deming, 2017). Due to these reasons, there has been a surge
of interest in using SEL skills as a measure of student outcomes in education systems.
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Academic behaviors are another category of noncognitive factors that are often collected
systematically in schools and districts (Farrington et al., 2012). We use the term academic behaviors to describe a set of widely adopted behavioral measures, including attendance/absenteeism and suspensions as well as behaviors like on-time homework completion.
The requirement that schools collect and report a non-academic indicator under ESSA made
observable academic behaviors an accessible choice for systematic data collection. Indeed, 36
states and the District of Columbia report chronic absenteeism as the fifth indicator of school
quality under ESSA (Woods, 2018). Influenced by a variety of personal, school, family, and
community factors, academic behaviors also have been proven to be quite consequential for a
host of short- and long-run student outcomes (e.g. Davison et al., 2021; Bacher-Hicks et al.,
2019; Sorensen et al., ming; Liu et al., 2021).
SEL skills and academic behaviors are related in multiple ways. For example, selfdiscipline, a widely used SEL domain that indicates the ability to suppress prepotent responses in the service of a higher goal, is shown to consistently predict school attendance
for adolescents (Duckworth and Seligman, 2005). Similarly, schools with exclusionary discipline are linked to a lower sense of belonging for the students (McNeely et al., 2002).
Given the sheer number of separate but related competencies, how should schools prioritize
and use the various measures of student skills and behaviors beyond academic achievement?
Bringing clarity to these related constructs is important as the field further embraces the
use of noncognitive outcomes for accountability, school improvement, and many other policy purposes. Schools also have only limited resources, but data collection efforts, such as
survey-based measures, can be costly.
One potentially useful way to elucidate the above question is to assess the association
between a variety of noncognitive indicators and educational attainment, and the relative
predictive power of these different indicators on a student’s long-run success. While not a
causal analysis, we argue that this prediction exercise can serve as a useful first step toward
clarifying the relationships between the various noncognitive indicators in a single empirical
2

framework. Notably, this predictive framework is derived from early warning systems (EWS),
which are now widely adopted by K-12 schools around the nation to flag students who
may be at risk of falling behind. The EWS literature consistently finds that attendance,
behavioral infractions, and completion of certain high-stakes academic coursework are the
strongest predictors of high school graduation above and beyond standardized test scores
(Allensworth, 2013; Balfanz et al., 2007). Measures such as SEL skills are rarely included in
EWS, however, presumably due to the cost and measurement issues mentioned above.
To date, most research on the relationship between noncognitive indicators and longerrun outcomes has either focused on a single measure at a time or created some sort of
large composite of multiple measures (e.g., Jackson, 2018). The strong predictive validity
of academic behaviors such as absenteeism in particular is often used to justify the use of
these measures in school accountability systems, but systematic data on noncognitive factors
can offer many other uses. However, if measures of SEL skills uniquely predict educational
attainment, then having measures of SEL skills directly included in an accountability system
could help improve a school’s ability to identify students who are at risk of dropout or who
may be less successful in postsecondary attainment. This could help policymakers decide
whether the benefits justify the cost of collecting and assessing data on noncognitive factors
beyond those that are currently examined. Thus, we argue that the knowledge about the
relative predictive validity of various noncognitive skills to key student life outcomes serves
as an essential starting point for educational policy-making in this focal area.
In this study, we simultaneously evaluate the degree to which observable academic behaviors and student self-reported SEL skills predict student educational attainment using
detailed longitudinal data from a large urban school district in California. Our observable
student behaviors include full- and part-day school absenteeism and suspensions,1 and our
1

There is a wide consensus that school absenteeism is one of the most important academic behaviors,
but disciplinary outcomes such as suspension are more complicated because “intentional discrimination” at
least partially drive racial disparities in suspension (Barrett et al., 2019; Liu et al., 2022). Thus, suspension
is not simply a measure of student behavior or social skills. We provide more detailed discussion about this
issue in Section 2
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SEL constructs include self-management, self-efficacy, growth mindset, and social awareness.
We find that academic behaviors are much more predictive than SEL skills for all three
long-run outcomes (on-time high school graduation, postsecondary enrollment, and postsecondary persistence). Specifically, a model containing academic behaviors improves the
predicted variance of on-time high school graduation by more than sevenfold compared to
a model containing just SEL skills, conditional on student demographics and achievement.
While the differences shrink somewhat in predicting postsecondary attainment, academic
behaviors still provide twice to three times larger predicted variances of the outcomes relative to SEL skills. Importantly, across all three outcomes, modeling both sets of measures
jointly improves the predictive power by a minimal margin compared to a model with just
academic behaviors. These results suggest that self-reported SEL skills provide little added
value if the policy goal is centered on improving the precision of predicting a student’s risks
of dropping out or likelihood of attending or persisting in postsecondary endeavors.
Additionally, we find that individual measures within each group perform quite differently depending on the outcome and student subgroup of interest. Specifically, part-day
absenteeism is the strongest predictor of all long-run outcomes relative to any other observable or self-reported measure. Among the four SEL constructs, only self-management and
self-efficacy show some positive correlations with the two postsecondary outcomes. Notably,
academic behaviors and SEL skills are differentially predictive for students at different levels
of academic achievement. Academic behaviors are more important than SEL skills for lowachieving students to graduate high school on time, but SEL skills are equally or slightly
more predictive than academic behaviors for the same group of students to attend and persist in college. Somewhat surprisingly, for high-achieving students, academic behaviors are
always more predictive than SEL skills. These results point to the value of considering more
granular data collection on observable student behaviors such as absenteeism and boosting
academic beliefs among low-achieving students to improve college success.
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2

Background

In this section, we systematically describe the conceptualization and measurement of two
broad categories of noncognitive factors: SEL skills and academic behaviors. Specifically,
we discuss the constructs these measures capture, challenges with their measurement, their
inter-correlations, their use in education policy, and their association with student long-run
outcomes.
In light of such scattered inquires in this field, to date there are multiple conceptual
frameworks that have attempted to organize the various components of noncognitive factors. For example, a report from the University of Chicago Consortium on Chicago School
Research organizes noncognitive factors into five categories: Academic behaviors, academic
perseverance, academic mindsets, learning strategies, and social skills (Farrington et al.,
2012). The Chicago model purposefully use the word “factors” instead of “skills”, intending
to broaden the concept by including behaviors, skills, attitudes, and strategies. In contrast, other frameworks are more narrowly focused on the “skill” side of noncognitive factors
and use slightly different conceptualizations. The Collaborative for Academic Social and
Emotional Learning (CASEL) explicitly uses the term “social and emotional learning” skills
to cover similar competencies as noncognitive skills and provides another widely adopted
model, including self-awareness, self-management, social awareness, relationship skills, and
responsible decision-making. Yet another term—“21st-century skills”—is popularly used to
emphasize the value of critical thinking and problem-solving skills as a means for college and
career readiness (Council et al., 2012).

2.1

Social-Emotional Skills

Most education policymakers would agree that cultivating noncognitive skills are important
for student success. Indeed, some practices exist to gauge and collect data on noncognitive
skills in a systematic manner. For example, the CORE partnership in the state of California
5
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administers social-emotional and school climate and culture surveys annually to students

across nine large school districts, first as part of a No Child Left Behind waiver received in
2013 and then to build a school performance measurement system that incorporates social
and emotional learning (SEL) and school culture and climate (Hough et al., 2017).
Within the context of our study, we focus on four prominently used measures of key SEL
constructs that have been collected by the CORE districts: growth mindset, self-efficacy,
self-management, and social awareness. While by no means a comprehensive list of SEL
skills, these constructs are selected by the CORE districts based on the extent to which they
are meaningful, measurable, and malleable (Krachman et al., 2016). The CORE districts
also prioritize identifying at least one intrapersonal skill and one interpersonal skill to ensure
that there is a broad range of noncognitive skills represented.3 Each CORE construct is
defined and described in more detail below.
Growth Mindset. Growth mindset refers to the belief that one’s abilities can grow with
effort (Blackwell et al., 2007). Having a growth mindset is often associated with whether
students exert effort in school (Dweck and Yeager, 2019). As a result, students randomized
to receive growth mindset interventions demonstrated higher grades and higher enrollment
in advanced mathematics courses (Yeager et al., 2019), which has been found to predict high
school completion (Farrington et al., 2012).
Self-efficacy. Self-efficacy is the belief in one’s ability to succeed in achieving a goal,
such as one’s ability to attain a certain educational outcome (Bandura, 1993). Self-efficacy
is associated with achievement, attendance, and educational attainment (Zimmerman et al.,
1992; Dweck et al., 2014).
Self-management. Self-management (also known as “self-control” or “self-regulation”)
is the ability to regulate one’s emotions, thoughts, and behaviors effectively in different
2

There are eight districts in the CORE partnership, including Fresno, Long Beach, Los Angeles, Oakland,
San Francisco, and Santa Ana, Sacramento City, and Garden Grove Unified School Districts.
3
The CORE districts convened SEL experts and representatives from each of the CORE districts to
discuss and vote for which SEL competency to be included. For more details about this decision process,
see Krachman et al., 2016.
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situations (Core Districts, 2021). Self-management is associated with higher grades and
school attendance (Duckworth and Seligman, 2005, 2006), and being financially stable as
adults (Moffitt et al., 2011).
Social Awareness. Social awareness is the ability to take the perspective of and empathize with others from diverse backgrounds, as well as to understand social and ethical
norms for behavior (Core Districts, 2021). Social awareness has been found to be moderately correlated with GPA and students test scores in middle and high school (West et al.,
2018), though the relations between social awareness and achievement are typically indirect
(Farrington et al., 2012).
Leveraging SEL skills to gauge student noncognitive skills has great value, but concerns
still remain. Akin to measuring academic skills, understanding gains in SEL can give schools
the ability to adjust their programming, curricula, and interventions to foster more equitable learning environments. While the idea of measuring SEL skills is typically universally
supported and considered useful (DePaoli et al., 2017), little to no guidance exists on the
actual process of collecting and using these measures. It is challenging to make decisions
on the best-fit SEL assessment out of the myriad available, how to analyze the results, and
which adjustments to make based on the insights that data provide. Additionally, many experts caution against the use of self-report data for any high-stakes accountability purposes
due to issues with reference bias and relative ease of manipulability (Dweck and Yeager,
2019) relative to so-called objective measures like the total number of absences. Lastly,
collecting student survey data to gauge student noncognitive ability is often costlier than
deriving it from previously-existing administrative data, which can be a considerable barrier
for less-resourced schools and districts.

7

2.2

Academic Behaviors

Academic behaviors such as absenteeism and disciplinary infractions are considered part
of academic engagement, which consists of elements such as student attendance, classroom
participation, adherence to instructions, and assignment completion (Rumberger and Larson,
1998). Behaviors that indicate either engagement or disengagement are essential in their own
right, as engagement in schools is a first-order condition that must be fulfilled for a student
to flourish socially and emotionally in schools. These behaviors are often strongly tied to
constructs falling in the category of SEL skills. For example, self-management is a widely
used SEL skill that indicates the ability to regulate one’s emotions and behaviors. A student
with high self-management skills should at least partially manifest such qualities through
low levels of absenteeism and behavioral issues in school (Duckworth and Seligman, 2005).
Attendance is an example of an observable school-based behavior used by researchers
to proxy for the ability to engage in schools. At the most fine-grained level, academic
engagement can be observed within the context of a given task, like verbally answering
a teacher’s question or completing one’s homework assignment (Woodward and Munns,
2003). Absenteeism is much more easily observable and measurable, making it relatively less
challenging than other measures to use as a proxy for disengagement. Attendance is marked
daily, if not multiple times a day among secondary school students, and kept as administrative
data. Additionally, school staff also tend to mark reasons why a student has missed school,
such as for excused and unexcused reasons, which helps provide an understanding of whether
the absence occurred due to legitimate reasons.
School discipline is also considered a measure of noncognitive skills used by researchers
(e.g., Jackson, 2018; Holt and Gershenson, Holt and Gershenson). Disciplinary infractions
often occur due to student misbehavior or disruptive behavior, which may stem from a lack
of self-regulation skills (Lochman et al., 1993), issues developing prosocial behaviors (Pas
and Bradshaw, 2012), or similar. Additionally, when students are suspended from school,
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they miss out on instructional time just as they might be due to any other absence, signaling
disengagement from schools as well. This can create a vicious cycle as when students are engaged, they participate and respond thoughtfully to academic tasks, reducing the possibility
of behavioral misconduct. Promoting growth in noncognitive skills is considered a preventative measure for disengagement, thereby reducing incidence of disciplinary infractions such
as suspensions (Fredricks et al., 2004).
While the ease of accessing and collecting academic behavioral measures serves as a huge
advantage, the use of absenteeism and suspensions as a measure of noncognitive skills poses
challenges for research and practice. It is always possible that academic behaviors capture
other factors in addition to a student’s noncognitive ability. For instance, evidence suggests
that students who feel connected to their peers and adults at the school are more likely to
attend school regularly (Schanfield et al., 2019) and are less likely to be suspended (Brown
et al., 2010), which implies that measures like attendance or suspensions can be capturing
a student’s level of engagement as well as the extent to which they feel connected to those
around them. Additionally, research suggests that low-achieving students, low-income students, and students of color have higher absences and are more likely to receive disciplinary
infractions due to environmental factors such as a punitive and unwelcoming academic environment (Brown et al., 2010), teacher implicit bias (Gilliam et al., 2016), or pre-existing
trauma (Gregory and Fergus, 2017). Because of this, solely using behavioral measures to
gauge student noncognitive ability comes with the risk of also measuring environmental
factors driving student behavior in such ways.

2.3

Relationship Between Academic Behaviors and SEL Skills

According to the framework by Farrington et al. (2012), academic behaviors and SEL skills
are closely related to one another, as a student’s self-perceptions can manifest through academic behaviors such as attending school regularly and disciplinary infractions, and academic
behaviors can also affect student self-beliefs. Academic behaviors are positively correlated
9

with other complementary factors that support a student’s ability to incorporate themselves
into the schooling culture, such as a sense of belonging (Neel and Fuligni, 2013) and perceived
likeability by others (De Laet et al., 2015; Ladd et al., 2008). Furthermore, there is evidence
that SEL skills are associated with behavioral measures of engagement, such as strong attendance rates (Kanopka et al., 2020; Schanzenbach et al., 2016). Conversely, disengagement
is commonly linked to feelings of isolation or lack of support (Osher and Kendziora, 2010),
bullying (Juvonen and Graham, 2014), and a lack of sense of safety (Resnick et al., 1997).
Suspensions, a measure of disengagement, has been linked to an increased risk for depression
(Rushton et al., 2002), and schools with exclusionary discipline policies tend to have students
with lower rates of academic connection and sense of belonging in their classrooms (McNeely
et al., 2002). Generally, evidence in the field also suggests that school programs focused on
SEL development and restorative justice practices can also lead to reductions in absenteeism
and/or suspensions (Durlak et al., 2011; Belfield et al., 2015; Jones et al., 2015; González,
2015).

2.4

Academic Behaviors, SEL Skills, and Accountability

In recent years, changes in federal educational policy have prompted further interest in
measuring student competencies beyond academic achievement as a means of understanding
school performance. The Every Student Succeeds Act (ESSA) of 2015 requires states to measure at least one indicator of “School Quality or Student Success” (SQSS), which is defined
broadly to include measures such as chronic absenteeism, suspension rates, postsecondary
readiness, or school climate and safety (CCSSO, 2017). The goal of this “fifth” indicator
was to broaden notions of school quality by including indicators in school evaluation systems
other than those based on cognition, or test scores (Marion and Lyons, 2016).
While a wide range of options were available to select from for the SQSS indicator,
the majority of states chose to use either absenteeism or discipline rates. About 36 states
and D.C. include chronic absenteeism (or some other measure of student and/or teacher
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attendance) as their SQSS indicator (Woods, 2018). Additionally, around 12 states and
D.C. use suspension/discipline rates or a school climate survey given to students. Though
many state ESSA plans make some mention of understanding student SEL skills, no state to
date has included plans to fully utilize self-reported SEL surveys or other similar measures
as part of the SQSS indicator.
There are several reasons for the widespread preference of chronic absenteeism and discipline rates in ESSA plans. First, most districts already contain this in their administrative
data systems, so there are no additional time or financial costs to collect and report these
data. Second, these measures are perceived to be more objective and harder to manipulate
in response to accountability pressure relative to student or teacher reports on SEL (Marion
and Lyons, 2016; Duckworth and Yeager, 2015). Third, there is a large body of research
tying absenteeism and discipline to high-stakes outcomes, such as whether a student will
graduate from high school (Liu et al., 2021; Bacher-Hicks et al., 2019).

2.5

Predictive Validity of Academic Behaviors and SEL Skills

Extensive literature documents the association between each of the noncognitive measures
defined above and student outcomes. For academic behaviors, an emerging literature starts
to build strong links between absenteeism and exclusionary discipline and an array of student
life outcomes, including criminal justice contact, social safety net program participation, education attainment, and performance on the labor market (Bacher-Hicks et al., 2019; Davison
et al., 2022; Sorensen et al., 2022; Liu et al., 2021). For example, a recent paper estimates
that 10 total absences in 9th grade reduce both the probability of on-time graduation and
ever enrolling in college by 2% (Liu et al., 2021). The evidence on the negative impact
of school discipline is even more extensive. Bacher-Hicks et al. (2019) leverages exogenous
variation in school assignment caused by school attendance boundary change and finds that
students assigned to a school that has a one standard deviation higher suspension rate are
15 to 20 percent more likely to be arrested and incarcerated as adults. Davison et al. (2022)
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attributes at least 30% of the differences between Black and White students on important
outcomes in young adulthood such as criminal justice outcomes and college completion to
differential exposure to school discipline.
Similarly, a growing body of research provides evidence on the importance of SEL skills
(above and beyond the effect of cognitive ability) to long-term educational outcomes like
high school graduation and workforce outcomes like earnings (Almlund et al., 2011; Dweck
et al., 2014; Heckman and Vytlacil, 2001; Belfield et al., 2015). Research continually demonstrates the value of students’ SEL skills, such as growth mindset and self-management, in
determining their future success, including academic achievement, workforce performance,
and well-being (De Ridder et al., 2012; Moffitt et al., 2011; Jones et al., 2015; Cunningham
and Villaseñor, 2016). For example, important SEL factors are shown in meta-analyses to
promote success in school and life (Durlak et al., 2011; Taylor et al., 2017; Poropat, 2009).
Their predictive power exceeds that of cognitive skills after controlling for educational attainment (Heckman et al., 2014; Segal, 2013). In addition, social and emotional skills in
childhood predict higher long-term earnings and better financial situations in adulthood
(Chetty et al., 2011). Several longitudinal studies have also found statistically significant
associations between measures of SEL skills and key young adult outcomes, across multiple
domains in education, criminal activity, substance use, and mental health (Hawkins et al.,
2008; Jones et al., 2015).
While the individual association between a particular noncognitive skill to student longrun success is well established, little research approaches this question in a comprehensive
manner. In particular, research has shown that students who exhibit behaviors associated
with dropping out—-including course failures, chronic absenteeism, and suspensions—-also
have lower scores on measures of SEL constructs like self-management (Soland et al., 2018).
Humphries and Kosse (2017) is a paper that is most related to the current study in the sense
that it compares the relative effectiveness of multiple noncognitive skills in one study. Using
a national representative survey dataset from Germany, the authors construct measures of
12

personality traits, risk and time preference, and IQ.

2.6

Contributions of this paper

In this paper, we choose to focus on observable academic behaviors and student self-report
SEL skills, as they are the two most widely collected and used noncogntive metrics in the
U.S. K-12 education system. Indeed, this study is the first that we know of to compare the
predictive validity of both academic behaviors and SEL skills concurrently.
Three additional features distinguish this study from prior work. First, we use finer
grained academic behavioral measures than what has been used commonly in research and
practice, such as part-day absenteeism. Part-day absenteeism accounts for more than half of
total absenteeism in secondary school (Whitney and Liu, 2017) and might provide additional
information on student engagement that is not fully captured by full-day absenteeism. If this
additional measure proves to be predictive on student long-run outcomes, it would suggest
that current administrative data systems containing finer-grain absence data have untapped
potential to be utilized in important ways. Second, we use postsecondary enrollment and
persistence (in addition to high school graduation) as our outcome measures, as a means
to understand the relative predictive power of noncognitive skills on more distant long-term
outcomes. This is crucial, as the importance of certain noncognitive skills might emerge
at a later life stage (Deming, 2009). Thus, using a range of long-run outcomes can help
provide a fuller picture on the relative importance of different noncognitive skills. Lastly,
we consider potential variations in predictive power of noncognitive skills between low- and
high-achieving students, as certain noncognitive skills might be more salient for students on
one end of the achievement distribution than the other.
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3

Data

Our paper uses a rich administrative dataset from a large, urban school district in California.
The sample we examine in our paper consists of two cohorts of students, who were enrolled
in the district as 9th graders in 2015 or 2016. We link each student and their demographic
information to four additional datasets: 1) detailed, course-level attendance data; 2) discipline data, which include both number of suspensions and total suspended days; 3) student
responses to the annual CORE SEL survey; and 4) long-run outcomes, including on-time
high school graduation status and postsecondary attainment.

3.1

Measures of Observable Academic Behavior

The attendance dataset used in this paper is unique, in the sense that it allows us to examine
absences at a granular level beyond the measures traditionally considered in attendance
research. In the data, we observe student absences for each course and day that the student
is enrolled. In turn, we are thus able to observe whether a student misses a single class on a
given day or all of his/her assigned classes on a given day. This adds significant nuance to our
data, as most typical research studying student absenteeism defines an absence as missing a
full day of school. However, recent studies have documented a greater prevalence of partialday absences among secondary school students compared to full-day absences, and that the
traditional definition of full-day absences may leave missed days unaccounted for (Whitney
and Liu, 2017). Accordingly, we calculate partial and full-day absences for each student and
account for both measures in our analyses. The suspension variables are similar to what is
included in most administrative datasets, which provide both the number and duration of
suspensions a student has received. The reliability of our attendance and suspension data
have been verified in other studies (Whitney and Liu, 2017; Liu et al., 2021, 2022).
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3.2

Measures of Self-Reported SEL

In this paper, we focus on four SEL constructs in particular: self-efficacy, self-management,
growth mindset, and social awareness. Appendix ?? describes the items used in the survey
to measure each construct. Within the context of our paper, self-efficacy is the belief that a
student is capable of achieving a given academic outcome; self-management is the student’s
belief that one can regulate emotions, thoughts, and behaviors, especially in challenging
circumstances; growth mindset is belief that academic ability is not fixed, but rather grows
with effort; and social awareness is the ability to understand norms, empathize with others,
and respect others’ perspectives.
In an annual survey, students respond to a range of 4 to 8 questions for each construct
using Likert scale-style responses that measures the extent to which they agree with each
given statement. In our analyses, we use means of each construct that are standardized at
the cohort level.4 The survey response rate is approximately 67 percent over the years we
examine.
Although there are numerous ways to measure these SEL constructs, the particular survey
from which we derive our SEL measures have been examined extensively in recent analyses.
Evidence suggests that the four constructs we consider in our paper have generally high
levels of reliability and validity (Meyer et al., 2018). Additionally, reports have indicated
high fidelity during survey implementation and that student guessing or lack of motivation
are not issues that impose serious issues to data quality (Vriesema and Gehlbach, 2021).

3.3

Long-Run Outcomes

The dependent variables we use to gauge impact of noncognitive skills on long-term success
are derived from two sources. First, we derive high school graduation outcomes from district4

We also produced scores using IRT methods. Because the correlation between the IRT scores and our
standardized scores is extremely high at approximately 0.95, we present the standardized scores in our
analysis.
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level administrative data that track the range of graduation criteria that students meet.
Most students are categorized as having graduated successfully based on results from the
corresponding state’s high school exit exam, although a small proportion of students qualify
as a high school graduate via other pathways (i.e., GED? Find out how many). Second,
we observe students’ postsecondary enrollment via links to National Student Clearinghouse
(NSC) data. Our college-level outcome measures include a dummy variable for whether
students enroll in college immediately after graduating high school, and a dummy variable for
persistence, defined as whether students enroll in two consecutive years of college immediately
after graduating high school.

3.4

Descriptive Statistics

Table 1 presents descriptive statistics first for our full analytic sample and then by cohort.
We focus on describing the full sample because the two cohorts appear to be largely similar in
both their demographic composition and educational attainment, but highlight differences
between the two cohorts when they are present. Overall, 47% of the 9th graders in our
sample are female. As described earlier, the district we study is racially diverse. In total,
45% of the students are Asian, which is not surprising given this is a district on the west
coast. Black students account for 10%, while Hispanic students, the fastest growing ethnic
group in the U.S., account for 31% of the cohort. The rest of the cohort (14%) are composed
of White students, other racial groups, or students for whom we do not have race/ethnicity
information in the administrative data. About 12% of the students are classified as having
special needs, and 33% are identified as gifted students. The average cumulative GPA is
around 3.0 at the end of the 9th grade year.
In terms of observable academic behaviors, the average student in our sample missed
about 6 full school days during 9th grade. In contrast, part-day absenteeism is much more
prevalent; the average student accrues about 17 part-day absences, or close to three times
as many as full-day absences. This is consistent with prior research that shows part-day
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absenteeism accounts for more than half of total absenteeism in secondary schools (Whitney
and Liu, 2017). Additionally about 2% of all students receive at least one suspension in
9th grade, and the number for average suspended days across all students is 0.07. Lastly,
we examine measures of self-reported SEL skills across the sample and by cohort, which are
standardized by cohort to have a mean of zero and a standard deviation of one.
Approximately 74% of the 9th graders in our analytic sample graduated high school on
time, and 68% of the students went to college immediately after high school. For the 2015
cohort, about 60% persisted and enrolled in two consecutive years of college.5

3.5

Correlations between Self-Reported SEL and Academic Behaviors

Before examining the predictive validity of our chosen noncognitive metrics, we first investigate associations that may exist between said metrics. As described before, we anticipate
some correlations between our measures of noncognitive skills based on the prior literature.
We present pairwise correlations between observable academic behaviors and SEL skills in
Table 2. First, unsurprisingly, we observe meaningfully large correlations between measures
within each set of noncognitive metrics. For example, the strongest correlation is between
self-management and growth mindset (ρ=0.53), followed by that between part-day and fullday absenteeism (ρ=0.45). The negative correlation between absenteeism and suspension is
statistically significant, but very small in magnitude (ρ=-0.10).
Additionally, we observe statistically significant correlations between measures across
the two sets of noncognitive metrics of interest. As expected, there is a negative correlation
between the academic behavioral measures (absenteeism and suspensions) and all four SEL
constructs. Most of these correlations are fairly small, with the most notable one between
5

We do not know the rate of persistence for the 2016 cohort as our district partner has not yet made NSC
data available for school year 2020-2021. We code this variable as missing for the latter cohort and only use
data for the 2015 cohort when using college persistence as the outcome variable.
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self-management and part-day absenteeism (ρ=-.32). This aligns with prior findings by
Kanopka et al. (2020) and Claro and Loeb (2019), and suggests that for the analytic sample
being studied in our paper, these two sets of metrics overlap somewhat on the underlying
noncognitive skills that they aim to capture.

4

Methods

We estimate linear probability models for each of our three long-run outcomes to compare the
predictive validity of academic behaviors and SEL measures. Specifically, we model student
i in school s and cohort c’s education attainment Yisc as a function of students’ SEL skills
(SELi ), academic behaviors (Behaviori ), demographics and 9th grade GPA (Xi ), school
fixed effects(θs ), cohort fixed effects(φc ), and an idiosyncratic error(isc ):

X

Yisc =

m∈M

βm SELisc,m +

X

βn Behaviorisc,n + β1 Xisc + θs + φc + isc ,

(1)

n∈N

Across all our specifications, we always include student race, gender, special education
status, gifted status, 9th grade GPA, school fixed effects, and cohort fixed effects as baseline
controls. In our initial models, we introduce measures of SEL skills and academic behaviors
separately, before including the metrics simultaneously in a singular model. In this way,
we are able to compare how different sets of noncognitive skill measures change the model’s
predictive power.
We gauge the extent to which a set of noncognitive skills measures change a model’s
predictiveness in two different ways. First following Jackson et al. (2020), we use V ar(F̂ ),
the predicted variance of the predictable impact of a set of noncognitive skills based on
the linear relationship between the noncognitive skills for a student and her educational
attainment. For example, when estimating the predictive validity of SEL skills on long-term
P
outcomes, we estimate Equation (1) and then compute F̂ =
m∈M β̂m SELisc,m . Then,
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by comparing the explained variance across models that include only SEL measures, only
academic behaviors, and both of them, we can assess the relative predictive power between
the two sets of noncognitive metrics on various long-run outcomes.
The second metric we use to gauge predictive validity is the adjusted R-squared value,
the corrected goodness-of-fit measure for linear models after accounting for the number of
independent variables. We expect the two methods will result in similar conclusions, but
the added value of this second metric is the ability to also report the adjusted R-squared
for a model with only baseline controls in Equation (1). This facilitates our evaluation of
various models with additional sets of noncognitive skills and the extent to which adding an
additional set helps improve the explanatory power of the baseline model.

5

Main Results

Table 3 reports our main findings. For each of the three long-term outcomes, we report results
from regressions that first use only 9th grade self-reported SEL skills and academic behaviors
as predictors separately, and then a third model that combines both sets of measures. Below,
we first focus on comparing the collective predictive power of each set of noncognitive skill
measures before we interpret coefficients on individual variables.

5.1

Collective Predictive Power

As discussed in Section 4, we primarily use the predicted variance F̂ for self-reported SEL
skills and academic behaviors on a particular outcome to compare their predictive power.
Figure 1 presents F̂ across different models and outcomes visually. We also use the adjusted
R-squared to corroborate and supplement the findings. First, the SD of the predicted variance is much higher for academic behaviors than self-reported SEL skills, regardless which
long-run outcome we use. The difference is the biggest for high school graduation. Specifically, the SD of the predicted effects has a value of 0.103 when using academic behaviors,
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more than sevenfolds larger than that when using self-reported SEL (0.014). This contrast
is not as strong for postsecondary outcomes, but academic behaviors still exhibit predictive
power two to three times larger than SEL skills.
Second, the predictive power of academic behaviors shrink dramatically when we gradually move to more distant outcomes for student attainment. The pattern is different for
SEL skills. Although still much lower than academic behaviors, SEL skills’ predictive power
is slightly more predictive for postsecondary outcomes than high school graduation. Importantly, taken as a whole, the contribution of measures on noncognitive skill to predicting
postsecondary outcomes is minimal, especially on college persistence. This is most clearly
demonstrated by looking at the adjusted R-squared. Relative to a baseline model that
uses student demographics and GPA to predict college persistence, models with academic
behaviors, SEL skills, or both, show almost identical values for the adjusted R-squared.
Third, across the three outcomes, combining both sets of measures into one model only
increases the collective predictive power marginally compared to a model with just academic
behaviors. Together, these findings suggest that if the goal is to improve the overall predictive power on student education attainment, SEL skills provide little value over academic
behaviors, and academic behaviors are much more predictive for more proximal outcomes
than distant ones, such as college persistence.

5.2

Predictive Validity of Individual Measures

Table 2 presents our main findings when iteratively adding each set of noncognitive skills to
models predicting high school graduation, college attendance, and college persistence. While
this is not a causal analysis, model coefficients on individual SEL or behavioral variables
can help us understand which measures are driving the collective predictive power we have
observed so far.
First, we observe that the point estimates on individual variables are similar in magnitude
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and significance levels in the combined models containing all noncognitive measures (Table 3,
Columns (3), (6), and (9)) as in the respective models containing just one set of noncognitive
skills. This is not surprising, given that the correlations between self-reported SEL skills and
academic behaviors reported in Table 2 were at best modest in magnitude. If anything, the
correlations between SEL skills and academic behaviors should be even smaller compared to
those reported in Table 2, as potential unobservable factors that may manifest in correlations
between two sets of noncognitive skill measures may be accounted for by our baseline controls
for student characteristics and fixed effects.
Additionally, we observe that individual self-reported SEL measures show little to no
significant correlation with all three long-run outcomes, on average. While self-management
and self-efficacy appear to be marginally correlated with college attendance, the magnitude
of the coefficients are small.
Because the four SEL constructs measures are somewhat correlated with each other, we
also predict each outcome using each individual SEL construct separately, conditional on
student demographics and achievement. This allows us to build parsimonious models that
avoid loading potentially collinear constructs into the same model. As shown in Appendix
Table A1, we find that self-management is positively associated with college attendance
and persistence, and that self-efficacy and social-awareness both predict college attendance.
This suggests that some SEL constructs, especially self-management, may be associated with
boosting postsecondary success, but that SEL skills are less correlated with one’s ability to
successfully complete high school graduation requirements.
Generally, we find that academic behaviors exhibit much stronger predictive power on
long-run outcomes relative to SEL skills, with several nuances. First, we find that while the
number of suspensions is negatively correlated with two of the three long-run outcomes, the
associations are not considered statistically significant (Table 3). However, both absenteeism
measures show sizable, negative, and statistically significant coefficients for both high school
graduation and immediate college enrollment, regardless of when they are included in a
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model with or without SEL constructs. These coefficients show diminishing magnitudes and
significance levels as we consider more distant post-secondary outcomes such as persistence.
Notably, the coefficients on part-day absences are always larger in magnitude relative to those
of full-day absences. For the two post-secondary outcomes, this contrast is even stronger,
with coefficients on part-day absences almost double the size of the coefficients on fullday absences. This suggests that more granular measures of academic behaviors, which
might already exist in existing school administrative data systems, can provide more useful
information about student future academic trajectories that is currently not captured by
more crude, commonly used measures such as full-day absences or suspensions.

5.3

Heterogeneity By Achievement

While we find importance nuances on the predictive power of SEL skills and observable academic behaviors in our analytic sample overall, we recognize that the same noncognitive skill
measure might not be equally predictive for students across the achievement distribution.6 .
There are two reasons for this. First, evidence suggests that students of different levels of
academic achievement also have different average levels of noncognitive skills. Low-achieving
students are more likely to be chronically absent and to accrue behavioral infractions relative to their high-achieving peers (Marchbanks III et al., 2015; Balfanz and Byrnes, 2012).
In contrast, high-achieving students miss fewer school days and are much less likely to be
suspended. This could be due to skills that are typically unobservable in the relationship
between behaviors and academic performance, such as having stronger SEL skills. Second,
longer-run outcomes matter in different ways for students at various points of the achievement distribution. Students who are high-achieving in high school are much more likely
to graduate and to aim for higher postsecondary outcomes; therefore, there could exist a
“ceiling” effect on how much additional predictive power the noncognitive skill measures can
6

We also conduct heterogeneity analysis by student race/ethnicity subgroups, but certain racial groups
have too small a sample size that prevents us from drawing precise estimates. We report these estimates in
Appendix Tables A2, A3, and A4 but do not discuss them in the main text
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add. Lower-achieving students may find high school graduation in and of itself a critical
milestone.
To investigate heterogeneity, we replicate the analysis separately for a sample of students
with GPAs below 2.0 and a sample of students with GPAs of 3.0 and higher, and present
these results in Table 4. We again focus on observations of collective predictive power first
by visualizing the SD of predicted variances in Figure 2.
The most salient finding among low-achieving students is that academic behaviors are
extremely predictive of their likelihood of graduating high school: The SD of the predicted
variance for academic behaviors is one order of magnitude larger compared to the counterpart
for SEL skills (0.141 vs. 0.024), and more than three times larger compared to that of
their high-achieving peers (0.141 vs. 0.045). However, when examining models predicting
postsecondary outcomes, we find that the contrast between academic behaviors and SEL
skills for low-achieving students shrinks close to zero. In other words, academic behaviors
are much better predictors than SEL skills of low-achieving students’ high school graduation,
but are just as powerful (or less powerful, in some models) in predicting these students’
college attainment ability. Nonetheless, we observe that the SD of the predicted variance
in SEL skills for low-achieving students is about 50% larger when predicting postsecondary
outcomes than high school graduation, suggesting that the skills and dispositions captured
by SEL skills might play a bigger role for these students’ postsecondary success.
Somewhat surprisingly, academic behaviors are always two to four times more predictive
than SEL skills across all long-run outcomes for the high-achieving student sample. For
instance, when predicting likelihood of high school graduation, the SD of the predicted
variance in a model containing just attendance and suspension measures is 0.045 compared
to 0.010 in a model containing just SEL skills.
Third, we observe that the comparative predictive power of observable academic behaviors varies across student subgroups depending on the long-run outcome of interest. For
example, observable academic behaviors serve as stronger predictors of high school gradua23

tion for low-achieving students than it does for high-achieving students, but they are weaker
predictors of postsecondary outcomes for low-achieving students relative to the same for
high-achieving students. This is a departure from the pattern observed in models containing
SEL skills, where the SDs of the predicted variance are close together in range (between 0.01
and 0.04) regardless of the outcome or achievement-based subgroup of interest.
At the level of individual measures, we again find that absenteeism is far and away the
strongest predictor among all noncognitive skill measures for most models, with a few exceptions. Among high-achieving students, absenteeism measures exhibit consistently negative
and significant coefficients when predicting any of the three outcomes. This, alongside the
considerably large magnitude of the coefficients, suggests that absenteeism is more strongly
associated with these milestones relative to suspensions or SEL skills. On the other hand,
although full- and part-day absences are predictive of the likelihood of high school graduation
among low-achieving students, there is no longer a significant association when examining
postsecondary attainment. Given the low adjusted R2 values in these models, it is feasible
that other unobservable factors better predict postsecondary attainment for this particular
group of students.

6

Conclusion

Cultivating student skills and capacities beyond academic achievement is becoming an increasing priority in education policymaking. However, systematic data collection on such
skills and capacities in school systems is complicated by conceptual ambiguities, measurement
challenges and resource constraints. In this study, we attempt to provide some guidance on
this question by comparing the predictive validity of two sets of most widely used metrics on
noncognitive factors–observable academic behaviors and student self-reported SEL skills–for
high school graduation and postsecondary attainment. Using highly detailed administrative
data on two cohorts of 9th graders from a large and diverse urban school district, we ad-
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vance the prior literature by considering more nuanced academic behaviors, using multiple
proximal and distal outcomes on educational attainment, and evaluating heterogeneity by
student subgroups of interest.
Our findings consistently show much stronger predictive power of academic behaviors
than SEL skills across the three outcomes we consider. Specifically, the SD of predicted
variance of academic behaviors is sevenfolds larger relative to SEL skills for high school
graduation, and two to three times larger for college attendance and persistence. Adding
SEL skills to a model with academic behaviors add little value to improve the percentage of
variance explained for each outcome. At the level of individual measures, we find that partday absenteeism, a more nuanced measure that captures student class-skipping behavior,
demonstrates even stronger predictive power above and beyond full-day absenteeism, a more
commonly used metric in school systems. While self-management and self-efficacy show some
positive correlations with the outcomes we use, they are small and inconsistent. Importantly,
our heterogeneity analysis suggests that academic behaviors are far more important than SEL
skills for low-achieving students to graduate high school, SEL skills are more important for
them to attend and persist in college.
Although our study serves as a useful step toward providing more clarity to the field of
using noncognitive factor measures in education, it has several limitations. First, similar to
other studies, an inherent weakness of using student self-reported SEL skills is that measurement errors can prevent us from drawing the right conclusion (e.g., West et al., 2016;
Duckworth and Yeager, 2015). It is possible that SEL skills might be more predictive than
what we report here if the fundamental issue of reference bias is addressed. Second, we use
a predictive framework to compare different metrics of noncognitive factors, which prevents
us from drawing any causal conclusions. The ability to compare the causal effects of each
noncognitive factor on important student outcomes is critical if the goal is to evaluate which
skill or behavior schools should cultivate and invest on. Third, a fast-growing literature documents how racial bias and other environmental factors can affect the academic behaviors
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we use here, especially suspensions. These complexities limit our ability to draw concrete
conclusions on whether it is the underlying noncognitive skills academic behaviors capture
that are predicting higher education attainment. Lastly, predicting student risks or success
is simply one potential use of these measures. Noncognitive measures are also used to monitor student well-being across time, evaluate the impacts of SEL interventions, and identify
students for additional supports. Future studies should go beyond this approach and consider other applications to enrich the discussion on how to best use the various noncognitive
factors for policymaking.
Nonetheless, our study points to several likely fruitful directions in research and practice.
In particular, our findings start to unveil the untapped potential of developing more finegrained behavioral measures, which are already being collected by school administrative data
systems. Also, our heterogeneity results suggest targeted support on certain noncogntive
factors for student subgroups might be more productive compared with a more uniformed
approach. Our hope is this study will spark more scholarly efforts to build more coherent
frameworks for noncognitive factors and their use in school systems.
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Figures and Tables
Figure 1: Standard Deviation (SD) of Predicted Effects from SEL and/or Academic
Behaviors

Note: Each SD is derived from separate regression models predicting each of the three dependent variables of interest. Covariates include student gender, race/ethnicity, gifted status,
special education status, English Learner status, 9th grade GPA, neighborhood characteristics (unemployment rates, poverty rates, percentage of people with a bachelor degree, and
racial/ethnic composition), school fixed effects, and cohort fixed effects. College attendance
is measured as a binary indicator that equals one if the individual attends a postsecondary
institution within two years of high school graduation. Persistence is measured as a binary indicator that equals one if the individual attends a postsecondary institution for two
consecutive years.
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Figure 2: Standard Deviation of Predicted Effects from SEL or Academic Behaviors, by
Achievement-Specific Subgroups

Note: Each SD is derived from separate regression models predicting each of the three dependent variables, separately by achievement-specific subgroups (GPA< 2 and GPA≥ 3). Models predicting outcomes using both SEL and academic behaviors are omitted from display.
Covariates include student gender, race/ethnicity, gifted status, special education status,
English Learner status, 9th grade GPA, neighborhood characteristics (unemployment rates,
poverty rates, percentage of people with a bachelor degree, and racial/ethnic composition),
school fixed effects, and cohort fixed effects. College attendance is measured as a binary
indicator that equals one if the individual attends a postsecondary institution within two
years of high school graduation. Persistence is measured as a binary indicator that equals
one if the individual attends a postsecondary institution for two consecutive years.
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Table 1: Descriptive Statistics

All Students
Mean
SD
(1)
(2)
Demographics
Female
White
Black
Hispanic
Asian
Other Race/Missing Race
Special Education Flag
Gifted Flag
Academic Behaviors
Full-day Absences
Part-day Absences
Suspended 1+ times
Total Number of Days Suspended
SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness
Educational Attainment
On-Time Graduation
Attended College Immediately After HS
Persistence in 2nd Year of College
N

0.47
0.09
0.10
0.31
0.45
0.05
0.12
0.33

Cohort Year 2015 Cohort Year 2016
Mean
SD
Mean
SD
(3)
(4)
(5)
(6)
0.45
0.09
0.10
0.31
0.45
0.05
0.12
0.34

6.33
16.66
0.02
0.07

(13.08)
(21.30)

4.07
3.72
3.40
3.61
0.74
0.68
0.60
8606

0.49
0.10
0.10
0.30
0.45
0.05
0.11
0.33
(13.35)
(22.23)

(0.68)

6.16
17.60
0.02
0.08

(0.61)
(0.91)
(0.93)
(0.62)

4.08
3.66
3.42
3.62
0.75
0.65
0.60
4424

(12.79)
(20.21)

(0.68)

6.51
15.65
0.02
0.06

(0.59)
(0.88)
(0.93)
(0.61)

4.06
3.78
3.38
3.60

(0.62)
(0.93)
(0.93)
(0.63)

0.74
0.72
N/A
4182

(0.69)

N/A

Notes: Data come from 9th graders who enrolled in the anonymized district in school years 2015
and 2016. Full-day absence is a count variable of instances when total number of class absences
divided by the total number of class meetings equal exactly one, while part-day absence is a count
variable of instances when it equals a value between zero and one (indicating partial attendance).
Descriptive statistics of SEL measures are means of items within each composite in raw scores.
We standardize all the SEL measures at the cohort-grade level in our analysis. Missing values are
treated as zeros.
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Table 2: Pairwise Correlations Between SEL and Observable Behavioral Measures
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Self-Management
Social Awareness
Self-Efficacy
Growth Mindset
Full-day Absences
Part-day Absences
Suspensions

Self-Management
1
0.2398*
0.4460*
0.5335*
-0.1529*
-0.3185*
-0.0997*

Social Awareness

Self-Efficacy

Growth Mindset

Full-day Absences

Part-day Absences

Suspensions

1
0.3298*
0.1953*
-0.0693*
-0.1285*
-0.0457*

1
0.3890*
-0.0844*
-0.1694*
-0.0363*

1
-0.0637
-0.1461*
-0.0793*

1
0.4478*
0.1481*

1
0.2532*

1

Notes: Pairwise correlations. Stars denote significance at p<0.01.

Table 3: Main Results: Predictive Power of SEL Skills and Academic Behaviors
On-Time High School
Graduation
(1)
(2)
(3)
SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness

0.011
(0.008)
0.002
(0.005)
-0.008+
(0.004)
0.006
(0.005)

Academic Behaviors
Number of Suspensions

0.013+
(0.007)
-0.005
(0.006)
0.008
(0.007)
0.007
(0.005)

-0.011
-0.010
(0.009)
(0.009)
-0.074** -0.075**
(0.014)
(0.014)
-0.087** -0.086**

Full-day Absences
Part-day Absences
N
p(F < f )
SD of predicted effects
Adjusted R2
Baseline adjusted R2

0.005
(0.007)
0.005
(0.005)
-0.003
(0.004)
0.006
(0.005)

Immediate College
Attendance
(4)
(5)
(6)

5754
0.147
0.014
0.199

5752
0.000
0.103
0.248
0.197

5752
0.000
0.106
0.249

0.008
(0.005)
-0.003
(0.006)
0.012+
(0.006)
0.007
(0.005)

Persistence in
2nd Year of College
(7)
(8)
(9)
0.014
(0.009)
-0.007
(0.009)
-0.003
(0.010)
0.007
(0.010)

-0.003
-0.003
(0.007)
(0.006)
-0.035** -0.036**
(0.012)
(0.012)
-0.072** -0.070**
5754
0.008
0.022
0.251

5752
0.000
0.071
0.261
0.249

5752
0.000
0.079
0.262

0.012
(0.007)
-0.006
(0.009)
0.000
(0.009)
0.007
(0.009)
0.008
0.008
(0.005) (0.005)
-0.016
-0.017
(0.021) (0.020)
-0.032+ -0.031+

2872
0.089
0.017
0.322

2871
0.129
0.030
0.323
0.322

2871
0.017
0.037
0.323

Notes: Each column reports coefficients from a separate regression model. All measures for
SEL skills and academic behaviors are standardized. All models control for student gender,
race/ethnicity, gifted status, special education status, English Learner status, 9th grade GPA
and neighborhood characteristics which include unemployment rates, poverty rates, percentage
of people with a bachelor degree, and racial/ethnic composition. Baseline adjusted R-squared from
models with the independent variables described above without any SEL skills or academic behaviors. All models also control for school and cohort fixed effects. Standard errors are clustered at
the school-by-cohort level and reported in parentheses. + p<0.10 * p<0.05 ** p<0.01.
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Table 4: Predictive Power of SEL Skills and Academic Behaviors, by GPA Subgroups
On-Time High
School Graduation
GPA < 2
GPA ≥ 3
(1)
(2)
(3)
(4)
SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness

0.027
(0.023)
0.007
(0.019)
-0.004
(0.020)
-0.017
(0.021)
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Academic Behaviors
Number of Suspensions

0.003
(0.013)
-0.057**
(0.019)
-0.078**
(0.017)

Full-day Absences
Part-day Absences

N
p(F < f )
SD(predicted SEL/behavior)
Adjusted R2
Baseline adjusted R2

0.006
(0.005)
-0.006
(0.004)
0.000
(0.006)
0.005
(0.004)

652
0.764
0.024
0.125

652
0.000
0.141
0.184
0.132

Immediate College
Attendance
GPA < 2
GPA ≥ 3
(5)
(6)
(7)
(8)
0.024
(0.017)
-0.024
(0.015)
0.031+
(0.017)
-0.022
(0.017)

-0.033
(0.035)
-0.076**
(0.024)
-0.071**
(0.021)
3922
0.092
0.010
0.078

3921
0.000
0.045
0.103
0.073

0.013
(0.009)
-0.004
(0.007)
0.005
(0.010)
0.009
(0.007)
-0.000
(0.009)
-0.016
(0.016)
-0.027+
(0.015)

652
0.206
0.040
0.031

652
0.237
0.045
0.029
0.025

-0.004
(0.020)
-0.016
(0.021)
0.040+
(0.022)
-0.014
(0.022)
-0.038
(0.052)
-0.110**
(0.029)
-0.115**
(0.020)

3922
0.115
0.022
0.072

Persistence in
2nd Year of College
GPA < 2
GPA ≥ 3
(9)
(10)
(11)
(12)

3921
0.000
0.070
0.093
0.070

0.014
(0.014)
-0.008
(0.010)
-0.013+
(0.007)
0.024+
(0.012)
0.007
(0.005)
0.008
(0.009)
0.006
(0.018)

384
384
0.347
0.514
0.036
0.021
0.067
0.062
0.068

-0.039
(0.055)
-0.115**
(0.038)
-0.135**
(0.029)
1914
0.006
0.030
0.120

1914
0.000
0.064
0.135
0.118

Notes: Each column reports coefficients from a separate regression model. All measures for SEL skills and academic behaviors are standardized. All models
control for student gender, race/ethnicity, gifted status, special education status, English Learner status, 9th grade GPA and neighborhood characteristics
which include unemployment rates, poverty rates, percentage of people with a bachelor degree, and racial/ethnic composition. Baseline adjusted R-squared
from models with the independent variables described above without any SEL skills or academic behaviors. All models also control for school and cohort
fixed effects. Standard errors are clustered at the school-by-cohort level and reported in parentheses. + p<0.10 * p<0.05 ** p<0.01.

Appendix A
Table A1: Regressions Using Individual Noncognitive Skill Measures As Predictors

SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness
Academic Behaviors
Number of Suspensions
Full-day Absences
Part-day Absences
Mean Outcome

(1)
High School Graduation

(2)
Immediate College Attendance

(3)
in 2nd Year of College

0.011
(0.008)
0.003
(0.005)
-0.001
(0.006)
0.008
(0.006)

0.019**
(0.006)
-0.000
(0.006)
0.014*
(0.007)
0.015**
(0.004)

0.015*
(0.006)
-0.005
(0.009)
0.003
(0.009)
0.010
(0.006)

-0.012*
(0.006)
-0.082**
(0.009)
-0.091**
(0.007)
0.879

-0.004
(0.005)
-0.039**
(0.008)
-0.062**
(0.009)
0.679

0.006*
(0.003)
0.003
(0.010)
-0.019
(0.012)
0.655

Notes: Each cell is derived from a separate regression model predicting each dependent variable of interest with
a single SEL skill or observable behavior as a predictor. All measures for SEL skills and academic behaviors are
standardized. All models control for student gender, race/ethnicity, gifted status, special education status, English
Learner status, 9th grade GPA and neighborhood characteristics which include unemployment rates, poverty rates,
percentage of people with a bachelor degree, and racial/ethnic composition. All models also control for school and
cohort fixed effects. Standard errors are clustered at the school-by-cohort level and reported in parentheses. +
p<0.10 * p<0.05 ** p<0.01.
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Table A2: Predictive Power of SEL & Observable Behavioral Measures on High School Graduation by Race/Ethnicity
Asian
(1)
A. SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness

44

B. academic behaviors
Number of Suspensions
Full-day Absences
Part-day Absences
p(F < f )
SD(SEL and behavior)
Adjusted R2
Mean outcome
N

Black
(2)

0.006
(0.008)
-0.005
(0.004)
-0.006
(0.006)
0.004
(0.005)
-0.065*
(0.031)
-0.103**
(0.027)
-0.050**
(0.015)
0.485
0.000
0.009
0.059
0.079
0.124
0.950
2878

(3)

(4)

-0.000
(0.020)
0.034
(0.026)
0.025
(0.029)
-0.009
(0.030)
-0.001
(0.009)
-0.092**
(0.027)
-0.132**
(0.024)
0.091
0.000
0.047
0.203
0.105
0.210
0.688
346

Hispanic
(5)
(6)
0.031+
(0.015)
0.007
(0.012)
-0.024+
(0.013)
0.002
(0.012)
-0.029*
(0.013)
-0.067**
(0.019)
-0.079**
(0.017)
0.238
0.000
0.031
0.116
0.213
0.254
0.773
1309

Other
(7)

(8)

0.022
(0.028)
-0.014
(0.022)
-0.007
(0.031)
0.003
(0.024)
-0.002
(0.026)
-0.157**
(0.048)
-0.024
(0.033)
0.766
0.000
0.024
0.111
0.141
0.202
0.849
278

(9)

White
(10)

0.014
(0.022)
-0.026
(0.015)
0.009
(0.022)
0.017
(0.020)
0.029
(0.023)
-0.056
(0.050)
-0.083*
(0.040)
0.026
0.037
0.035
0.073
0.195
0.220
0.879
513

Notes: Each column reports coefficients from a separate regression model. All measures for SEL skills and academic behaviors are
standardized. All models control for student gender, race/ethnicity, gifted status, special education status, English Learner status,
9th grade GPA and neighborhood characteristics. Baseline adjusted R-squared from models with the independent variables described
above without any SEL skills or academic behaviors. All models also control for school and cohort fixed effects. Standard errors are
clustered at the school-by-cohort level and reported in parentheses. + p<0.10 * p<0.05 ** p<0.01.

Table A3: Predictive Power of SEL & Observable Behavioral Measures on College Attendance, by Race/Ethnicity
Asian
(1)
A. SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness

(2)

0.006
(0.010)
-0.003
(0.008)
0.045**
(0.011)
-0.008
(0.009)
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B. Academic Behaviors
Number of Suspensions

Part-day Absences

0.002
0.044
0.180

(3)

(4)

0.011
(0.017)
0.008
(0.020)
0.027
(0.018)
0.024
(0.026)
-0.046+
(0.025)
-0.119**
(0.033)
-0.012
(0.035)

Full-day Absences

p(F < f )
SD(SEL and behavior)
Adjusted R2
Mean Outcome
N

Black

0.000
0.052
0.181
0.612
2878

Hispanic
(5)
(6)
0.030**
(0.010)
0.006
(0.014)
0.004
(0.009)
-0.001
(0.010)

0.003
(0.005)
0.006
(0.019)
-0.021
(0.018)
0.029
0.718
0.053
0.022
0.244
0.230
0.194
346

(7)

(8)

0.001
(0.032)
-0.035
(0.024)
0.049
(0.033)
-0.006
(0.032)
0.009
(0.009)
-0.001
(0.015)
-0.035**
(0.011)

0.022
0.033
0.252

Other

0.026
0.034
0.251
0.266
1309

White
(9)
(10)
0.004
(0.030)
0.015
(0.027)
-0.008
(0.022)
0.026
(0.024)

0.063
(0.040)
-0.034
(0.039)
-0.005
(0.030)
0.398
0.345
0.049
0.047
0.251
0.253
0.421
278

0.021*
(0.008)
-0.056
(0.051)
-0.035
(0.032)
0.353
0.039
0.032
0.046
0.234
0.237
0.561
513

Notes: Each column reports coefficients from a separate regression model. All measures for SEL skills and academic behaviors
are standardized. All models control for student gender, race/ethnicity, gifted status, special education status, English Learner
status, 9th grade GPA and neighborhood characteristics. Baseline adjusted R-squared from models with the independent variables
described above without any SEL skills or academic behaviors. All models also control for school and cohort fixed effects. Standard
errors are clustered at the school-by-cohort level and reported in parentheses. + p<0.10 * p<0.05 ** p<0.01.+ p<0.10 * p<0.05
** p<0.01.

Table A4: Predictive Power of SEL & Observable Behavioral Measures on Persistence, by Race/Ethnicity
Asian
(1)
A. SEL Skills
Self-Management
Growth Mindset
Self-Efficacy
Social Awareness
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B. Academic Behaviors
Number of Suspensions
Full-day Absences
Part-day Absences

p(F < f )
SD(SEL and behavior)
Adjusted R2
Mean Outcome
N

Black
(2)

0.010
(0.009)
-0.003
(0.006)
0.016*
(0.007)
-0.000
(0.004)

(3)

(4)

-0.003
(0.013)
-0.018
(0.012)
0.027*
(0.011)
0.004
(0.017)
-0.002
(0.037)
-0.042
(0.029)
-0.011
(0.015)

0.100
0.210
0.022
0.020
0.461
0.461
0.302
1499

0.009
(0.007)
0.002
(0.008)
0.013**
(0.005)
-0.015
(0.009)
0.003
(0.002)
0.005
(0.0121)
-0.015
(0.010)

0.036
0.027
0.138

Hispanic
(5)
(6)

0.404
0.016
0.132
0.066
171

Other
(7)

White
(8)

0.014
(0.021)
-0.037
(0.029)
0.048*
(0.023)
-0.009
(0.012)
0.004
(0.006)
0.001
(0.009)
-0.007
(0.005)

0.080
0.573
0.017
0.006
0.228
0.226
0.105
622

(9)

(10)

-0.029
(0.019)
0.027
(0.018)
-0.007
(0.015)
0.041**
(0.014)
0.003
(0.020)
0.010
(0.029)
0.032
(0.022)

0.250
0.456
0.053
0.034
0.379
0.371
0.205
135

-0.000
(0.011)
-0.019
(0.027)
0.003
(0.024)
0.003
0.901
0.044
0.009
0.475
0.466
0.267
254

Notes: Each column reports coefficients from a separate regression model. All measures for SEL skills and academic behaviors
are standardized. All models control for student gender, race/ethnicity, gifted status, special education status, English Learner
status, 9th grade GPA and neighborhood characteristics. Baseline adjusted R-squared from models with the independent variables
described above without any SEL skills or academic behaviors. All models also control for school and cohort fixed effects. Standard
errors are clustered at the school-by-cohort level and reported in parentheses. Sample only includes initial year of 9th grade cohorts.
+ p<0.10 * p<0.05 ** p<0.01.

Appendix B
Student SEL Skills Survey Items
Self-Management
Please answer how often you did the following during the past 30 days. During the past 30
days.
(Almost Never, Once in a While, Sometimes, Often, Almost All the Time)
1. I came to class prepared.
2. I remembered and followed directions.
3. I got my work done right away instead of waiting until the last minute.
4. I paid attention, even when there were distractions.
5. I stayed calm even when others bothered or criticized me.
Growth Mindset
In this section, please think about your learning in general. Please indicate how true each
of the following statements is for you:
(Not At All True, A Little True, Somewhat True, Mostly True, Completely True)
1. I can change my intelligence with hard work.
2. I can increase my intelligence by challenging myself.
3. I am capable of learning anything.
4. I can do well in a subject even if I am not naturally good at it.
Self-Efficacy
How confident are you about the following (either at school or online)?
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(Not At All Confident, A Little Confident, Somewhat Confident, Mostly Confident, Completely Confident)
1. I can earn an A in my classes.
2. I can do well on all my tests, even when they’re difficult.
3. I can master the hardest topics in my classes.
4. I can meet all the learning goals my teachers set.
Social Awareness
In this section, please help us better understand your thoughts and actions when you are
with other people in person or online. Please answer how often you did the following during
the past 30 days. During the past 30 days. . .
1. How carefully did you listen to other people’s points of view? (Not Carefully At All,
Slightly Carefully, Somewhat Carefully, Quite Carefully, Extremely Carefully)
2. How often did you compliment others’ accomplishments? (Almost Never, Once in a
while, Sometimes, Often, Almost all the time)
3. How well did you get along with students who are different from you? (Did Not Get
Along At All, Got Along A Little Bit, Got Along Somewhat, Got Along Pretty Well,
Got Along Extremely Well)
4. How clearly were you able to describe your feelings? (Not At All Clearly, Slightly
Clearly, Somewhat Clearly, Quite Clearly, Extremely Clearly)
5. When others disagreed with you, how respectful were you of their views? (Not At All
Respectful, Slightly Respectful, Somewhat Respectful, Quite Respectful, Extremely
Respectful)
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